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Introduction
Ontology matching is a key interoperability enabler for the Semantic Web since
it takes the ontologies as input and determines as output correspondences between the semantically related entities of those ontologies. These correspondences can be used for various tasks, such as ontology merging, query answering, data translation, or for navigation on the Semantic Web. Thus, matching
ontologies enables knowledge and data expressed in the matched ontologies to
interoperate.
The workshop had two goals:
• To bring together academic and industry leaders to assess how academic
advances are addressing real world requirements. The workshop strives
to improve academic awareness of industrial needs, and therefore, direct
research towards those needs. Simultaneously, the workshop serves to
inform industry representatives about existing research eﬀorts that may
meet their business needs. Moreover, it is central to the aims of the
workshop to evaluate how technologies for ontology matching are going to
evolve, which research topics are in the academic agenda and how these
can ﬁt emerging business issues.
• To conduct an extensive evaluation of ontology matching approaches via
the OAEI (Ontology Alignment Evaluation Initiative) 2006 campaign,
http://oaei.ontologymatching.org/2006. The particular focus of this
year’s OAEI campaign is on real world matching tasks from speciﬁc domains, such as medicine, food. Therefore, the ontology matching evaluation initiative itself provides a solid ground for discussion of how well the
current approaches are meeting business needs.
We received 22 submissions for the technical track of the workshop. The program committee selected 6 submissions for oral presentation and 11 submissions
for poster presentation. Ten matching systems participated in this year’s OAEI
campaign. Amit Sheth (University of Georgia and Semagix) gave a keynote
address at the workshop. Further information about the Ontology Matching
workshop can be found at: http://om2006.ontologymatching.org/.

i

Acknowledgments. We thank all members of the program committee, authors, keynote speaker and local organizers for their eﬀorts. We appreciate
support from the Knowledge Web FP6 Network of Excellence.

Pavel Shvaiko
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Jérôme Euzenat, INRIA Rhône-Alpes, France
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Using the Semantic Web as Background
Knowledge for Ontology Mapping
Marta Sabou, Mathieu d’Aquin, and Enrico Motta
Knowledge Media Institute (KMi)
The Open University, Milton Keynes, United Kingdom
{r.m.sabou, m.daquin, e.motta}@open.ac.uk

Abstract. While current approaches to ontology mapping produce good
results by mainly relying on label and structure based similarity measures, there are several cases in which they fail to discover important
mappings. In this paper we describe a novel approach to ontology mapping, which is able to avoid this limitation by using background knowledge. Existing approaches relying on background knowledge typically
have one or both of two key limitations: 1) they rely on a manually selected reference ontology; 2) they suﬀer from the noise introduced by
the use of semi-structured sources, such as text corpora. Our technique
circumvents these limitations by exploiting the increasing amount of semantic resources available online. As a result, there is no need either
for a manually selected reference ontology (the relevant ontologies are
dynamically selected from an online ontology repository), or for transforming background knowledge in an ontological form. The promising
results from experiments on two real life thesauri indicate both that our
approach has a high precision and also that it can ﬁnd mappings, which
are typically missed by existing approaches.
Keywords: ontology mapping, background knowledge, semantic web

1

Introduction

Ontology mapping techniques are essential for building semantic bridges between
ontologies. However, current approaches suﬀer from a number of problems. First
of all, most approaches do not provide a formal semantics to the mapping structures they produce1 . As a result it is diﬃcult for reasoners to make use of these
structures, e.g., to answer queries across ontologies [9]. More importantly, current approaches to ontology mapping [11, 13] heavily rely on string-based and
structure-based similarity measures. While these techniques can produce good
results, there are also numerous examples in which they fail to ﬁnd mappings.
A few approaches [1, 14, 15] have considered the use of external background
knowledge as a way to obtain semantic mappings between syntactically dissimilar
ontologies, i.e., to overcome the aforementioned limitations. However, obtaining
the right background knowledge is problematic. Some approaches rely on richly
1

A notable exception is the CtxMatch/S-Match algorithms (see Section 2.1).

1

axiomatized domain ontologies [1], but unfortunately such ontologies do not exist in all domains and even when they exist, they are unlikely to cover all the
intended mappings between the input ontologies. In addition, there are scenarios
where it is not possible to select the relevant ontology in advance. For instance,
in Semantic Web applications like PowerAqua [9], the domains of the terms to
be mapped cannot be determined a priori and whatever background knowledge
is needed, must be identiﬁed dynamically and in real-time. To avoid the problems associated with the manual selection of an ontology, other techniques try
to derive the required background knowledge from weakly structured textual
sources [15]. However, given the current limitations in information extraction
technology, they then suﬀer from the resulting noise.
The recent growth of the Semantic Web has resulted in an increased amount
of online available semantic data and has led to the ﬁrst search engine to exploit
this data, Swoogle [5]. Our hypothesis is that ontology mapping, while trying to
cope with the heterogeneity of the Semantic Web, could actually exploit it. In
other words, online available ontologies could provide the background knowledge
sources, which are needed to support ontology mapping and to overcome the
problems mentioned above. On the one hand, they can be selected dynamically,
thus circumventing the need for an a priori, manual ontology selection. On the
other hand, by relying on semantic sources, we avoid the inherent noise caused
by information extraction based methods.
In this paper we build on these ideas and we describe an approach to ontology
mapping which goes beyond similarity-based algorithms by dynamically locating
and using relevant background knowledge (Section 3). Since our method derives
mappings between pairs of concepts, it can be used to map semantic structures
ranging from shallow thesauri to clearly formalized ontologies. We start by discussing in detail the importance of background knowledge in ontology mapping.

2

Motivation

We discuss two major limitations of current ontology mapping approaches that
only rely on label and structure similarity (i.e., syntactic approaches), namely
that they don’t provide semantic mappings (Section 2.1) and that they fail to
discover some correct mappings when the mapped ontologies are syntactically
dissimilar (Section 2.2). We then point out that while the use of background
knowledge can be a solution to these limitations, existing approaches using such
knowledge have their shortcomings (Section 2.3).
2.1

Syntactic Approaches Do Not Provide Semantic Mappings

Semantic Web tools, such as PowerAqua, which wish to reason on the results
of mapping techniques require that the discovered mappings are expressed as
semantic relations between the entities of the ontologies. Formal mapping languages, such as C-OWL [2], envision a wide range of semantic relations that can
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hold between the entities of two ontologies (e.g., narrower, disjoint). However,
few existing mapping techniques are able to discover such semantic mappings.
An analysis of the state of the art of mapping systems presented in [13]
explains to some extent the lack of approaches that can provide semantic mappings. The major factor seems to be that most systems combine a range of
non-semantic techniques, such as terminological approaches (exploiting string
similarity between labels), structural approaches (relying on the structure of
the mapped ontologies), and extensional approaches (mapping concepts on the
basis of shared instances). Only few systems rely on semantic techniques (also
called model based approaches in [13]), thus exploiting the semantics both of
the mapped ontologies, and the mapping language, to infer mappings from the
available knowledge. As a result, during the last Ontology Alignment Contest
(OAC) [6] only one algorithm (CtxMatch [3]) was able to produce partial semantic mappings in the form of subconcept relations. The other techniques produce
conﬁdence based mappings that are derived by aggregating the output of terminological and structural algorithms. Unfortunately, this kind of low semantic
(quantitative) relations are diﬃcult to interpret and to exploit in reasoning procedures. On the contrary, semantic techniques should produce meaningful relations
between the mapped entities, on which further reasoning can be applied. They
should focus on qualitatively good mappings that can be justiﬁed and explained
through the knowledge and inferences used to deduce them.
2.2

Syntactic Approaches Fail on Dissimilar Ontologies

As already observed by [1], traditional methods fail when there is little lexical
overlap between the labels of the ontology entities, or when the ontologies have
weak or dissimilar structures. This observation has been veriﬁed to some extent
in the last OAC [6]. In the ﬁrst task of this contest where a base ontology was
mapped to its systematically modiﬁed versions, the performance of most methods decreased signiﬁcantly in the test cases where important changes have been
performed to the labels and structures of the ontologies (tests 250 - 266). In
fact, traditional techniques are based on the hypothesis of an equivalence between some forms of syntactic correspondences and semantic relations. While it
is true that, in many cases, string and structural similarities can imply meaningful mappings, this hypothesis is far from being always veriﬁed. For instance, the
relation between the concepts Beef and Food may not be discovered on the basis
of syntactical considerations, but becomes obvious when considering the meaning of these concepts (their semantics). By ignoring such semantics, syntactic
techniques fail to identify several important mappings.
2.3

How is Background Knowledge Currently Used?

The previous sections suggest that the meaning of the mapped concepts should
be considered to discover meaningful and syntactically unidentiﬁable mappings.
Unfortunately, while meaning on the Semantic Web is expressed using ontologies,
in the case of ontology mapping, the constituents of a mapping can only be given
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meaning in the context of their own distinct ontology, which cannot cover both
the source and target elements, as well as the relation linking them. In other
words, a semantic mapping between two ontologies could only be interpreted in
a larger domain than the ones of these ontologies. Therefore, in order to achieve
semantic mapping, the integration of external knowledge is required as a way to
cover both input ontologies and to ﬁll the semantic gap between them. So far
the following types of background knowledge have been used in mapping:
1. WordNet is one of the most often used sources of background knowledge. For
example, CTxMatch [3] (and its follow-up, SMatch [7]) translates ontology labels
into logical formulae between their constituents, and maps these constituents to
corresponding senses in WordNet. A SAT solver is then used to derive semantic
mappings between the diﬀerent concepts. This approach has been recently extended to handle the problem of missing background knowledge [8]. The lack of
knowledge is detected and compensated during the mapping process, using techniques still relying on WordNet as a source of knowledge. When using WordNet,
it is important to be aware that it is a lexical resource (rather than a truly semantic resource), relating terms by using terminological relations like synonymy
or hypernymy. Therefore, it can be seen as a source of linguistic knowledge,
useful in relating labels during the terminological step of a matching procedure.

(a)

(b)

(c)

Fig. 1. Using ontologies as background knowledge for semantic mapping: (a) using a
manually selected reference ontology (e.g., [1]); (b) using Swoogle to ﬁnd the appropriate ontologies (S1) (c) recursively exploiting multiple ontologies (S3).

2. Reference Domain Ontologies. Another approach is to rely on a reference
domain ontology as a semantic bridge between two ontologies. In [1], the authors
experimentally prove that state of the art matchers fail to satisfactorily match
two weakly structured vocabularies of medical terms. As a solution, they propose
to use the DICE ontology as a source of background knowledge. Terms from the
two vocabularies are ﬁrst mapped to so called anchor terms in DICE and then
their mapping is deduced based on the semantic relation of the anchor terms (see
Figure 1(a)). As such, the obtained mappings can describe a larger variety of
semantic mappings between terms, not just equivalence. Similarly, [14] presents
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a case study in the medical domain where mappings between two ontologies are
inferred from manually established mappings with a third ontology, and by using
the reasoning mechanisms permitted by the C-OWL language.
The advantage of these approaches is that they use richly axiomatized ontologies as background knowledge and therefore guarantee the semantic nature
of the mappings. However, a weakness is that the appropriate reference ontology needs to be manually selected prior to mapping. As already pointed out,
in many scenarios this approach is unfeasible as we might not know in advance
which terms from which ontologies we may want to map. Even in the cases where
a reference ontology can be manually selected prior to performing the mapping,
there is no guarantee that such an ontology actually exists.
3. Online textual resources can provide an important source of background
knowledge. van Hage et. al [15] rely on the combination of two “linguistic ontology mapping techniques” that exploit online available textual sources to resolve
mappings between two thesauri in the food domain. On the one hand, they use
Google to determine subclass relationships between pairs of concepts using the
Hearst pattern based technique introduced by the PANKOW system [4]. On the
other hand, they exploit the regularities of an online cooking dictionary to learn
hypernym relations between concepts of the source and target ontologies.
The strength of this approach is that it reduces the high cost of establishing adequate background knowledge. Indeed, the background knowledge sources
are dynamically discovered and used [15]. There is no need for a manual and
domain dependent ontology selection task prior to mapping. The drawback is
that the right knowledge has to be extracted ﬁrst. However, knowledge extraction techniques generally lead to considerable noise and so, reduce the quality of
the mapping (e.g., Mayonnaise  Cold ). Therefore, without human validation,
online texts cannot be considered as reliable semantic resources.
We conclude that the use of background knowledge overcomes the major
limitations of syntactic approaches: it allows obtaining semantic relations even
between dissimilar ontologies. However, existing approaches either 1) rely on an
a priori selected reference ontology or, if they acquire knowledge dynamically, 2)
suﬀer from the noise introduced by knowledge extraction techniques. As a result,
they are not suitable for use by novel Semantic Web tools, such as PowerAqua,
which require both that the returned mappings are semantically sound and that
the relevant background knowledge is dynamically selected, at run-time. In the
next section we describe an approach that fulﬁlls these requirements.

3

Using The Semantic Web as Background Knowledge

Our hypothesis is that the growing amount of online available semantic data
which makes up the Semantic Web can be used as a source of background knowledge in ontology mapping in a way that satisﬁes the requirements identiﬁed in the
previous section. Indeed, this large-scale, heterogeneous semantic data collection
provides formally speciﬁed knowledge which is likely to be less faulty than that
derived from textual sources and therefore lead to better mappings. Moreover,
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the size and heterogeneity of the collection makes it possible to dynamically select and combine the appropriate knowledge and to avoid the manual selection of
a single, large ontology. In the following we investigate increasingly sophisticated
approaches to discover and exploit online available ontologies for mapping. We
also provide experimental evidence that such mappings can be obtained.
Experimental Data. We have used the dataset described in [15] for our experiments. In their work, van Hage et al. compare the UN FAO’s AGROVOC2 and
the USDA Nutrient Database for Standard Reference, release 16 (SR-16)3 thesauri. Their mapping techniques are veriﬁed on a subset of these thesauri. Two
modules are selected from AGROVOC one describing food types (A-Food, 21
concepts), the other describing animal products (A-Animal, 88 concepts). These
are compared against one module of SR-16 describing meat products (SR-Meat,
24 concepts). Together with the terms (concept names) of these modules, the
authors provided us with manually established alignments. The 32 mappings
from A-Food to SR-Meat and the 31 mappings from A-Animal to SR-Meat are
used here as gold standards for validating the results of our technique.
Implementation Details. We explore our idea by implementing diﬀerent mapping strategies on top of the Swoogle’05 ontology search engine [5]. Swoogle
crawls and indexes a large amount of semantic metadata available online and as
such allows access to a large part of the Semantic Web.
Notations. Each strategy takes two candidate concept names (A and B) as
an input and returns the discovered mapping between them. The corresponding
concepts in the selected ontology are A’ and B’ (“anchor terms”). We rely on
the description logic syntax for semantic relations occurring between concepts
in an ontology, e.g., A’  B’ means that A’ is a sub-concept of B’ in a selected
ontology and A’ ⊥ B’ means that A’ and B’ are disjoint. The returned mappings

⊥
are expressed using C-OWL [2] like notations, like A −→ B or A −→ B.
3.1

S1: Mappings Based on One Ontology

Our simplest strategy consists in using Swoogle to ﬁnd ontologies containing
concepts with the same names as the candidate concepts and to derive mappings
from their relationship in the selected ontologies. Figure 1(b) illustrates this
strategy with an example where three ontologies are discovered containing the
concepts A’ and B’ with the same names as A and B. The ﬁrst ontology contains
no relation between the anchor concepts, while the other two ontologies contain
a subsumption relation. The concrete steps of this strategy are:
1. Select ontologies containing concepts A’ and B’ corresponding to A and B;
2. For each resulting ontology:
≡
– if A’ ≡ B’ then derive A −→ B;

– if A’  B’ then derive A −→ B;

– if A’  B’ then derive A −→ B;
2
3

http://www.fao.org/agrovoc
http://www.nal.usda.gov/fnic/foodcomp/Data/SR16/sr16.html
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– if A’ ⊥ B’ then derive A −→ B;
3. If no ontology is found, no mapping is derived;
Even if this strategy seams simple, it leads to several implementation choices,
depending on the relative importance given to time performance and accuracy
of the mapping mechanism:
Stop when the ﬁrst mapping is found. In its simplest version, the algorithm would stop as soon as a mapping is discovered. This is the easiest way to
deal with the multiple returned ontologies but it assumes that the ﬁrst discovered relation can be trusted and there is no need to inspect the other ontologies.
Note that the ﬁrst ontology returned by Swoogle does not necessarily contain a
relation between the candidate concepts (like in the example Figure 1(b)). Here
we use the ﬁrst ontology containing such a relation, but, in another implementation, it could be considered that if an ontology covers the candidate concepts
without relating them, then no mapping should be derived.
Dealing with contradictions. Instead of relying on the information provided by only one ontology as before, we can envisage to combine the results obtained using all the selected ontologies. Mappings resulting from diﬀerent sources


can be diﬀerent (e.g., A −→ B and A −→ B), or, in the worst case, inconsistent


⊥

(e.g., A −→ B and A −→ B). Several ways of dealing with these contradictions
can be considered: we can keep all the mappings (favoring recall), only keep
mappings without contradiction (favoring precision), keep the mappings that
are derived from most of the ontologies, or try to combine the results (e.g., by
≡





deriving A −→ B from A −→ B and A −→ B). In any case, combining the results
from several ontologies is more time consuming (but more reliable) than deriving
it from a single ontology.
Considering a particular level of inferences. In the simplest implementation, we can rely on direct and declared relations between A’ and B’ in the
selected ontology. But, for better results, indirect and inferred relations should
also be exploited (e.g., if A’  C and C ⊥ B’, then A’ ⊥ B’). Diﬀerent levels
of inferences can be considered (no inference, basic transitivity, DL reasoning),
each of them representing a particular compromise between the performance of
mapping and the completeness of the result.
Experimental results. For our experiments, we implemented this ﬁrst strategy
using basic transitivity reasoning (i.e., taking into account all parents of A’ and
B’) and stopping as soon as a relation was found.
A-Food vs. SR-Meat: We obtained three mappings for these term sets:

Beef, P ork, P oultry −→ F ood. All mappings were derived from the Tap ontology4 , where, for example, Beef  ReadM eat  M eatOrP oultry  F ood.
A-Animal vs. SR-Meat: For these hierarchies, our implementation yielded in

a single mapping, Bacon −→ P ork, which can be found as is in Tap.
Analyzing our results, we discovered that a key factor in the eﬃciency of
our approach is the level to which the candidate terms are covered by Swoogle.
4

http://139.91.183.30:9090/RDF/VRP/Examples/tap.rdf
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Indeed, comparing our results to the gold standard mappings, we observed that
24 out of 32 for A-Food vs. SR-Meat (and 20 out of 31 for A-Animal vs. SRMeat) involve concepts that do not exist in any ontology known to Swoogle
(e.g., GuineaHen, Quail, Squab). Our experiments are quite strict with respect
to ﬁnding anchor terms for the candidate concepts: only concepts with identical
names are considered. In the next section we suggest ways to reduce this problem.
3.2

S2: Extending Swoogle’s Coverage

In order to discover more ontologies that cover the candidate concepts, the process of ﬁnding anchor terms must be more ﬂexible. This ﬂexibility can be achieved
by considering the following techniques:
A. String normalization. Diﬀerences between concept names can be based
on simple diﬀerences in naming conventions (e.g., T U RKEY BREAST and
T urkeyBreast). Most mapping mechanisms use string normalization techniques,
that consist in transforming strings into a standard form before comparison. Our
ontology selection relies on such mechanisms as well.
B. Dealing with compound names. Compound names are particularly
diﬃcult to match as they are likely to appear under slightly diﬀerent forms.
Several mapping techniques suggest to be more ﬂexible when searching for compound terms and to allow for:
Diﬀerent order of the constituents. For example, the term T urkeyRoast
does not appear in Swoogle, but RoastT urkey does.
Additional constituents. For example, T urkeyBreast is not covered but
T urkeyM eatBreast (which additionally contains M eat) is.
Less constituents. Some compound terms are only partially covered. For example, M eatP roduct does not exist in Swoogle, but M eat does.
Such a ﬂexible matching is also used when discovering anchor terms in the work
of Aleksovski et al. [1]. However, while the examples given above are semantically equivalent, automatically identifying lexically diﬀerent but semantically
equivalent compound terms is a diﬃcult task.
B. Exploiting semantic relations between terms. Semantic relations
such as synonymy can be used to replace terms with their semantic equivalents.
A good source for synonymy information is WordNet. However, the drawbacks
of WordNet are that it is diﬃcult to get relevant synonyms unless the sense of
the term is known a priory and that compound terms are weakly covered.
Experimental results. Just to prove the point that extended coverage can
have a signiﬁcant eﬀect on the obtained mappings, we rerun our experiments
by replacing some terms with their syntactic approximates. We
replaced T urkeyRoast with RoastT urkey (SR-Meat), T urkeyBreast with
T urkeyM eatBreast (SR-Meat) and, M eatP roduct with M eat (A-Animal).


A-Food vs. SR-Meat: We obtained that RoastT urkey −→ P reparedF ood

and RoastT urkey −→ F ood because RoastT urkey  T urkeyDish  P oul
tryDish  M eatDish  P reparedF ood  F ood. Also, T urkeyM eatBreast −→
F ood. All mappings were derived from Tap.
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A-Animal vs. SR-Meat: We obtained three extra mappings: Beef −→ M eat5 ,


Ham −→ M eat6 and P ork −→ M eat7 .
Increasing the coverage of the mapped terms by replacing them with semantically similar variants leads to more mappings. However, another problem
comes from the fact that both candidate concepts might not appear in a single
ontology, even if each of them appears by itself in many ontologies. Therefore,
another way to obtain more mappings is to extend the matching strategy to
combine information derived from multiple ontologies, as detailed next.
3.3

S3: Cross-Ontology Mapping Discovery

The previous strategies (S1 and S2) assume that a semantic relation between
the candidate concepts can be discovered in a single ontology. However, some
relations could be distributed over several ontologies. Therefore, if no ontology is
found that relates both candidate concepts, then the mappings should be derived
from two (or more) ontologies. In this strategy, mapping is a recursive task where
two concepts can be mapped because the concepts they relate in some ontologies
are themselves mapped (Figure 1(c)):
1. If no ontologies are found that contain both A and B then select all ontologies
containing a concept A’ corresponding to A;
2. For each of the resulting ontologies:
(a) for each C such that A’  C, search for mappings between C and B;
(b) for each C such that A’  C, search for mappings between C and B;
(c) derive mappings using the following rules:




≡



⊥

⊥





≡



– (r1) if A’  C and C −→ B then A −→ B
– (r2) if A’  C and C −→ B then A −→ B
– (r3) if A’  C and C −→ B then A −→ B
– (r4) if A’  C and C −→ B then A −→ B
– (r5) if A’  C and C −→ B then A −→ B
In this strategy, steps (a) and (b) can be ran in parallel and stopped when
one of them is able to establish a mapping. These two steps correspond to the
recursive part of the algorithm. The task of searching for mappings between C
and B can be realized using one of our three strategies.
Experimental results. We have implemented this algorithm by using the ﬁrst
mapping strategy (S1) in the recursive part.
A-Food vs. SR-Meat: By combining information available in diﬀerent on
tologies, we obtained that Chicken, Duck, Goose, T urkey −→ F ood because
8
they are subclasses of P oultry in some ontologies and P oultry  F ood in
5
6
7
8

http://reliant.teknowledge.com/DAML/Mid-level-ontology.daml
http://www.pizza-to-go.org/ontology
http://reliant.teknowledge.com/DAML/Economy.daml
e.g., http://reliant.teknowledge.com/DAML/Mid-level-ontology.daml

9



Tap (r1). We also discovered that Ham −→ F ood because Ham  M eat and
⊥

M eat  F ood in SUMO9 (r1). Finally, we found that Ham −→ Seef ood because
Ham  M eat and M eat ⊥ Seaf ood10 (r3).
A-Animal vs. SR-Meat: Because Beef, Ham, P ork  M eat and
⊥
M eat ⊥ Seaf ood we derive that Beef, Ham, P ork −→ Seaf ood (r3). Note that
incompatibility mappings are not speciﬁed in the gold standard.

4

Conclusions

The aim of this paper was to show the feasibility and the potential advantages
of using automatically selected online ontologies as background knowledge for
semantic mapping. As Table 1 shows, our experiments on two real life examples
have provided promising results, which are consistent with our idea of semantic
mappings, as discussed in Section 2. In particular, the output of our algorithm
provides mappings, which i) are expressed in terms of semantic relations (subsumption, disjunction); ii) rely on semantics, as expressed in external ontologies;
and iii) in many cases would have not been discovered by syntactic techniques
(e.g., because the strings denoting similar concepts are very diﬀerent).
Mappings
A-Food vs. SR-16
S1
S2

A-Animal vs. SR-16





Beef, P ork, P oultry −→ F ood

Bacon −→ P ork

RoastT urkey −→ F ood, P reparedF ood

Beef, Ham, P ork −→ M eat







T urkeyM eatBreast −→ F ood
S3





Total

⊥

Chicken, Goose, T urkey, Duck −→ F ood Beef, Ham, P ork −→ Seaf ood*
⊥

Ham −→ F ood; Ham −→ Seef ood*
11 (+1*)

4 (+3*)

Table 1. Discovered mappings. Marked mappings* do not exist in the Gold Standard.

Note that the technique presented here is not meant to be used in isolation, as
an alternative to current approaches. On the contrary, we plan to integrate our
technique with “syntactic” techniques, to develop a robust and comprehensive
ontology mapping method. For this reason it is diﬃcult to provide a detailed
comparison with other approaches, using standard measures of precision and
recall. Because our technique is meant to enhance, rather than replace existing
methods, it scores very highly on precision but relatively low on recall, about
30% on the test case provided by [15] (low recall is due to the fact that many
concepts are not covered by any online ontology). Having said so, we should
also emphasize that some of the mappings our system is able to discover are not
even covered by the Gold Standard deﬁned in [15], which is an indication of the
greater range of mapping possibilities provided by our approach.
9
10

http://reliant.teknowledge.com/DAML/SUMO.owl
http://ontolingua.stanford.edu/doc/chimaera/ontologies/wines.daml
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The broader context of our work is one of providing meaningful mappings
that can be used by the next generation of Semantic Web applications [10] to
reason over multiple ontologies. Hence, in contrast with most existing work on
ontology mapping, we are interested in developing an approach which can be
used by systems that need to create mappings dynamically and in real time to
make use of the large scale semantics available on the Web. This aspect still
needs to be evaluated using appropriate experimental settings and criteria.
Another goal of this paper was to identify some of the research issues brought
up by the innovative aspects of our technique. The ﬁrst innovative aspect is that
appropriate background knowledge is automatically selected from the variety of
ontologies available on the Semantic Web. As a result, important issues for us
concern i) the current level of semantic coverage of the Semantic Web and ii) the
quality of the tools that give access to it. Regarding the second point, although
Swoogle [5] is by far the most advanced ontology search engine available today,
it is still rather limited with respect to supporting our needs to exploit online
ontologies dynamically and in real time. Among other things, we need better
query facilities, a richer set of relations between ontologies (at the very least to
quickly discard duplicate ontologies), and other ranking mechanisms in addition
to popularity. Regarding the current level of coverage on the Semantic Web, our
previous work [12] indicated a knowledge sparseness phenomenon: some domains
are well covered by existing ontologies (e.g., academic research and medicine),
while others are not covered at all. This phenomenon has a direct inﬂuence on
our method as coverage of a domain is a prerequisite for successfully mapping
ontologies in this domain. Having said so, there is evidence that the Semantic
Web is rapidly growing and, as a result, our method will be able to perform better
and better, simply by taking advantage of the improved semantic coverage.
The second innovative aspect of our technique, that of combining facts from
diﬀerent ontologies, leads to another important issue: how to deal with contradictions. Online ontologies are made for diﬀerent purposes, in diﬀerent contexts and
therefore, can lead to contradictory (or inconsistent) mappings. As already mentioned, one of the advantages of semantic techniques is that resulting mappings
can be justiﬁed and explained. In that sense, one way to deal with contradictions would be to relate mappings to the ontologies on which they are based.
Using this solution, contradictory mappings would still co-exist but in a contextualized form, i.e., justiﬁed and valid only in the context of some particular
ontologies. Another way to deal with contradictions would be to rely only on
ontologies sharing a similar context with the mapped ones. Indeed, when trying
to map the T urkey concept, we would more likely ﬁnd relevant mappings using
ontologies also containing concepts like F ood or M eat, than ontologies covering
countries. This implies that more advanced ontology selection techniques are
needed which can consider similarity between ontologies as a selection criterion.
In addition to tackling the aforementioned issues, the experiments presented
here need to be followed by several studies. A key next step concerns the complete
implementation and evaluation of our technique, which is currently restricted to
subsumption and disjunction relations between concepts. Our plan is to extend
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the technique to also map properties and individuals, so to increase the range of
discovered mappings. Finally, when presenting our strategies we emphasized the
trade-oﬀ between the performance and the accuracy of the mapping mechanism.
Finding a good compromise between these two aspects is a hard task and we plan
to address this issue by reformulating our technique as an anytime algorithm.
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Exploiting the structure of background knowledge used
in ontology matching
Zharko Aleksovski1,2 , Warner ten Kate1 , and Frank van Harmelen2
1
2

Philips Research, Eindhoven,
Vrije Universiteit, Amsterdam

Abstract. We investigate the use of a background knowledge ontology in ontology matching. We conducted experiments on matching two medical ontologies
using a third extensive one as background knowledge, and compare the results
with directly matching the two ontologies. Our results indicate that using background knowledge, in particular the exploitation of its structure, has enormous
beneﬁts on the matching. The structure of the background ontology needs closer
examination to determine how to use it in order to obtain maximal beneﬁt.

1

Introduction

The problem of ontology alignment (also known as ontology integration, semantic integration, ontology mapping, etc.) plays a central role in the development of knowledge
based systems. New technologies such as Semantic Web make it easier to use ontologies in the information systems. These trends have driven the development of new ontologies, which in turn has resulted in an increasing amount of ontologies becoming
available in the recent years. Essential to an ontology is its reusability, which implies
one needs to integrate it into the system using it. Problem arises if the ontology to be
integrated uses a different vocabulary from the system using it.
This problem initiated a lot of research on ontology matching lately, see [1–3].
Various approaches have been developed. They mainly focus on two aspects: lexically
matching the elements of the ontologies, and using the structure of the ontologies. The
ﬁrst uses string-based and linguistic methods to detect relatedness between elements
based on string similarity of their labels, and the second uses the relations within the
ontologies to detect similarities. Elements in the ontologies that are related but have
neither lexical nor structural similarity remain undetected. Motivated by this issue, we
focused on using background knowledge. We followed the intuition that a background
ontology which comprehensively describes the domain of the source and target ontologies will provide a way to ﬁnd matches missed by other approaches.
In earlier papers, we showed that the use of background ontology can compensate for lack of structure and lexical overlap, and increasing the amount of background
knowledge (multiple ontologies) improves the matching result, see [4, 5]. In this work
we investigate the beneﬁts and problems of using a comprehensive domain ontology
as background knowledge. We conducted experiments of matching one medical ontology to another, while using a much larger and detailed ontology of the same domain as
background knowledge. The results of our experiments conﬁrmed that the background
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knowledge can signiﬁcantly boost the performance of the matching process. In particular, maximal beneﬁt is achieved when combining different pieces of knowledge within
the background knowledge. However, these pieces need careful consideration when
combining them.
The paper is organized as follows: in Section 2 we describe the general scheme of
our approach, that is how we use an ontology as background knowledge in ontology
integration. In Sections 3 and 4 we describe a case study and a set of experiments to
test our expectations. In Section 5 we report on the results of these experiments with
evaluation on validity. In Section 6 we discuss representative matches of the different
experiments, and Sections 7 and 8 conclude the paper with discussion on related and
future work.

2

Our approach: Using a background knowledge ontology in
ontology matching

In our approach we match two ontologies using a third as background knowledge. We
call the ontologies being matched the source and target, see Figure 1. We make use
of the background knowledge by ﬁrst relating the concepts from the source and target
ontology to the background knowledge, and then checking if these concepts are related.
Hence, this process proceeds in two steps: anchoring and deriving relations.
Anchoring is matching the source and target concepts to the background knowledge. In general, this process can be performed by using an existing ontology matching
technique. Besides the concept’s labels one can also use the structure of the ontologies.
In the anchoring we are not only interested in ﬁnding the corresponding equivalent
concepts. As we will see in our experiments later, other kind of relatedness with the
concepts in the background knowledge can be useful as well.
Deriving relations is the process of discovering relations between source and target
concepts by looking for relations between their anchored concepts in the background
knowledge. Both the source and target concept’s anchors are part of the background
knowledge, and checking if they are related means using the reasoning service in the
background knowledge ontology. Combining the anchor relations with the relations
between the background knowledge concepts derives the relation between source and
target concepts, which is what we are looking for.
To explain this process in the context of medical ontologies, a realistic example is
the following: the source concept SRC:Brain is anchored to background knowledge
concept BK:Brain, and the target concept T AR:Head is anchored to a background
knowledge concept BK:Head. The background knowledge reveals a relation BK:Brain
part-of BK:Head, and we derive a relation that source concept SRC:Brain has a narrower meaning than the target concept T AR:Head. Using background knowledge was
crucial in this case; the match was not found by directly matching the source to the
target ontology, SRC:Brain is classiﬁed under SRC:Central nervous system which is
in no way related to the concept T AR:Head.
As the example suggests, of particular interest in our approach is exploiting the
structure of the background knowledge ontology. It is done in the deriving relations
step, when checking for relatedness between the anchored concepts in the background
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Fig. 1. Matching source to target ontology using background knowledge.

knowledge ontology. Now we introduce the formal deﬁnitions of all the components in
this scheme, which we will use in the rest of the paper.
Concept is a class of things grouped together due to some shared property. It is
named with one or more labels which are synonymous to each other. Besides the labels,
concept is also determined by its relations to other concepts. We will refer to a concept
in two ways: with capital italic letters X, Y ... when referring to an arbitrary concept,
X O or X ON T when referring to a concept from a speciﬁc ontology, and by using its
label, for example Temporal lobe, and ON T :Temporal lobe or O:Temporal lobe when
referring to a concept from a speciﬁc ontology.
Relation is a triple (X, relation, Y ), where X and Y are concepts, and relation ∈ T,
where T is the set of all types of relations. We will also write it as X ∼ Y with ”∼”
being the symbol of the relation. Examples of relations used in this paper are: X ≡ Y ,
- the two concepts have the same meaning, and X
Y (with inverse: ), also written
as X is-narrower-than Y - the ﬁrst has narrower meaning than the second. Other relations
are used in the existing ontologies as well, see Section 4. Relations can be established
between concepts from the same and also from different ontologies.
Ontology is a pair of sets: ON T (C, R). C is a set of concepts, R is the set of
relations among these concepts. We will refer to an ontology using shortened form
of its name written in calligraphic letters, like ON T . When referring to C or R of a
speciﬁc ontology, we will write them as C ON T and RON T
Ontology match is a function of two ontologies that returns a set of relations between their concepts:
f : (SRC, T AR) → {(X, relation, Y )|X ∈ C SRC , relation ∈ T, Y ∈ C T AR }

(1)

Speciﬁc types of ontology matches of interest to our approach are the following two:
Anchorings are two ontology matches from the source and target ontology to the background knowledge respectively, and Deriving relations is an ontology match between
the source and the target ontology which is an indirect matching that uses their anchors
to the background knowledge, and the background knowledge itself.
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3

Our case study

Hypothesis: Using comprehensive domain ontology as background knowledge can
signiﬁcantly boost the performance of an ontology matching process.
To test this hypothesis and investigate the problems that occur when our matching
scheme is used in practice, we conducted a set of experiments matching existing ontologies available on the Semantic Web. We matched the anatomy parts of CRISP and
MeSH using the FMA ontology as a background knowledge. CRISP and MeSH were
choosen randomly, and FMA because it extensively covers the anatomy domain.
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Fig. 2. Matching CRISP to MeSH ontology using FMA as background knowledge.

The test data used in the experiments.
Source ontology: CRISP3 (Computer Retrieval of Information on Scientiﬁc Projects)
is a biomedical document classiﬁcation system. It contains 738 concepts organized in a
hierarchy. The relations in its hierarchy are established based on the classiﬁed document
sets. The hierarchy contains two relations: broader-than and its inverse narrower-than,
meaning superset and subset between the corresponding document sets respectively. In
our experiments we used the part of CRISP describing anatomy.
Target ontology: MeSH4 is the National Library of Medicine’s controlled vocabulary thesaurus intended for classiﬁcation of documents. The part which we used in the
experiments is the anatomy sub hierarchy. It contains is 1475 concepts, and is based on
broader-than and its inverse narrower-than relations, the same as CRISP.
Background knowledge ontology: FMA, as stated in its description5 : ”The Foundational Model of Anatomy is a domain ontology that represents a coherent body of
explicit declarative knowledge about human anatomy.” The version of FMA used in our
experiments dates from the end of 2005. It contains 75000 concepts interconnected with
around 160 different relation types. We used the main two hierarchies: isa and part-of.
3
4
5

http://crisp.cit.nih.gov/
http://www.nlm.nih.gov/mesh/
http://sig.biostr.washington.edu/projects/fm/AboutFM.html
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Testing our hypothesis by conducting experiments.
We performed ﬁve experiments matching CRISP to MeSH. In the ﬁrst we matched them
directly, and in the other four we matched them indirectly using the FMA ontology as
background knowledge. The direct matching served as a baseline, against which we
compared each of the indirect matchings. With the intention to distile the added value
of using background knowledge, we analyzed the additional matches discovered by
indirect matching. Furthermore, there were some cases of matches found in the direct
and not in the indirect matching. We discuss these in Section 6.

4

The experiments

We performed ﬁve experiments. In Experiment 1 we matched CRISP to MeSH directly
and in the other four we matched them indirectly using FMA as background knowledge. In Experiment 2 we exploited each isa and part-of relation in FMA separately; in
Experiment 3 we used isa and part-of relations with their transitive closures; in Experiment 4 we used isa and part-of combined, and in Experiment 5 we restricted to speciﬁc
combinations of them to induce the matches. The result of each experiment was an ontology match between CRISP and MeSH concepts, using one of the three relations: ≡
(equivalent), (narrower-than), (broader-than). Now, we explain the direct and then the
indirect matchings in detail.
Experiment 1: Direct matching was performed in two steps: lexical and structural.
In the lexical phase we matched CRISP to MeSH using the concept’s labels. We cleaned
the labels of interpunction, general words like the, of, and etc., we accounted for word
order and singular/plural forms of the same words. When matching two concepts X and
Y , we concluded X ≡d Y if a pair of their labels matches6 . Further, we used partial
matches as well, if X has a label consisting of a superset of words of a label of Y we
concluded X d Y , and analogously X d Y if X has label of subset of the words of
a label of Y . In other words, we used the partial lexical matches following the intuition
that additional words in a label additionally constrain the meaning of that concept. This
way, for example, we concluded that CSP: Mesenteric artery d MSH: Artery.
In the structural phase of direct matching we used the structure of CRISP and MeSH
to further induce matches by combining the relations from CRISP and MeSH and the
lexical matches. For example, from the two relations:
– CSP: Brain ≡d MSH: Brain
– MSH: Brain MSH: Temporal lobes
we can induce the relation
– CSP: Brain

d

MSH: Temporal lobes

We extended the set of lexical matches with the matches implied by the structure of
CRISP and MeSH. The following rules were used to extend the result set7 :
6

7

The small d letter in the right upper corner means that the relation is a direct match, letter a
means it is an anchor relation, and letter i means that it is an indirect match.
X C , X M , X F stand for an arbitrary concept from CRISP, MeSH and FMA respectively
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–
–
–
–

if
if
if
if

(X C
(X C
(X C
(X C

Y M ) ∧ (Y M
Z M ) induce (X C d Z M )
C
C
d
M
Y ) ∧ (Y
Z ) induce (X C d Z M )
d
Y M ) ∧ (Y M Z M ) induce (X C d Z M )
Y C ) ∧ (Y C d Z M ) induce (X C d Z M )
d

These rules also used ≡ relations, where X ≡ Y was considered as X
X Y . The rules were exhaustively applied on the result set.

Y and

Indirect matching followed the scheme that we described in Section 2. It was performed in two steps: ﬁrst anchoring CRISP and MeSH to FMA, and then deriving relations between CRISP and MeSH using FMA as background knowledge, Figure 2.
In the anchoring we used the same direct matching technique described for matching CRISP to MeSH directly. Both CRISP and MeSH were anchored to FMA. The
result was set of matches with three different kinds of relations: X ≡a Y , X a Y ,
X a Y , where Y is a concept from FMA, and X is in CRISP or MeSH.
When deriving the relations we used the following rules:
– if (X C
– if (X C

a
a

Y F ) ∧ (Y F
Y F ) ∧ (Y F

Z F ) ∧ (Z F
Z F ) ∧ (Z F

a
a

QM ) induce (X C
QM ) induce (X C

i
i

QM )
QM )

where we used the relations isa and part-of for , and their inverse has-kind and haspart for . However, in FMA there are no broader-than and narrower-than relations, but
their specializations: isa and part-of with their inverses has-kind and has-part. We conducted four different experiments of indirect matching while using FMA as a background knowledge. The experiments differ in the way isa and part-of relations from
FMA were used and combined when deriving broader-than and narrower-than relations
which are then used in the two rules stated above to derive the indirect matches between
CRISP and MeSH concepts.
Experiment 2: Indirect matching by using FMA isa and part-of relations without transitive closure. We induced a relation between the FMA concepts if they were
directly related with isa or part-of relation. We used the following rules:
– (X F isa Y F ) induce (X F
Y F)
F
F
F
Y F)
– (X part-of Y ) induce (X
When a relation X F
Y F was induced, we added its semantic equivalent Y F
XF
as well. We did this in all the indirect matching experiments.
Experiment 3: Indirect matching by using FMA isa and part-of relations with
their transitive closures. Relation between two FMA concepts was induced when they
were related with the transitive closure of isa or part-of relations. We used the following
rules:
– (X1F isa X2F isa ... isa XnF ) induce (X1F
XnF )
– (X1F part-of X2F part-of ... part-of XnF ) induce (X1F

XnF )

Experiment 4: Indirect matching by using the transitive closure of FMA isa
and part-of relations combined. In this experiment we completely merged isa and partof relations and then used the transitive closure of the resulting relation. We used one
single inference rule:
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– (X1F rel1 X2F rel2 ... reln−1 XnF ) where reli ∈ {isa, part-of} induce (X1F

XnF )

After analyzing the results of Experiment 4 it appeared that false positive matches were
created due to using isa relation before part-of in the process of inducing matches, see
Section 6 for clariﬁcation. To overcome this negative effect we conducted the next experiment.
Experiment 5: Indirect matching by using the transitive closure of FMA isa
and part-of relations without using isa before part-of . What we did in this experiment
was avoiding the use of isa relation before part-of. We used one single inference rule:
F
F
F
– (X1F part-of X2F ... Xk−1
part-of XkF isa Xk+1
... Xn−1
isa XnF ) induce (X1F

5

XnF )

Results and evaluation

We present now the results of the experiments. First we explain the numbers presented
in the tables, then we interpret and explain their meaning, and ﬁnally we provide evaluation on the results.
An important issue in presenting the matching results is that in one set of matches
many of them may be implied by the others, in combination with the structure of the
ontologies. For example, all the concepts in CRISP are found more speciﬁc than the root
concept in MeSH, whereas having equivalence between the two root concepts already
implies all those matches. Similarly, having a match between two concepts contains
implicit knowledge about their sub and super-concepts. To make a fair trade-off between
the two cases of having all the possible matches and having only the minimal set of
matches that implies all the rest, we decided on a result set that is in between.
In each matching experiment we did the following: We started from the set of
all matches, including the implied. For each source concept we took the set of all its
matches, and then minimized that set by discarding the matches which are implied by
the rest of the set. The minimal set is not sensitive to the order of discarding the implied
matches. The union of these minimized sets was the ﬁnal result. This trade-off matching set extracts the minimal knowledge from the matching result for each of the source
concepts separately.
5.1

Results of direct and indirect matchings

In the anchoring phase we matched CRISP and MeSH to FMA directly. The results are
shown in Figure 3. The equivalence relations were established as 1-1 matches, while
narrower-than and broader-than as many to many. Looking for equivalences only already produced successful anchoring: 65.5% of CRISP and 70.6% of MeSH concepts
were anchored to their equivalent concepts in FMA. This success comes from the richness of FMA. On the other hand, for many there were no equivalent concepts in FMA
because of disagreement on the coverage of anatomy domain. In CRISP there is a concept CSP: Muscle movement which is not an anatomical part of the human body, and as
such does not exist in FMA. Still, as shown in the last column on Figure 3, nearly 99%
of the concepts from both CRISP and MeSH were anchored due to using the structure
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Anchoring
≡


Anchored
concepts
concepts
Anchoring CRISP to FMA
738
483 (65.5%) 607 1,474 730 (98.9%)
Anchoring MeSH to FMA
1,475 1,042 (70.6%) 1,545 2,227 1,462 (99.1%)

Fig. 3. Anchoring CRISP and MeSH to FMA

of CRISP and MeSH. For example, CSP: Muscle movement was anchored as narrower-

than FMA: Muscle because within CRISP it is narrower-than CSP: Muscle.

Figure 4 summarizes the results of the ﬁve experiments. Comparing the indirect to
the direct matching, the indirect matchings found many more narrower-than and broaderthan relations than the direct matching. It appeared that the concepts in CRISP and
MeSH can be related in many more ways which can not be found by using only the
structure of these ontologies alone. In our case FMA contributed the missing knowledge
which resulted in such an improvement over the direct matching.
Matches of CRISP to MeSH
Exper. 1: Direct
Exper. 2: Indir. isa and part-of
Exper. 3: Indir. isa and part-of closure
Exper. 4: Indir. isa and part-of mixed and closure
Exper. 5: Indir. isa and part-of isa only after part-of

≡
448
395
395
395
395


417
516
933
1,511
972

 ≡++
156
1,021
405
1,316
1,402
2,730
2,228
4,143
1,800
3,167

increase
29%
167%
306%
210%

Fig. 4. Matching CRISP to MeSH directly and indirectly

The last column in Figure 4 shows the increase of amount of matches of the indirect
matching when compared to the direct matching. The indirect matching of Experiment
2 produced 29% more matches than the direct matching. So, using only the direct isa
and part-of relations between the concepts in FMA already outperformed the direct
matching. When using the transitive closure of isa and part-of (Experiment 3) we obtained increase of 167%, or nearly 2.7 times more matches than the direct matching.
When arbitrarialy mixing isa and part-of with their transitive closure we got increase of
306%, or 4 times more matches than the direct. The ﬁfth experiment, when combining
the isa and part-of in a resticted way, there was an increase of 210% which is 3.1 times
more matches than the direct. It produced 26% less matches than the fourth, and 19%
more than the third experiment.
These numbers show that using background knowledge produces enormously more
matches than direct matching. Without combining the relations within the background
knowledge it is already better than the direct matching, then combining the relations
in the background knowledge produces much more matches, and combining different
relations within background knowledge produces the maximal number. Of course, these
numbers do not say anything about the quality of these matches. This will be discussed
in the next section. In particular, if the relations are combined arbitrarily then there is
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big increase in the amount of matches but also false positive matches are created, but
when combining them in a speciﬁc way we retain the precision of the matches while
again considerably increasing the recall.
When looking at Equivalent (≡), the indirect matching found slightly less relations.
All the indirect matchings discovered the same amount of equivalences because the
only way to ﬁnd equivalence indirectly is to have both concepts anchored to the same
concept in background knowledge. The equivalences found directly and not indirectly
were caused by concepts which existed in CRISP and MeSH but not in FMA. In the next
section we take a closer look at such a case. In few cases equivalences were detected
indirectly and not directly because their labels were found as synonymous only through
the background knowledge.
5.2

Evaluation of results

To test for correctness of the matches that we produced with the different experiments,
we randomly choose 30 CRISP concepts, and inspected their matches by manually
browsing the Wikipedia8 pages describing these concepts. The evaluation is presented
in Figure 5.
≡  
Exper. 1: Direct
17 18 3
Exper. 4: Indir. isa and part-of mixed and closure 14 39 59
Exper. 5: Indir. isa and part-of not isa after part-of 14 37 50

Total
38
112
101

Correct(%)
38 (100%)
105 (93.7%)
101 (100%)

Fig. 5. Evaluation of the matchings CRISP to MeSH directly and indirectly on 30 random CRISP
concepts

In the last column of Figure 5 is shown the correctness of the matches produced by
the different experiments. Only in Experiment 4 there were wrong matches found where
the precision dropped to 93.7%, and in the other experiments it was 100% meaning that
all the discovered matches were correct. The evaluation of Experiment 2 and 3 was
left out because they produced subsets of Experiment 5 which already produced 100%
correct matches.
Clearly, 30 concepts is not a sufﬁcient number to get to a full evaluation. However,
all these cases were closely examined and gave us the impression that this evaluation
depicts the correctness of the experiments. The number of matches on these 30 concepts
resembles the ratio as found on the whole test set.
In lack of gold standard, the evaluation phase turned out not to be straight forward.
We had to make a choice what to consider correct and what not. Namely, some matches
are arguably correct because of the nature of the relation constitutional-part-of. For example, the ulnar artery is constitutional part of the elbow, but it also stretches through the
whole arm, and therefore it is not part of the elbow only. We call these matches shared.
8

http://wikipedia.org/
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Yet, having the relation between ulnar artery and elbow is a useful one, somebody looking for medical resources about an elbow is interested in the arteries passing through
the elbow as well, see Wikipedia for more details on this example. We explored the
matches or produced in Experiment 5, and found out that 30 matches are shared,
while the other 57 are not. This means that even if inspecting the matches rigidly by
discarding shared matches, the background knowledge still produces a large gain in the
matching results.

6

Analysis of discovered matches

We selected three representative cases of matches from the result sets. We will discuss
matches found by the indirect matchings and not by the direct, then take a look at the
causes for ﬁnding incorrect matches when arbitrary mixing the isa and part-of relations
in the background knowledge, and ﬁnally we discuss matches found by the direct but
not by the indirect matching.
         
        

 
 

 
 







 

  

 






  
 



 



 







   

 
 



  
 









  









 





     
 

  

Fig. 6. Two indirect matches: on the left the correct match Temporal lobe i Head, and on the
right incorrect match Dental pulp i Bronchus.

Case 1: Matches found by indirect and not by the direct matching. CSP: Temporal lobe i MSH: Head is a representative case of these matches, and is shown on
the left hand side in Figure 6. Temporal lobes are parts of the brain, and consequently
parts of the human’s head. In the structure of MeSH and CRISP they are classiﬁed under
the Brain which is classiﬁed under Central Nervous System, and are not connected in
any way with the Head. Therefore relation to the Head is impossible to establish using
direct matching, and the background knowledge is crucial in discovering the match.
Case 2: Incorrect match produced by arbitrary mixing of isa and part-of hierarchies. When using isa and then part-of in the inference, some of the matches were
incorrect. An example is shown on the right hand side in Figure 6 ﬁnding CSP:Dental
pulp i MSH:Bronchus. Each of the two relations Dental pulp isa Loose connective
tissue part-of Right main bronchus remain correct when generalizing to Dental pulp
Loose connective tissue, and Loose connective tissue Right main bronchus, but their
transitive closure does not hold any more: Dental pulp Right main bronchus is incor-
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rect, which then implies the incorrect match CSP:Dental pulp i MSH:Bronchus is
found.
Case 3: Matches found by direct but not by indirect matching. An example
of such a match is CSP:Mesenteric artery ≡d MSH:Mesenteric Arteries. The relation was not found indirectly because a concept Mesenteric artery does not exist
in FMA, instead there are two more speciﬁc FMA:Inferior Mesenteric Artery and
FMA:Superior Mesenteric Artery and one broader concept FMA:Artery. Using FMA
the following indirect relations were discovered for CSP:Mesenteric artery:
– CSP:Mesenteric artery
– CSP:Mesenteric artery
– CSP:Mesenteric artery

i
i
i

MSH:Arteries
MSH:Mesenteric Artery, Inferior
MSH:Mesenteric Artery, Superior

Combining the results of the direct and indirect matching will improve the result of the
both. We showed that in an earlier study in [4].

7

Related work

The research topic of semantic integration is a very active one, yet we encountered two
major difﬁculties when comparing our approach with the others. First is the objective
in matching: some target at ﬁnding pairs of most corresponding concepts, others aim at
1-1 mappings only, etc.; and second is the different way we use background knowledge.
Existing approaches mostly use background knowledge in the form of lexicons for
discovering synonyms, see [6, 2, 7]. S-Match, [8], is example where background knowledge is exploited in doing the mapping, which is very similar to the approach we used
in this work. In the current state S-Match uses a predeﬁned set of background knowledge sources, such as Wordnet and UMLS. Moreover, it uses the class hierarchy of the
background knowledge ontologies.
Related case-study was performed in [9], where the authors investigated enriching
user search queries for image retrieval, by using relations from Wordnet. This follows
closely our own scheme: the user search query is a source ontology of one single concept with one single label, Wordnet is the background knowledge, and the classiﬁcation
of images is the target ontology. They used isa and part-of relations, and they arrived to
conclusion comparable with ours about using and combining these relations.
The work we present here is a sequel of another case study that followed similar
scheme of using background knowledge in ontology integration, see [4]. In contrast to
this work, in the previous studies we used source and target ontologies without structure, the relations we were chasing for were semantic closeness rather than relations
with exact semantics such as broader-than and narrower-than. The background knowledge contained only broader-than and narrower-than relations, which prohibited us in
investigating the impact of combining different relations.

8

Conclusions

Based on the results produced in the experiments, we draw the following conclusions
from our study:
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(i) Using comprehensive background knowledge in form of ontology can boost the
ontology matching process as compared to a direct matching of the two ontologies.
(ii) Most of the value in using background knowledge comes from combining different pieces of knowledge within the background knowledge.
(iii) Different pieces of knowledge within the background knowledge need careful
combination in order to gain maximal beneﬁt.
A crucial requirement in using background knowledge is the existence of extensive
reference ontologies in different domains at hand. Therefore, the development of such
ontologies and subsequent publication on the Semantic Web will make the problem of
integration easier.
Currently we are expanding the reported experiments further, we are looking for approximation schemes when deriving the relations within FMA, and we are investigating
the usefulness of other relations in FMA like: X is-attached-to Y , X sends-output-to Y ,
etc. These relations will produce more matches different from those we present here.
Our ﬁndings were concluded from experiments conducted on medical test data.
Therefore, we are conducting similar experiments in music domain on matching styles
and genres from different music providers. In contrast to the medical domain, the
knowledge in music is much weakly structured as different music content providers
largely disagree on the meaning of music terms. In this direction, we took the effort to
extract relatively extensive music ontology from Wikipedia which will serve as background knowledge in our experiments.
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Abstract. Researchers have developed a large number of ontology-mapping algorithms in recent years. However, ontology mapping is hardly a fully automated
task and users must verify and ﬁne-tune the mappings resulting from automated
algorithms. Both academic and industry researchers have focused on the algorithms themselves and largely ignored the issue of cognitive support for users
in the task of analyzing mappings proposed by the algorithms and creating new
mappings. The lack of comprehensive user-oriented tools for ontology mapping
(rather than just algorithms) hinders the adoption of the new technologie. In this
paper, we analyze requirements for cognitive support for the ontology-mapping
task. Recognizing that many researchers must focus on improving the algorithm
performance itself (or only on providing better visualization), we have developed a plugin framework that enables developers to assemble a comprehensive
ontology-mapping tool by plugging in various components. We provide a reference implementation of the complete framework. Thus, developers can plug in
only the components they are interested in. For example, algorithm developers
can plug in their algorithm and use the visualization components that we provide and the user-interface researchers can use the framework to experiment with
various visualization paradigms for ontology mapping (and not worry about implementing the algorithms themselves). We also discuss speciﬁc cognitive aids
for ontology mapping that we have developed and that are available as part of
this framework.

1

Introduction

As ontologies become more commonplace and their number grows, so does their diversity and heterogeneity. Reconciling different ontologies and ﬁnding correspondences
between their concepts is likely to be a problem for the foreseeable future. Thus, research on ontology mapping has become a prominent topic in the Semantic Web and
ontology communities. There are mapping contests that compare the effectiveness of
different algorithms [10], and researchers have proposed a standard mapping language
[11]. As the results of the contests show, ontology mapping is far from being a fully
automated task. We believe that in most cases manual intervention will be required to
verify or ﬁne-tune the mappings produced by the algorithms.
In general, a user interacting with an ontology-mapping tool, must examine the
candidate mappings produced by the tool, indicate which ones are correct and which
ones are not, and create additional mappings that the tool has missed. This process is
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a difﬁcult cognitive task. It requires understanding of both ontologies being mapped
and how they relate to each other. Also, both the ontologies themselves and the number
of candidate mappings that the tools produce can be very large. However, there has
been very little research on how to provide cognitive support for ontology mappings.
Researchers have focused on improving the performance of the algorithms themselves,
largely ignoring the issue of end-user tools (with a few exceptions [12, 18, 24]).
Perhaps, one of the reasons this issue has not been addressed is the lack of understanding of the importance of cognitive support [23]. Cognitive support measures how
well a tool supports a user’s cognitive processes, and it results from the interplay between the system image and the user’s needs [8]. As Walenstein states, “The ﬁrst rule of
tool design is to make it useful; making it usable is necessarily second, even though it is
a close second . . . [A tool’s] usefulness is ultimately dependent upon [its] utility relating
to cognition: i.e. to thinking, reasoning, and creating. Assistance to such cognitive work
can be called cognitive support.” [23]
Cognitive-support research is still new to software and knowledge engineering. In
software engineering, generally, most tools are built with some consideration of utility
and usability. Only recently, researchers started using a more formal approach to address
these issues. The situation is similar in the ﬁeld of knowledge-engineering tools. In this
paper, we bring cognitive-support considerations to the ontology-mapping tools, and
outline a set of requirements for these tools.
We believe that in order for the ontology-mapping tools to reach beyond research
labs, both the performance of automatic ontology-mapping algorithms and the quality of cognitive support in ontology-mapping tools must improve. Recognizing that in
many cases, researchers must focus on one or the other of these tasks, we have developed a plugin framework that covers many of the sub-tasks of ontology mapping, from
specifying algorithms for initial comparison to executing the mappings. This framework is part of the P ROMPT ontology-management suite [18], itself a Protégé plugin.3
We have developed a reference implementation for each of the steps, including a number of cognitive aids. Developers can plug in their own components and use plugins
developed by others (including our team) in order to ﬁll in the missing pieces to have a
comprehensive end-user tool.
This paper makes the following contributions:
– We analyzed requirements for cognitive support in ontology mapping (Section 2).
– We developed the P ROMPT plugin architecture for ontology-management that enables developers to assemble a comprehensive ontology-mapping tool with their
own components as part of the tool (Section 4).
– We implemented a set visualization plugins to the P ROMPT plugin architecture that
provides cognitive support for users in the ontology-mapping task (Section 5.2)

2

Requirements for Cognitive Support in Ontology Alignment

The set of end-user tasks in an ontology-mapping tool that we identiﬁed and the corresponding requirements are based on the common problems we have experienced and
3

http://protege.stanford.edu
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witnessed. We assume that the user’s tasks involve verifying and ﬁne-tuning the mappings produced by the automatic component and creating the mappings that the automatic algorithm missed. The following is a preliminary list of tasks that must be supported during the mapping process. Some of the requirements below address visual aids
that make the user’s job easier, and others are tasks that help reduce the user’s cognitive
load.
Navigation of ontologies being mapped: provide full access to the source and target
ontologies.
Incremental navigation: enable browsing of the ontologies being mapped with the
terms in the current mapping as focal points. Incremental navigation restricts the
focus to the terms and allows the user to visually verify that the two terms suggested
in the mapping have similar context and similar neighbors.
Identiﬁcation of “candidate-heavy” ontology regions: identify visually which sections of the ontologies have large numbers of candidate mappings. Users may often
want to focus on the sections where many of the mappings are, since these are likely
to be the sections of the two ontologies where most of the mapping takes place.
Browsable list of candidate mappings: provide easy navigation and ﬁltering of the
candidate mappings produced by the automatic step. There must be a way for the
user to instruct the tool to focus on certain regions of the ontologies or categorize
the candidate mappings they are verifying. Such support allows the user to focus
on smaller tasks and reduce complexity by validating higher priority matches ﬁrst.
Information about the reasons a mapping was suggested: provide the user with some
indication of why the automatic algorithm suggested a particular mapping. This
reason helps establish trust between the user and the algorithm. For example, state
that the two ontology terms matched exactly, or were synonyms of each other.
Context for mapping terms: display where the terms being mapped are in the ontology. Easy access to this information is essential in enabling the user to verify
candidate mappings. In particular, the neighborhood of a term (immediate parent
and children in the is_a hierarchy) may be especially important.
Deﬁnitions for mapping terms: provide easy access to full deﬁnitions of the terms in
the ontology. For example, the deﬁnition might include the properties of a class and
restrictions on those properties. Like the neighborhood, the internal structure helps
explain the meaning of the term.
Conﬂict resolution and inconsistency detection: indicate to the user if some of the
mappings that he has created produce conﬂicts or are inconsistent. Conﬂicts can
arise from a variety of situations, such as when two concepts are mapped, but some
structural elements that are critical for their deﬁnition have not been mapped yet.
Ability to save the veriﬁcation state: The veriﬁcation process must support potential
interruptions where the user must be able to save their current progress and restart
from that point at a later time.
Veriﬁcation of mappings through execution: enable users to “execute” the mappings,
for example, by transforming instances from the source to the target ontology based
on speciﬁed mapping or using queries that access those individuals but this time
direct them to the newly mapped term One can view such a transformation as a
debugging step in creating a complete mapping: the user can verify if the instances
created in the target from the source instances are the ones that he expected.
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Direct creation and manipulation of the mappings: enable users to add details to the
veriﬁed mappings. For example, a user may specify that a value of one property
must be changed in a speciﬁc way in order for the mapping to be correct. Also,
users may want to add metadata to mappings and describe their reasons for creating the mapping. The users will also often add mappings that the tool has missed.
Navigation of veriﬁed and manually speciﬁed mappings: One result of the user interaction with a mapping tool is a set of veriﬁed mappings, additional mappings,
and details about the mappings. Users must be able to navigate this information.
Progress feedback: inform the user about their current progress in the mapping. How
much they have veriﬁed and how much is left to verify. Verifying mappings can be
a lengthy process, but providing feedback about the users’ progress enables them
to see that they are moving in the correct direction.

3

Related Work

Cognitive support is about introducing artifacts in order to improve cognitive systems
[23]. As Norman states [17], “The power of the unaided mind is highly overrated. Without external aids, memory, thought, and reasoning are all constrained.” Although cognitive support can be addressed in a variety of ways, one popular approach is through
information visualization. Information visualization leverages innate human abilities
to perform spatial reasoning and make sense of relatively complex data using some
form of graphical representation language [9]. Information visualization is often used
to construct an advanced user interface to aid humans understand and navigate complex
information spaces. In software engineering, this approach has been applied speciﬁcally
to applications such as source code evolution [22] and algorithm animation [2].
Knowledge-engineering tools often use visualization to help users navigate ontologies. Usually, the problem these visualization tools are addressing is the comprehension
and navigation of large information spaces. Different types of graph layouts are often
used in order to display the ontology from different perspectives (e.g., see [21]). One
of the goals of providing these various layouts is to help users view the same knowledge in different formats and potentially to validate and invalidate their mental models.
As Richer and Clancy state, “. . . providing multiple views of the same knowledge or
behavior can help a user understand a complex system.” [19]
Navigation is also a relevant issue in ontology mapping, as users need to understand
the structural context related to the match operations they must verify. However, in
ontology mapping the focal point of the navigation is the terms involved in the mapping,
not necessarily the entire information space.
3.1

Ontology-Mapping Tools and Their User Interfaces

Most user interfaces for mapping tools fall into one of three categories: graphical user
interface, console-based, and ﬁnally web-based. Both the console-based and web-based
tools follow similar approaches; the user supplies URIs for two ontologies, submits
the input, and the tool processes the ontologies producing a list of potential matches.
FOAM [7], MoA Shell [13], Chimaera [16], and the OWL Ontology Aligner [25] all
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Fig. 1: Mapping two schemas in COMA++.

fall into one of these two categories. Some of these tools, such as FOAM, also support
interactive modes where a user can verify matches as they are computed.
Clio [12] and COMA++ [5] are examples of tools that support graphical user interfaces. The number of visual paradigms that the tools use to display the mappings is
quite limited, however. Clio was developed by IBM for generating mappings between
relational and XML schemas. Clio can infer correspondences in the source and target
schemas and it also allows users to draw correspondences between parts of the schemas.
Once the correspondences have been generated and veriﬁed, Clio generates queries to
drive the translation from the source schema to the target schema. COMA++ works similarly, although it also supports ontology mapping. COMA++ automatically generates
mappings between the source and target schemas, and draws lines between matching
terms. Users can also deﬁne their own term matches (see Fig. 1). Both tools draw mappings between the source and target schemas, which can be difﬁcult to work with when
there are a lot of mappings or the distances between mapped terms is large.
These tools provide a mechanism to allow the user to supply an initial set of matches.
This mechanism may be adapted to store a partially veriﬁed mapping and to restart veriﬁcation at that particular stage. Also, tools like Clio and COMA++ support in-tool
navigation of ontologies. There’s also recently been an effort by a small number of
researchers towards investigating applying visualization techniques to ontology alignment. AlViz [15], a plugin for Protégé, applies multiple-views via a cluster graph visualization along with synchronized navigation within standard tree controls. Generally,
there is a dearth of visual paradigms for ontology mapping. Until we have such end-user
tools with good cognitive support, many of the mapping algorithms that researchers develop, are unlikely to leave the labs. Hence, we have developed a plugin framework
that treats an ontology-mapping process as a standard sequence of steps (from initial
comparison of ontologies to executing mappings) and enables developers to substitute
any of the steps with their own tools.
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3.2

Component Frameworks for Ontology Mapping

Several researchers have addressed the issue of deomposing an ontology-mapping process into a sequence of subtasks–a step necessary for introducing a plugin framework
for ontology mapping [6, 14]. These subtasks include pre-processing of the source ontology, conﬁguration of the mapping algorithm, analysis of the results, and iterative
invocation of the mapping algorithm. In a sense, implementing a plugin framework for
ontology mapping starts with identiﬁcation of this set of tasks. However, in order to
enable developers to substitute implementation of any of the tasks with their own, we
also must deﬁne interfaces, and must provide extension points in the tools.
The work that is closest to our plugin framework for mapping is the IBM XML
Mapping technology [20]. In this work, the authors developed a plugin framework for
mapping data sources such as relational database schemas, UML models, and XML
ﬁles to XML Schema. Their architecture distinguishes four core components, each of
which has extension points for plugins: (1) user interface, with plugins for viewing different types of models; (2) mapping population, allowing developers to plugin different
mapping algorithms; (3) mapping representation, enabling different forms of representing the mappings; and (4) code generation, providing runtime engines for executing the
mappings. We take a similar approach in our work. However, we focus more on cognitive support for mapping, with user interface being a very prominent component. In
addition, our work is applied to ontologies and not only to XML schemas.

4

P ROMPT Plugin Architecture

P ROMPT is a Protégé plugin that supports various tasks for managing multiple ontologies, including ontology mapping [18]. In its original form, P ROMPT starts the
ontology-mapping process by performing initial comparison of the source and target
ontologies to be mapped, mainly based on lexical comparison of class names. After the
initial comparison, P ROMPT presents the user with a set of candidate mappings. A user
can examine the mappings, create new mappings, and save the correct ones. As the user
identiﬁes a mapping as correct, P ROMPT performs structural analysis of the neighborhood of the mapped concepts, suggesting new mappings based on the graph structure.
P ROMPT saves the mappings as instances in the mapping ontology [3]. After the user
deﬁnes the mappings, he can run a mapping interpreter [4] to transform instances from
the source to the target ontology based on the mapping.
When verifying candidate mappings, users can access the source and target ontologies in the Protégé interface; when a user selects a mapping to examine, the corresponding concepts are highlighted in the ontologies trees. A user can also navigate to
the tab that displays the mapping ontology and its instances and edit the mappings there
directly (see Fig. 2).
The P ROMPT plugin framework allows developers to replace any of the components
that we have just described with their own. The plugin framework works by providing
Java interfaces for various types of plugins (comparison algorithm, visualization components, etc). A plugin developer chooses the interface they wish to implement, and then
supplies the appropriate method bodies in order to perform the operations they wish to
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Fig. 2: The P ROMPT user interface and the extension points in P ROMPT’s mapping component.
The left column shows the source ontology; the middle column displays the mappings suggested
by P ROMPT and explanations of these suggestions. The right column displays the target ontology. There are tab extensions points for the source (1), mapping (2), and target (3) components.
Area (4) shows the suggestion header button extension point. Algorithms can provide their own
explanations for each candidate mapping (5).

execute. More speciﬁcally, we view the ontology-mapping process as a sequence of the
following steps (Fig. 3):
Perform initial comparison of the ontologies: an algorithm compares two ontologies
and produces a list of candidate mappings.
Present candidate mappings to the user enabling him to analyze the results. This step
includes components for cognitive support (various visualizations of the source and
target ontologies, options to ﬁlter content presented in the display, etc.) and interactive comparison algorithms that are invoked either explicitly by the user or as a
result of mappings being veriﬁed.
Fine tune and save the mappings in a declarative mapping format.
Execute mappings to transform instances from source to target or to perform other
operations.
In the current implementation, developers can replace components of any of the
steps in this list, and our plan is to make all of the steps replaceable.
Figure 4 shows the P ROMPT screen for conﬁguring an algorithm for initial comparison. The user has chosen to run a FOAM algorithm at this stage. The integration of
FOAM and P ROMPT is available as part of P ROMPT distribution 4 . A developer of an
algorithm plugin can specify not only how to invoke the algorithm, but also how the
conﬁguration screen presented to the user should look like.
User-interface extension points exist throughout the P ROMPT mapping interface.
We currently support extensions that allow a developer to add new tabs to the source,
4

At this time, the only algorithms integrated are FOAM and the original PROMPT algorithms.
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Fig. 3: Conﬁgurable steps in the P ROMPT framework. Developers can replace any component
in the ﬁgure with their own implementation. Cognitive aids can be applied at each step to ease
cognitive load.

Fig. 4: Selecting an algorithm in P ROMPT. The area marked (1) shows the options in P ROMPT,
here we have selected to map two ontologies. The area marked (2) displays the algorithm plugins
available, here we have selected our custom built FOAM plugin. Finally, area (3) shows the
algorithm conﬁguration panel supplied by the FOAM plugin.

mapping, and target panels in the mapping component (see Fig. 2). Also, new header
buttons can be added to the mapping suggestion list. For example, developers could use
actions on these buttons to ﬁlter information (Section 5.2).

5

Cognitive Support in P ROMPT

We examine issues of cognitive support of the core P ROMPT plugin (before the addition of the interface plugins discussed in Section 5) as an example of questions that
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arise when developing support for such a cognitively complex task as ontology mapping. P ROMPT already addresses many of the cogntive support requirements that we
discussed in section 2. However, P ROMPT may not address all of these requirements
so that users can make use of the features effectively. Meeting the requirements is not
enough, we must also understand the usability of the implemented features.
5.1

Potential Problems in a Mapping User Interface

Although we have not yet carried out formal user studies to understand P ROMPT’s usability, we have identiﬁed some questions that such usability testing will reveal. For
example, when a user selects a candidate mapping, P ROMPT highlights the terms involved in the mappings in the source and target display. Thus, the user can see the
context of the terms in the mapping. But this feature could potentially introduce new
cognitive issues. For example, the selection of the terms in the ontologies is immediate, the ontology trees are expanded directly to the term that needs to be displayed,
no animation of this process exists. Does jumping immediately to the term destroy the
user’s global context about where they are in the two ontologies? Does it interrupt the
user’s work ﬂow? What if the user had used the ontology tree to browse to a particular
location, but selecting a suggestion removed the user’s selected focal point?
Another related issue is incremental navigation in P ROMPT. Currently, the user can
browse the source and target ontologies via a tree control in the mapping component.
However, selecting a suggestion immediately switches the tree’s focus. Also, this type
of view can be difﬁcult to use when viewing items deep in the hierarchy.
P ROMPT loads all its generated mapping operations into a browsable suggestion
list. With large ontologies, this list could be very large. There is currently no support
for sorting, categorizing, or ﬁltering the list. Abrams and colleagues [1] found that web
browser users will not put more than 35 items in their favorite’s list before resorting
to categorizing links within hierarchies or stopping their use of favorites all together.
Similar issues may need to be addressed in P ROMPT. For example, what will users do
when presented with a list of a thousand or even a hundred suggestions?
The ﬁnal issue with P ROMPT we wish to discuss is browsing the resulting mappings.
Unlike Clio and COMA++, which draw lines between matching terms, P ROMPT takes
a different approach. Firstly, after the user conﬁrms a mapping suggestion, the corresponding terms in both the source and target ontologies get a “mapped” icon associated
with them indicating that the terms have already been mapped. Secondly, the occurance
of the mapping event is recorded in a mapping ontology that is browsable by the user.
Although the icon indicator certainly is less cluttered than the line drawing in Clio and
COMA++, there is no explicit way for the user to visualize what the corresponding
matched term is.
5.2

C OG Z Interface Plugin for P ROMPT

In order to address some of the missing requirements in P ROMPT, we have developed
C OG Z—a user-interface plugin for the mapping component. C OG Z attempts to provide
user support for reducing the size and complexity of a mapping and to improve user
interaction with establishing the term context and improving incremental navigation.
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We addressed the complexity and size requirement by adding ﬁlters to the list of
candidate mappings. There are several types of ﬁlters. First, users can ﬁlter candidate
mappings based on the explanation provided by the algorithm that generated the candidate (see area (5) in Fig. 2). For example, the user can ﬁlter the list to inspect only exact
term matches ﬁrst, and then address more complex matches, like synonym or sharedhierarchy matches. There is also a ﬁlter that allows users to restrict mappings to classes
from certain subtrees in the ontologies. Users can specify multiple subtrees in both the
source and the target ontologies. This ﬁlter provides a powerful means for the user to
address areas of the ontology they are most familiar with.
Finally, to address the context and navigation requirements, we added a Neighborhood tab to both the source and target ontology components. The neighborhood tab is
synchronized with the browsing of candidate mappings: selecting a mapping displays
the corresponding term’s neighborhood. The neighborhood consists of the immediate
parents and children of the term. The viewer supports incremental navigation by allowing the user to expand incrementally the neighborhood of any visible node. Also, the
plugin provides six different layouts to allow the user to view the graph from a multitude
of perspectives (see Fig. 5). The visualizations are provided by Jambalaya [21].

Fig. 5: P ROMPT’s mapping component with the interface plugin. Areas (1) and (2) show the
neighborhoods of the source and target terms of the currently selected suggestion. Area (3) shows
the location of the ﬁlter button. The neighborhood display makes it clear that the two classes have
different meaning in the two ontologies even though their names are the same (Research).
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6

Discussion and Future Work

We have discussed the need for cognitive support in ontology mapping tools. We proposed several requirements for satisfying this need, which were based on our own background work and experience. While these requirements are preliminary, we believe
they represent a good initial description of the problems faced by users performing
mappings. We believe it is very important to reﬁne these requirements by carrying out
studies and surveys in the knowledge engineering community. Speciﬁcally, we plan to
evaluate the effectiveness of P ROMPT through user studies and tool usage statistics. We
also plan to enhance the visualization plugin in order to further address the requirements
that P ROMPT does not fullﬁll.
We also discussed the implementation of a plugin framework for P ROMPT. The
framework helps address two fundamental issues. Firstly, how can we satisfy the cognitive support requirements in one consistent environment, and secondly, how can we
close the gap between mapping algorithm research and mapping users. By supporting
user interface extension points in P ROMPT, experts and developers in Human Computer
Interaction can incorporate their ideas and tools to help decrease the cognitive load on
end users of mapping tools. Similarly, the algorithm extension points also help the algorithm researcher. By using these extensions, researchers (or software developers) can
easily incorporate their algorithms into P ROMPT, allowing the research to be available
under one consistent user interface. End users will beneﬁt from having access to the
best known algorithms, as well as the best cognitive support tools available.
In addition to developing better cognitive support for mappings, other research challenges remain. Our decomposition of the mapping process (Fig. 3) may not be general
enough. It does not account fully for comparison algorithms that require an initial set
of mapped terms as input. One can invoke such an algorithm at the iterative step, but
more direct support for specifying the inputs precisely will likely be required. Similarly,
P ROMPT assumes a declarative representation of mappings (mainly as instances in an
ontology). We would like to extend it to allow the use of an alignment API (e.g. [11])
and in-memory access to mappings. We envision that as developers begin to use the
plugin framework, we will need to introduce other extension points of this type.
We plan to further enhance the plugin framework by adding more extension points
for algorithms and interface components. P ROMPT, FOAM and C OG Z plugins are available as part of the full installation of Protégé 3.2beta.5 Instructions for plugin developers
and additional information are available on the P ROMPT wiki site.6
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Abstract. One of the main open issues in the ontology matching ﬁeld
is the selection of a current relevant and suitable matcher. The suitability of the given approaches is determined w.r.t the requirements of the
application and with careful consideration of a number of factors. This
work proposes a multilevel characteristic for matching approaches, which
provides a basis for the comparison of diﬀerent matchers and is used in
the decision making process for selection the most appropriate algorithm.

1

Introduction

Many methods and tools are under development to solve speciﬁc problems in the
Semantic Web; however none of these solutions can be deployed for all problems
in this area. This statement is also true in the ontology matching ﬁeld, in which
there is no and will never be an overarching matching algorithm for ontologies
that is capable of serving all (heterogeneous) ontological sources. Most of the research in this area proposes new approaches based on diﬀerent principles and relies on various features. These new approaches only solve small parts of “global”
problems in the matching ﬁeld or ﬁll some open matching gaps[12]. Therefore
in general, when implementing an application using a matching approach, the
corresponding algorithm is typically built from scratch and no attempt to reuse
existing methods is made. Despite an impressive number of research initiatives in
the matching ﬁeld, containing valuable ideas and techniques, current matching
approaches still feature major limitations when applied to the emerging Semantic Web. For example, the majority of existing approaches to ontology matching
are (implicitly) restricted to processing particular classes of ontologies and thus
they are unable to guarantee a predictable quality of results on arbitrary inputs. What is required are appropriate ontology matching techniques capable of
coping with diﬀerent levels of detail in concept descriptions[3]. Aside from the
problems mentioned above, there are many other open issues, of a global nature, which need to be solved in the future. Firstly there is the question of what
should be matched based upon what needs to be found. Also it is important to
avoid performing relatively blind matching, while being aware of when to stop
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the matching process. Furthermore, the selection of a currently relevant matching algorithm that is suitable w.r.t the given speciﬁcation and the deﬁnition of
the appropriate criteria for this decision making process needs to be taken into
account. Regarding the latter, one of the ﬁrst steps on the way to solve this
issue can be an infrastructure for taking advantage of existing ontology alignments. To tackle the issues of the heterogeneity of existing ontology matchers as
well as to limit the disadvantages of the singular approach a reuse strategy for
matching approaches based on the examination of their characteristics is needed.
The ﬁrst goal within such a methodology is the detection of potentially suitable
approaches from the huge number of existing methods. After the analysis of existing approaches, evaluation of their usage context and conducting interviews
with various domain (matcher) experts some factors were identiﬁed that are relevant for the selection of a suitable matcher(s) w.r.t the requirements of the given
application. The objective of the work is to develop a framework that takes into
account the characteristics of matching algorithms and oﬀers methods and tools
to support the process of selecting an applicable matcher. The rest of this paper
is organized as follows: Section 2 gives an overview of the relevant criteria to
describe and compare matching approaches. This is followed by a description of
one of the methods for multi-criteria decision making called Analytic Hierarchy
Process (AHP) in Section 3 and its application into a matching selection process
in Section 4. The conclusions, along with future work, are discussed in Section 5.

2

How to Characterize Matching Approaches?

One of the main open issues in the ontology matching ﬁeld is that of choosing a
current relevant and suitable matching algorithm. Since there is no such thing as
“general” matching problem, there is thus no “general” way to solve the matching
issues by only posing the query “ﬁnd a matching algorithms for two ontologies
and deliver a set of relations”. This query covers indeed ever type of ontology and
matching algorithm it also gives same basics information about the alignments
however it does not address the speciﬁc requirements of a particular application.
The matching algorithm should not only be chosen with respect to the given
data but should also be adapted to the system, taking into consideration the
problem to be solved by the approach, for example merge ontologies to create
new one, match ontologies to compare proﬁles, match data etc.
The matching problem should be seen as a collection of small particular subproblems, which are dependent on various criteria and circumstances. Following
this idea, for a given (characterized) pair of ontologies to be matched, having
a deﬁnition of the problem to be solved along with particular requirements regarding the ﬁnal application, one must decide which matching algorithms are
to be applied to satisfy these speciﬁcation and to obtain the desired output.
Possible attributes, that could have an impact on the selection of an adequate
matching approach, must be deﬁned in order to ﬁnd a suitable solution to this
issue. Accounting for the empirical ﬁndings of diﬀerent case studies in ontology
engineering[23–25], and regarding the requirements collected during the devel-
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opment of diﬀerent Semantic Web application scenarios[2, 13]3 , as well as during
the intensive collaborations with ontology and software engineers, six groups
of factors (dimensions) has been deﬁned as relevant for the matching selection
process. These dimensions are the main aspects that must be taken into account
during the examination of the suitability of a single matching approach for the
solving of a given problem: (i)input characteristic that takes into account the
ontologies to be matched; (ii)approach characteristic describes the matching algorithms themselves; (iii)output characteristic deﬁnes the desired result of the
matching execution; (iv)usage characteristic takes into account the diﬀerent situations where the approaches have been used; (v)documentation characteristic
points out the existence and type of the documentation; and (vi)cost characteristics addresses the costs which have to be paid for the usage of the algorithm.
The dimensions form the superﬁcial collection for matcher attributes and build
the ﬁrst level of the so called multilevel characteristic for matching approaches.
The multilevel characteristic is organized in the form of a taxonomy where dimensions are deﬁned by sets of factors and these are described by the attributes.
These characteristics can be illustrated as a hierarchical tree (cf. Fig 1) where
the child nodes describe and represent the parent nodes’ properties[20].
1st Level:
DIMENSIONS

INPUT

APPROACH

USAGE

OUTPUT

COSTS

DOC

2nd Level:
Factors

3rd Level:
Attributes

Fig. 1. Multilevel characteristic with dimensions, factors and attributes

In the following sections we brieﬂy describe some of the factors of each dimension and state others in the form of tables (cf. Tab. 1,2,3,4,5,6) since the exact
speciﬁcation of all criteria would go beyond the scope of this paper.
2.1

Input Characteristic

The ﬁrst step towards the analysis of the matching characteristics is the examination of the matching input. In our opinion, the attributes that describe
the input are the most important and relevant criteria that play a crucial role
in the selection of the appropriate algorithm. Despite the relatively large number of promising matching approaches their limitations w.r.t. certain ontology
characteristics have often been emphasized in recent literature[14, 21, 22, 29, 30].
The dimension input characteristic describes not only the heterogeneity of the
sources that are to be matched, e.g. size (some matchers perform well on relatively small inputs), natural language used for the deﬁnition of concepts (some
algorithms require certain nat. language) and input structure (some matchers do
3

Projects:(i)Wissensnetze,http://wissensnetze.ag.nbi.de,(ii)Reisewissen, http:
//reisewissen.ag.nbi.de,
(iii)SWPatho,
http://swpatho.ag.nbi.
de,(iv)Knowledge Web http://knowledgeweb.semanticweb.org/
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not perform well on heterog. structures[14]), but also takes into account external
sources, which a matching algorithm can use for its execution (cf. Tab. 1).
Factor

DIMENSION: INPUT CHARACTERISTIC
Description

Input Size (algorithm is able to handle:)
number of ontologies
size of input

size of instances
number of concepts
number of relations
number of axioms

number of different ontologies to be matched (two or more)
number of ontological primitives (concepts,properties, axioms,
instances) to be matched: small (up to 100 primitives), middle
(100-1000 primitives) big (over 1000 primitives)
number of instances to be matched: no instances, small (up to 100
primitives), middle (100-1000 primitives), big (over 1000 primitives)
number of concepts to be matched: small (up to 100 primitives),
middle (100-1000 primitives), big (over 1000 primitives)
number of relations to be matched: small (up to 100 primitives),
middle (100-1000 primitives), big (over 1000 primitives)
number of axioms to be matched: no instances, small (up to 100
primitives), middle (100-1000 primitives), big (over 1000 primitives)

Input category (algorithm is able to handle:)
glossary
thesaurus
taxonomy
DBschema
ontology

a list of terms with the definitions for those terms
a list of important terms (single-word or multi-word) in a given domain and
a set of related terms for each term in the list
indicates only class/subclass relationship (hierarchy)[9]
often does not provide explicit semantics for their data
an explicit specification of a conceptual.[16]; describes a domain completely[9]

Input formality level[32, 33] (algorithm is able to handle:)
(highly/semi) informal ontology expressed loosely in natural language or in a restricted
and structured form of natural language
semi-formal ontology
expressed in an artificial formally defined language
(rigorously) formal ontology
meticulously defined terms with formal semantics, theorems and proofs of such
properties as soundness and completeness
Input model type (algorithm is able to handle:)
task ontology
application ontology
domain ontology
upper-level ontology

model build for a specific task
model build for a specific application
model of a specific domain or part of the world
model of the common objects that are generally applicable across
a wide range of domain ontologies; it describes very general concepts

Input type (algorithm is able to handle:)
scheme
instance

schema-based matcher
instance/contents-based matchers

External sources (algorithm is able to handle /to provide:)
additional user input
previous matching decision
training matches
most matchers rely not only on the input to be matched
domain constrains
(like schemas or instances) but also on auxiliary information
list of valid domain values
dictionary
miss-match information
matching rules
global schemas
Input natural language (NL) (algorithm is:)
NL-specific (one language)
NL-specific (many languages)
NL-independent

the approach is dependent on one natural language
the approach is dependent on more then one natural languages
the approach is language independent

Input representation language (RL)[33] (algorithm is:)
RL-specific (one language)
RL-specific (many languages)
RL-independent

the approach is dependent on one rep. language
the approach is dependent on more then one rep. languages
the approach is independent on rep. language

Input structure (algorithm is able to handle:)
tree structure
graph structure
is-a relations
heterogeneous relations

2.2

the
the
the
the

approach can
approach can
approach can
approach can
Table 1.

Approach Characteristic

handle only tree-structers
handle (heterogenous) graph structers
handle is-a relations
perform not also on heterogeneous relations
Input characteristic

The second crucial dimension characterizes the matching approaches themselves.
The corresponding factors and attributes compile a list of matcher features that
are empirically proved to have an impact on the quality of matching tasks. They
consider e.g. the common classiﬁcation of the approaches[5, 26, 29] and distinguish between individual algorithms[14, 31] and combinations of the individual
algorithms: hybrid and composite solutions. A hybrid approach[21] follows a black
box paradigm, in which various individual matchers are synthesized into a new
algorithm, while the composite matchers allow an increased user interaction[6, 8].
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The approach characteristic also takes into account issues like processing type,
matching ground and execution parameter (cf. Tab. 2).
Factor

DIMENSION: APPROACH CHARACTERISTIC
Description

Matcher Type (algorithm is a(n):
individual matcher
combined matcher

computes a mapping based on a single matching criteria
uses multiple individual matchers

Processing (algorithm supports:)
manual execution
white box paradigm

manual execution
semi-automatic execution where the human intervention
is possible
black box paradigm
automatic execution without human intervention
manual preprocessing allowed / required human intervention before the execution
is allowed or even required
manual postprocessing allowed /required human intervention after the execution
is allowed or even required
simultaneous execution
the single matching algorithms (within a composite matcher) can be
executed simultaneously
sequential execution
the single matching algorithms (within a composite matcher) can be
executed sequentially
Kind of Similarity Relation (algorithm performs:)
syntactic matching

similarity based on syntax driven techniques and syntactic
similarity measures; relation computed between labels at nodes[29]
relation computed between concepts at nodes[29]

semantic matching

Matcher Level (algorithm can perform on:)
element level
structure level
atomic level

match performed for individual schema elements
match performed for complex schema structures
elements at the finest level of granularity are considered
e.g. attributes in an XML schema[26]
e.g. XML elements

non-atomic (higher) level
Matching Ground
heuristic
formal

“guessing” relations between similar labels or graph structures[28]
uses formal techniques (e.g. can have model-theoretic semantics
which is used to justify the results)[28]

Semantic Codiﬁcation Type(algorithm uses:)
implicit techniques
syntax driven techniques[28](e.g. considers labels as strings)
explicit techniques
exploit the semantics of labels[28]; uses an external sources
for assessing the meaning of labels
Execution Parameter (algorithm needs:)
max time of execution
max disc space for execution
precision
recall

2.3

describes the maximal needed time of execution
describes the maximal needed disc space
expresses the proportion of retrieved matches which are relevant[34]
expresses the proportion of relevant documents retrieved[34]
Table 2. Approach characteristic

Usage Characteristic

One of the fundamental requirements for the realization of the vision of the fully
developed Semantic Web are “tried and tested” ontology matching algorithms.
Though containing valuable ideas and techniques some of the current matching
approaches lack exhaustive testing in real world scenarios. Considering this problem and additionally making allowance for the fact that some of the algorithms
cannot be applied across various domains to the same eﬀect[14], it is important to know, if a particular approach has already been successfully adapted for
diﬀerent domains, applications and tasks. Additionally, the usage characteristic
dimension also considers diﬀerent types of users: ontology engineers who e.g.
look for means to compare sources for building a new ontology or Web Services
seeking automatized methods to generate mediation ontologies (cf. Tab. 3).
2.4

Output Characteristic

In addition to the input, approach and usage dimensions, the output characteristic (cf. Tab. 4) plays a decisive role in the process of selecting the suitable
matching algorithm. Depending on the given requirements, an application can
for example need a matcher that considers only some of elements of the schemes,
while other systems might lack a match for all elements. One of the key factors
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in this dimension is the cardinality (global vs. local cardinality) which speciﬁes whether a matcher compares one or more elements of one scheme with one
or more elements of another scheme (in some cases the results are based on a
one-to-one mapping between taxonomies[7] and in others on one-to-n).
DIMENSION: USAGE CHARACTERISTIC
Description

Factor

Usage goal (algorithm is build for:)
local use
network use
internet-based use

approach developed for local use
approach developed for network use
approach developed for internet-based use

Application Area (algorithm is build for:)
reuse of sources
usage of sources
integration
translation

the matching approach is applied to ontology reuse which may be
defined as a process in which available knowledge is used as input to generate new ontologies
the matching approach is applied to use the ontologies (within an application)
e.g. to compare profiles
reusing available source ontologies within a range to build a new ontology which serves
at a higher level in the application than that of various ontologies in ontology libraries[19]
ontology translation is required when translating data sets, generating ontology
extensions, and querying through different ontologies[10]

Usage type (algorithm is:)
applicable by human
approach can be used only by humans (human interaction indispensable)
applicable by machine approach can be used by machine as a service
Adaption parameter (algorithm has been applied for:)
number of domains
number of applications
number of tasks
reference of usage

number
number
number
has the

Factor

of different domains the matching approach was applied for
of different applications the matching approach was applied for
of different tasks the matching approach was applied for
approach been utilized by other users
Table 3. Usage characteristic

DIMENSION: OUTPUT CHARACTERISTIC
Description

Output type
deliver relations

the output of most matching systems is a set of the correspondences
between attributes of schemas
deliver value
e.g. matcher used to determine the semantic similarity between concepts
deliver understandable matcher delivers some explanations of the results
(for humans) results
Matching Cardinality
global 1:1
global n:1
global 1:m
global n:m
local 1:1
local n:1
local 1:m
local n:m

relationship cardinalities between matching elements w.r.t different
mapping elements[26]

relationship cardinalities between matching elements w.r.t an individual
mapping element[26]

Execution Completeness
full match
partial match
injective match
surjective match

2.5

considers all elements of the schemes
considers only some elements of the schemes
all elements of the domain are mapped to elements of the range
all elements of the range are mapped to elements of the domain
Table 4. Output characteristic

Documentation Characteristic

Due to the fact that documentation is an essential part of every software product and in many ways it is even more important than the program code[18] the
information about its quality and clarity can be signiﬁcant for the selection of
an approach. Furthermore, since one of the goals of documentation is to provide
suﬃcient information so that an architecture can be analyzed for suitability to
the purpose[4], it could be a determining coeﬃcient for the selection of a particular algorithm, especially if the algorithm is to be reused in a diﬀerent context
from the domain or application it was originally developed for (cf. Tab. 5).

2.6

Cost Characteristic

The last dimension, cost characteristic, describes the ﬁnancial factors regarding
the (commercial) usage of a single matching approach like the matcher licence
or the access to the appropriate matcher interface (cf. Tab. 6).
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Factor

DIMENSION: DOCUMENTATION CHARACTERISTIC
Description

quality of documentation
quality of the available documentation
clarity of documentation
clarity of the available documentation
clarity of maturity description clarity of the description of the approach’s maturity
availability of examples
are examples of the approach available
Table 5. Documentation characteristic

Factor

DIMENSION: COST CHARACTERISTIC
Description

costs of matcher licence
costs of matcher tool licence

the costs that have to be paid for the matcher licence
the costs that have to be paid for the using of the tools
matcher have been developed with
costs of access matcher interface the costs that have to be paid for the using of interface
Table 6. Cost characteristic

3

A Method to Detect Suitable Matching Approaches

In the previous section we introduced the multilevel characteristic for matching
approaches that provides a framework for matcher description. It can be used as
a basic principle in the process of comparing diﬀerent algorithms to determine
an appropriate approach w.r.t the given circumstances.
As long as decisions rely on single criterion that serves as the basis for comparison
of alternatives or the scales of the diﬀerent criteria are consistent and numeric
measures accurately capture expected performance, summary statistics or, in
some cases, just acting on the human instinct may be suﬃcient for the decision
making process. However, when the decision depends on multiple criteria and
scales are not consistent the process becomes very complex and diﬃcult, and the
involvement of qualitative as well as quantitative methodologies or tools is indispensable. Consequently, in such cases a multi criteria decision making process
is required, otherwise known as a Multi Criteria Decision Analysis (MCDA),
which is a procedure that aims to support decision makers whose problems are
concerned with numerous and conﬂicting criteria. Such methods developed for
better model decision scenarios vary in their mathematical rigor, validity, and
design[15]. One of such method, a methodology for supporting a decision making
process called Analytic Hierarchy Process (AHP) takes into account the considerations of Hahn[17] regarding the need for a structured results-based approach
for decision making that allows trade-oﬀs into the systematic method, including
all perspectives and considerations. The AHP is a systematic approach developed
to structure the expectance, intuition, and heuristics based decision making into
a well-deﬁned methodology on the basis of sound mathematical principles[1]. It
helps to set priorities and to make the best decision when both qualitative and
quantitative aspects of a decision need to be considered[27], i.e. AHP provides
a mathematically rigorous application and proven process for prioritization and
decision-making. By reducing complex decisions to a series of pair-wise comparisons and then synthesizing the results, decision-makers arrive at the best
decision based on a clear rationale. It is generally accepted, that AHP constitutes one of the best options to aid multi-criteria decision making since it does
not use the normalized groups of separate numbers which destroy the lineal relationship among them[11]. Instead it compares the relative importance that each
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criterion has with respect to the others, while enabling the relative weight of the
criteria to be calculated. Finally it normalizes the weights in order to obtain the
measures for the existing alternatives. The AHP-method consists of:
STEP 1 - deﬁne the problem or the project objectives: e.g. buying a car;
STEP 2 - build a hierarchy of decision: AHP provides a means to break
down the problem into a hierarchy of subproblems (hierarchy of goal, criteria,
sub-criteria and alternatives) which can more easily be comprehended and subjectively evaluated[1]. At the root of the hierarchy is the goal (e.g. suitable car)
or objectives of the problem in question, the leaf nodes are the alternatives (e.g.
Mercedes, VW) which are to be compared and between these two levels are
various criteria (c) and sub-criteria (sc) (e.g. c-car comfort: sc-air condition, scleather seat; c-car security: sc-ABS, sc-airbag and c-car body design)
STEP 3 - data collection; data is collected from domain experts corresponding to the hierarchical structure in the pairwise comparison of the alternatives
on a qualitative scale. This step assesses the characteristics of each alternative
(e.g. Alternative 1 (Mercedes) is much better then Alternative 2 (VW) w.r.t
leather seats, airbag and car body design but Alternative 2 (VW) is better then
Alternative 1 (Mercedes) considering ABS and air condition).
STEP 4 - build a pairwise comparison: for each level of criteria (sub-criteria
and criteria) a pairwise comparison between the sibling nodes is to be built and
organized into square matrix4 (e.g. car security is much more important than
car body design and more important than car comfort while car comfort is only
a little bit more important than car body design).
STEP 5 - calculate the ﬁnal result: the ratings of each alternative (cf. step
3) is multiplied by the weight of the sub-criteria (cf. step 4) and aggregated to get
local ratings with respect to each criterion. The local ratings are then multiplied
by the weights of the criteria (cf. step 4) and aggregated to the global ratings.
The ﬁnal value is used to make a decision about the problem deﬁned in the step 1.

4

Applying AHP for the Matcher Selection

To allow a selection of matching approaches based on a mathematically rigorous
method that provide a proven process for prioritization and decision-making the
abovementioned process AHP is to be applied. By reducing complex decisions,
i.e. which matching is suitable for a given set of requirements, to a series of
pair-wise comparisons (dimensions, factors and attributes) and synthesizing the
results (list of possible algorithms) decision-makers arrive at the best decision
(the best matching approach) based on a clear rationale[27]. In the following we
give a brief overview of how the AHP steps described in the Section 3 can be
applied to the process of matcher selection taking into account some tool support
for the data collection and calculation of the best alternative.
STEP 1: The problem to be solved: “Which matching approach is currently
relevant w.r.t the given application requirements?”
4

For details see[27]
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STEP 2: The hierarchy of decision is built using the hierarchical tree described
in Section 2 whereby the goal is to “ﬁnd a suitable approach” (level 0) which is
connected though three levels of criteria: 1st level - dimensions, 2nd level - factors
and 3rd level - attributes with the alternative matching approaches (cf. Fig. 2)
0 Level:
Problem (Goal)
1st Level:
DIimensions

FIND A SUITABLE APPROACH

INPUT

APPROACH

USAGE

OUTPUT

COSTS

DOC

2nd Level:
Factors

3rd Level:
Attributes

4rd Level:
Alternatives

Matcher 1

Matcher 2

...

Matcher n

Fig. 2. AHP hierarchy structure (Detection of the suitable matching approach)

STEP 3: In order to collect data about the diﬀerent alternatives of matching
approaches and to be able to conduct the pairwise comparisons we ﬁrstly need
the relevant information about the particular alternatives. For this reason we
have developed (following the hierarchical structure of the matching characteristic) an online questionnaire (to be ﬁll out by the domain and matching experts)
that allows the addition and rating (by usage of a predeﬁned scale from 0 to 8) of
new matching alternatives. When a new matcher is added via the questionnaire
into the collection of the alternatives, all available alternatives in the system are
automatically weighted against the new approach. Given two matcher alternatives m1 , m2 and criteria c as well as the user deﬁned weighings for the single
approach w(c)m1 and w(c)m2 the weighings for the pairwise comparisons (between alternatives m1 , m2 ) w(c)m1 ,m2 and w(c)m2 ,m1 are calculated as follows:
(i)w(c)m1 ,m2 = w(c)m1 − w(c)m2 ; (ii)w(c)m2 ,m1 = w(c)m2 − w(c)m1 . PHPSurveyor5 is used as the tool for providing the online questionnaire. The collected
data regarding the matcher alternatives from the questionnaire is stored in a
questionnaire database (MySQL) while an additional database (AHP database)
stores the weighting results of the pairwise comparisons (cf. Fig. 3).
Users of the matching
approaches

Domain experts

Online
questionnaire

AHP
Database

AHP Tool

Questionnaire
Database

Fig. 3. AHP Tool with online questionnaire
5

http://www.phpsurveyor.org
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STEP 4: To enable a user-friendly pairwise comparison of the criteria from the
multilevel hierarchy matcher characteristic we developed a tool which supports
the processing of the AHP method6 . Since the users of the AHP-tool have deﬁned the requirements of their application w.r.t the suitable matching approach,
they are able to weight the criteria (dimensions, factors and attributes) in the
pairwise comparison on the scale from 0 - equal (two criteria have the same importance) to 8 - extremely important (one criteria is much more relevant than
the other) concerning their system speciﬁcation. This means, that for each level
of criteria the users build a pairwise comparison between the sibling nodes: they
weight the attributes against attributes, factors against factors and dimensions
against dimensions (e.g. within the factor formality level the attribute formal
(ontologies) is more important than informal, cf. Fig. 4).

Fig. 4. AHP tool: weighed attributes

STEP 5: The decision regarding the determination of the suitable matching
approach deﬁned in the step 1 is based on the ranking r(goal) of a matcher
alternative m. The ranking reﬂects the global importance of the approach according to the alternative weightings performed in step 3 as well as criteria
weightings from step 4 and is calculated as followed:
ccrit = {n|n
⎧ child of crit}
⎨|getWeight(m, crit)|,
if crit is at lowest hierarchy level

r(crit) =
r(n)
·
|getWeight(m,
n)|,
otherwise
⎩
n∈ccrit

The higher a matcher alterative m is weighted for various criteria, with each
criteria weighted with respect to the users requirements, the higher the priority
of the particular approach in the entire ranking. Following this weighting process
the AHP tool supports the creation of a ranking of the alternatives in depending
upon the multilevel hierarchy matcher characteristic, weightings of these characteristics as well as weightings of the alternatives that shows the priority of each
alternative for the deﬁned goal.
6

AHP tool is a modiﬁcation of the Java AHP tool JAHP; http://www2.lifl.fr/
∼morge/software/JAHP.html
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5

Conclusion

In this paper we presented the adaption of the Analytic Hierarchy Process (AHP)
to the process of detection of a suitable matching approach. The proposed strategy for the decision making based on multilevel characteristic for matching approaches and supported by the AHP tool enables e.g. domain experts with poor
expertise in ontology matching ﬁeld to ﬁnd appropriate approach w.r.t their
application requirements. The future work will be dedicated to the collection
of further matcher alternatives (with help of the online questionnaire) and the
application of the AHP tool into the various Semantic Web scenarios connected
with the evaluation of the entire framework.
Acknowledgements: This work has been partially supported by the Knowledge Nets
project, which is part of the InterVal- Berlin Research Centre for the Internet Economy,
funded by the German Ministry of Research (BMBF) and by the EU Network of
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Abstract. In open and dynamic environments, agents will usually differ in the
domain ontologies they commit to and their perception of the world. The availability of Alignment Services, that are able to provide correspondences between
two ontologies, is only a partial solution to achieving interoperability between
agents, because any given candidate set of alignments is only suitable in certain
contexts. For a given context, different agents might have different and inconsistent perspectives that reﬂect their differing interests and preferences on the
acceptability of candidate mappings, each of which may be rationally acceptable.
In this paper we introduce an argumentation-based negotiation framework over
the terminology they use in order to communicate. This argumentation framework relies on a formal argument manipulation schema and on an encoding of
the agents preferences between particular kinds of arguments. The former does
not vary between agents, whereas the latter depends on the interests of each agent.
Thus, this approach distinguishes clearly between the alignment rationales valid
for all agents and those speciﬁc to a particular agent.

1

Introduction

Traditionally ontologies have been used to achieve semantic interoperability between
software applications, as such applications provide the deﬁnitions of the vocabularies
they use to describe the world [12], and they have proved especially effective when systems are embedded in open, dynamic environments, such as the Web and the Semantic
Web [4]. Interoperability relies on the ability to reconcile the differences between heterogeneous ontologies [18]. This reconciliation usually relies on the existence of correspondences (or mappings) between different ontologies (ontology alignment [11]), and
uses them in order to interpret or translate messages exchanged by applications. Such
correspondences may be generated by a variety of different matching algorithms [16] 4 ,
and their production usually requires several steps. These can include the deﬁnition of
an initial alignment, or the training over some examples, and these invariably involve
some form of interpretation of preliminary results [10]. Therefore, approaches to ontology alignment can only be effective when used to support semantic interoperation
at design time in closed or partially open environments, where the actors involved are
often known, where ontology changes are controlled and thus the alignments can be
established before the systems interact. However, these approaches are not sufﬁcient
to support semantic interoperation in open environments, where systems can dynamically join or leave and no prior assumption can be made on the ontologies to align. In
4

A comprehensive review can be found at http://www.ontologymatching.org
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such environments, the different systems involved need to agree on the semantics of
the terms used during the interoperation, and reaching this agreement can only come
through some sort of negotiation process [1].
This paper extends the notion of reaching agreement through automated negotiation
(i.e. without human intervention) by considering the type of systems that need to interoperate, which can affect how the negotiation should proceed. Speciﬁcally, autonomous
agents (within an open environment) may perform different tasks depending on their
state and the service providers they interact with. Thus, such agents will differ in the
domain ontologies they commit to [12]; and their perception of the world (and hence
the choice of vocabulary used to represent concepts). Imposing a single, universally
shared ontology on agents is not only impractical because it would result in assuming
a standard communication vocabulary (and thus violate the dynamics of open environments) but it also does not take into account the conceptual requirements of services
that could appear in future. Instead, every agent assumes its own heterogeneous private
ontology, which may not be understandable by other agents. The availability of Alignment Services that are able to provide correspondences between two ontologies is only
the beginning of a solution to achieving interoperability between agents, as any given
candidate set of alignments is only suitable in certain contexts. For a given context,
agents might have different and inconsistent perspectives; i.e. interests and preferences,
on the acceptability of a candidate mapping, each of which may be rationally acceptable. This may be due to the subjective nature of ontologies, to the context and the
requirement of the alignments and so on. For example, an agent may be interested in
accepting only those mappings that have linguistic similarities, since its ontology is too
structurally simple to realise any other type of mismatch. In addition, any decision on
the acceptability of these mappings has to be made dynamically (at run time), due to
the fact that the agents have no prior knowledge of either the existence or constraints of
other agents.
In order to address this problem, we present a framework to support agents to negotiate agreement on the terminology they use in order to communicate, by allowing them
to express their preferred choices over candidate correspondences. This is achieved by
adapting argument-based negotiation to deal speciﬁcally with arguments that support
or oppose the proposed correspondences between ontologies. The set of potential arguments are clearly identiﬁed and grounded on the underlying ontology languages, and
the kinds of mapping that can be supported by any such argument are clearly speciﬁed.
Speciﬁcally, we use a value-based argumentation framework [2], allowing each agent to
express its preferences between the categories of arguments that are clearly identiﬁed in
the context of ontology alignment. Our approach is able to give a formal motivation for
the selection of any correspondence, and enables consideration of an agents’ interests
and preferences that may inﬂuence the selection of a given correspondence. Therefore,
this work provides a concrete instantiation of the ”meaning negotiation” process that
we would like agents to achieve. Moreover, in contrast to current ontology matching
procedures, the choice of alignment is based on two clearly identiﬁed elements: (i) the
argumentation framework, which is common to all agents, and (ii) the preference relations which are private to each agent.
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The remainder of this paper is structured as follows. Section 2 presents the argumentation framework and how it can be used. Section 3 deﬁnes the various categories
of arguments that can support or attack mappings. Section 4 describes our agent model
and discusses how agents should reach agreement. An example illustrating the argumentation process is given in Section 5, followed concluding remarks in Section 65 .

2

Argumentation Framework

This paper focuses on autonomous agents situated within an open system. Each agent
has a knowledge base, expressed using one of several possible ontologies. The mental
attitudes of an agent towards correspondences are represented in terms of interests and
preferences, which represent the motivations of the agent, and thus determine whether
a mapping is accepted or rejected. The preferences are represented as a (partial or total)
pre-ordering of preferences over different types of ontology mismatches (Pref )6 .
For agents to communicate, they ﬁrst need to establish a mutually acceptable set
of alignments between their ontologies. Potential alignments are generated at design
time (by a variety of different ontology-matching approaches [16]), and provided at
run-time by a dedicated agent, called an Ontology Alignment Service (OAS) (Figure 1).
An alignment consists of a set of correspondences between the two ontologies. A correspondence (or a mapping) can be described as a tuple: m = e, e , n, R , where e and e
are the entities (concepts, relations or individuals) between which a relation is asserted
by the correspondence; n is a degree of conﬁdence in that correspondence; and R is
the relation (e.g., equivalence, more general, etc.) holding between e and e asserted
by the correspondence [16]. A candidate mapping is a correspondence (provided by an
OAS) that could be used by the agents to align their ontologies. Each correspondence
m is accompanied by a set of justiﬁcations G, which provide an explanation as to why
the correspondence was generated7 . This information is used by the agents when generating and exchanging arguments, for and against a candidate mapping. In addition,
every agent has a private threshold value ε which will be compared to the degree of
conﬁdence, n, of a mapping, to decide whether it should be considered.
In order for the agents to consider potential mappings and the reasons for and against
accepting them, we use an argumentation framework based on Value-based Argument
Frameworks (VAFs) [2], that extends Dong’s classical argument system [7]8 .
Deﬁnition 1. An Argumentation Framework (AF ) is a pair AF = AR, A , where
AR is a set of arguments and A ⊂ AR × AR is the attack relationship for AF . A
comprises a set of ordered pairs of distinct arguments in AR. A pair x, y is referred
to as ”x attacks y”. We also say that a set of arguments S attacks an argument y if y is
attacked by an argument in S.
5
6

7

8

A survey of related work is given in an extended version of this paper [13].
Although the agents’ ontologies may differ, we eliminate the problem of integrating different
ontology languages by assuming that ontologies are encoded in the same language, i.e. OWL.
Although few approaches for ontology alignment provide justiﬁcations [17, 5], tools such as
[9] combine different similarity metrics which can be used to provide necessary justiﬁcations.
More details can be found in an extended version of this paper [13].
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Fig. 1. Reaching agreement over ontology alignments

An argumentation framework can be simply represented as a directed graph whose
vertices are the arguments and whose edges correspond to the elements of A. In this
paper, we are concerned only with arguments about mappings. We can therefore deﬁne
arguments as follows:
Deﬁnition 2. An argument x ∈ AF is a triple x = G, m, σ where m is a correspondence e, e , n, R ; G is the grounds justifying a prima facie belief that the correspondence does, or does not hold; σ is one of {+, −} depending on whether the argument
is that m does or does not hold.
An argument x is attacked by the assertion of its negation ¬x, namely the counterargument, deﬁned as follows:
Deﬁnition 3. An argument y ∈ AF rebuts an argument x ∈ AF if x and y are arguments for the same mapping but with different signs, e.g. if x and y are in the form
x = G1 , m, + and y = G2 , m, − , x counter-argues y and vice-versa.
Moreover, if an argument x supports an argument y, they form the argument (x →
y) that attacks an argument ¬y and is attacked by argument ¬x.
When the set of such arguments and counter arguments have been produced, it is
necessary for the agents to consider which of them they should accept.
Deﬁnition 4. Let AR, A be an argumentation framework. Let R, S, subsets of AR.
An argument s ∈ S is attacked by R if there is some r ∈ R such that r, s ∈ A. An
argument x ∈ AR is acceptable with respect to S if for every y ∈ AR that attacks x
there is some z ∈ S that attacks y. S is conﬂict free if no argument in S is attacked by
any other argument in S. A conﬂict free set S is admissible if every argument in S is
acceptable with respect to S. S is a preferred extension if it is a maximal (with respect
to set inclusion) admissible subset of AR.
In addition, an argument x is credulously accepted if there is some preferred extension containing it; whereas x is sceptically accepted if it is a member of every preferred
extension. The key notion here is the preferred extension which represents a consistent
position within AF , which is defensible against all attacks and which cannot be further
extended without becoming inconsistent or open to attack.
In order to take into account that, for a given situation, agents might have different
point of view, we are concerned by a set of audiences, which adhere to different argu-
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ment with a different strengths. Therefore we use a Value-based Argumentation Framework , which prescribes different strengths to arguments on the basis of the values they
promote and the ranking given to these values by the audience for the argument. This
allows us to systematically relate strengths of arguments to their motivations, and to
accommodate different audiences with different interests and preferences.
Deﬁnition 5. A Value-Based Argumentation Framework (V AF ) is deﬁned as AR, A, V, η ,
where (AR, A) is an argumentation framework, V is a set of k values which represent
the types of arguments and η: AR → V is a mapping that associates a value η(x) ∈ V
with each argument x ∈ AR
In section 3, the set of values V will be deﬁned as the different types of ontology mismatch, which we use to deﬁne the categories of arguments and to assign to each argument one category.
Deﬁnition 6. An audience for a V AF is a binary relation R ⊂ V × V whose (irreﬂexive) transitive closure, R∗ , is asymmetric, i.e. at most one of (v, v  ), (v  , v) are members
of R∗ for any distinct v, v  ∈ V. We say that vi is preferred to vj in the audience R,
denoted vi R vj , if (vi , vj ) ∈ R∗ .
Let R be an audience, α is a speciﬁc audience (compatible with R) if α is a total
ordering of V and ∀ v, v  ∈ V, (v, v  ) ∈ α ⇒ (v  , v) ∈ R∗
In this way, we take into account that different agents (represented by different audiences) can have different perspectives on the same candidate mapping. Acceptability
of an argument is deﬁned in the following way: 9
Deﬁnition 7. Let AR, A, V, η be a V AF and R an audience.
a. For arguments x, y in AR, x is a successful attack on y (or x defeats y) with respect
to the audience R if: (x, y) ∈ A and it is not the case that η(y) R η(x).
b. An argument x is acceptable to the subset S with respect to an audience R if: for
every y ∈ AR that successfully attacks x with respect to R, there is some z ∈ S
that successfully attacks y with respect to R.
c. A subset S of AR is conﬂict-free with respect to the audience R if: for each (x, y) ∈
S × S, either (x, y) ∈ A or η(y) R η(x).
d. A subset S of AR is admissible with respect to the audience R if: S is conﬂict free
with respect to R and every x ∈ S is acceptable to S with respect to R.
e. A subset S is a preferred extension for the audience R if it is a maximal admissible
set with respect to R.
f. A subset S is a stable extension for the audience R if S is admissible with respect to
R and for all y ∈ S there is some x ∈ S which successfully attacks y with respect
to R.
In order to determine whether the dispute is resolvable, and if it is, to determine the
preferred extension with respect to a value ordering promoted by distinct audiences, [2]
introduces the notion of objective and subjective acceptance as follows:
9

Note that all these notions are now relative to some audience.
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Deﬁnition 8. Given a V AF , AR, A, V, η , an argument x ∈ AR is subjectively acceptable if and only if, x appears in the preferred extension for some speciﬁc audiences
but not all. An argument x ∈ AR is objectively acceptable if and only if, x appears
in the preferred extension for every speciﬁc audience. An argument which is neither
objectively nor subjectively acceptable is said to be indefensible.
Next, we deﬁne the various types of arguments that can be distinguished for supporting or attacking correspondences.

3

Arguments for Correspondences

Potential arguments are clearly identiﬁed and grounded on the underlying ontology language OWL. Therefore, the grounds justifying correspondences can be extracted from
the knowledge in ontologies10 . Our classiﬁcation of the grounds justifying correspondences is the following:
semantic (M ): the sets of models of two entities do or do not compare;
internal structural (IS): two entities share more or less internal structure (e.g., the
value range or cardinality of their attributes);
external structural (ES): the set of relations, each of two entities have, with other
entities do or do not compare;
terminological (T ): the names of two entities share more or less lexical features;
extensional (E): the known extension of two entities do or do not compare.
These categories correspond to the type of categorizations underlying ontology matching algorithms [18]. In our framework, we will use the types of arguments described
above as types for the V AF ; hence V = {M, IS, ES, T, E}. For example, an audience may specify that terminological arguments are preferred to semantic arguments,
or vice versa. Note that this may vary according to the nature of the ontologies being
aligned. Semantic arguments will be given more weight in a fully axiomatised ontology,
compared to that in a lightweight ontology where there is very little reliable semantic
information on which to base such arguments.
Table 1 presents a sample set of argument schemes, instantiations of which will
comprise AR. Attacks between these arguments will arise when we have arguments
for the same mapping but with conﬂicting values of σ, thus yielding attacks that can
be considered symmetric. Moreover, the relations in the mappings can also give rise to
attacks: if relations are not deemed exclusive, an argument against inclusion is a fortiori
an argument against equivalence (which is more general).
Example 1. Consider a candidate mapping m = c, c , , ≡ between two OWL ontologies O1 and O2 , with concepts c and c respectively. An argument for accepting the
mapping m may be that the labels of c and c are synonymous. An argument against
may be that some of their super-concepts are not mapped.
In V AF s, arguments against or in favour of a candidate mapping are seen as grounded
on their type. In this way, we are able to motivate the choice between preferred extensions by reference to the type ordering of the audience concerned. Moreover, the
10

This knowledge includes both the extensional and intensional OWL ontology deﬁnitions.
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pre-ordering of preferences Pref for each agent will be over V, that corresponds to the
determination of an audience.
Table 1. Argument scheme for OWL ontological alignments
Mapping σ
Grounds
Comment
e, e , n, ≡ + ∃mi = ES(e), ES(e ), n , ≡ e and e have mapped neighbours (e.g., super-entities,
sibling-entities, etc.) of e are mapped in those of e
e, e , n,  + ∃mi = ES(e), ES(e ), n , ≡ (some or all) Neighbours (e.g., super-entities, sibling-entities,
etc.) of e are mapped in those of e
c, c , n,  + ∃mi = IS(c), IS(c ), n , ≡ (some or all) Properties of concept c are mapped to those
of concept c
c, c , n,  - ∃mi = IS(c), IS(c ), n , ≡ No properties of c are mapped to those of c
e, e , n, ≡ + ∃mi = E(e), E(e ), n , ≡
(some or all) Instances of e and e are mapped
e, e , n,  + ∃mi = E(e), E(e ), n , ≡
(some or all) Instances of e are mapped to those of e
e, e , n, ≡ +
label(e) ≈T label(e )
Entities’s labels share lexical features (e.g., synonyms
and lexical variants)

e, e , n, 


e, e , n, ≡ label(e) ≈T label(e )
Entities’ labels do not share lexical features (e.g., homonyms)
e, e , n, 

Although in V AF s there is always a unique non-empty preferred extension with
respect to a speciﬁc audience, provided the AF does not contain any cycles in a single argument type, an agent may have multiple preferred extensions either because no
preference between two values in a cycle has been expressed, or because a cycle in a
single value exists. The ﬁrst may be eliminated by committing to a speciﬁc audience,
but the second cannot be eliminated in this way. In our domain, where many attacks are
symmetric, two cycles will be frequent and in general an audience may have multiple
preferred extensions.
Thus, given a set of arguments justifying mappings organised into an argumentation framework, an agent will be able to determine which mappings are acceptable by
computing the preferred extensions with respect to its preferences. If there are multiple
preferred extensions, the agent must commit to the arguments present in all preferred
extensions, but it has some freedom of choice with respect to those in some but not all
of them.
Based on the above considerations, we thus deﬁne an agreed correspondence and an
agreeable correspondence as follows. An agreed correspondence is the correspondence
supported11 by those arguments which are in every preferred extension of every agent.
An agreeable correspondence is the correspondence supported by arguments which are
in some preferred extension of every agent. Thus, the agents will reach a common consensus over a speciﬁc mapping m only if the mapping m is an agreed correspondence.
However, if a mapping m is an agreeable correspondence for a given agent Ag, this
mean that such mapping can only be considered valid and consensual for that agent.
In the next section, we present a model of agents which put forward arguments and
take into account other arguments coming from their interlocutors.

4

Model of Persuasive Agents

In this paper, we are assuming a multi-agent setting containing persuasive agents that
do not use the same ontology. Each agent considers the repertoire of argument schemes
11

Note that a correspondence m is supported by an argument x if x is G, m, +
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available to it, and is able to generate a set of arguments and counter-arguments by
instantiating these schemes with respect to its interests. Moreover, the agents can record
their interlocutors arguments in a commitment store CS [14] and individually evaluate
them. Therefore, our persuasive agent can be deﬁned as follows:
Deﬁnition 9. An agent Agi is deﬁned by a 5-tuple Oi , V AFi , CSji , Pref, ε where Oi
is the private ontology; V AFi = ARi , Ai , V, η is the Valued-based Argumentation
Framework of the agent Agi ; CS ij is a commitment store, i.e. a set of arguments where
CSji (t) contains propositional commitments taken before or at time t between the Agi
and other interlocutors; P ref is the private pre-ordering of preferences over V and ε
is the private threshold value.
The set of arguments are not necessarily disjoint.
 The set of arguments shared by all
agents are called common arguments: ARc ⊆ x∈ARi ARi ∈ V AF i . Instead, the
values V = {M, IS, ES, T, E} are common and shared by all audiences.
In order to take into account the arguments notiﬁed in the commitment stores, we
extend the deﬁnition of valued-based argumentation framework with the following:
Deﬁnition 10. An extended Value-Based Argumentation
Framework V AF + is deﬁned

+
+
i
+
+
as AR , A , V, η , where AR = AR ∪ { j =i CS j }. The deﬁnition of A+ and η +
are now related to AR+
Now, we can deﬁne the notion of conviction as follows:
Deﬁnition 11. Let Agi be an agent associated with the extended valued-based argumentation framework, V AF + and x be an argument provided by another agent Agj .
The agent Agi is convinced by the argument x iff x is acceptable with respect to all
audience R, with Agi ∈ R .
Given this model, in order to determine the acceptability of a potential correspondence, it needs to proceed by means of a dialectical exchange, in which a mapping is
proposed, challenged and defended. Many argument protocols have been proposed, e.g.
[15]. Particular dialogue games have been proposed based on Dung’s Argumentation
Frameworks, e.g. [8], and on VAFs [3].
In this paper, we are not considering any speciﬁc protocol or persuasive dialogue.
However, the idea of a dialogue is that agents reply to each other in order to reach the
interaction goal, i.e. an agreement. Thus, given a set of social and autonomous agents,
and a set of potential correspondences {m1 , . . . , mi , . . .}, an agent initiates a persuasion
dialogue when it wants present its viewpoint to the other agents. Speciﬁcally, for each
mapping mi , if the agent wants to accept that mapping, it will put forward arguments
for mi . In the negative case, it will put forward arguments against. If the other agents
have no arguments against/for the mapping, it closes the dialogue. If the players have
the same convictions, the the arguments is acceped and the dialogue closes. Otherwise,
the goal of the dialogue is the resolution of the conﬂict by verbal means, and thus with
an exchange of arguments and counter-arguments.
The dialogue between agents can thus consist simply of the exchange of individual
arguments, from which they can compute acceptable mappings over the CS, by computing the preferred extensions. If necessary and desirable, these can then be reconciled

56

into a mutually acceptable position through a process of negotiation, as suggested in
[6], which deﬁnes a dialogue process for evaluating the status of arguments in a V AF ,
and shows how this process can be used to identify mutually acceptable arguments.
In [13] a detailed approach to argue over alignments and complete argumentation
framework, with a common set of arguments, is proposed.

5

A Walk through Example

Let us assume that some agents or services need to interact with each other using two
independent but overlapping ontologies. The ﬁrst agent, Ag1 uses the bibliographic ontology12 from the University of Toronto, based on bibTeX; whereas the second agent,
Ag2 , uses the General University Ontology13 from Mondeca14 . For space reasons, we
only consider a subset of these ontologies, shown in Table 2, where the ﬁrst and second
ontologies are represented by O1 and O2 respectively.
We will assume that the set of candidate mappings, provided by the Ontology Alignment Service (OAS), is the following::
m1 =O1 : P ress, O2 : P eriodical, n, =; 15
m2 =O1 : publication, O2 : P ublication, n, =;
m3 =O1 : hasP ublisher, O2 : publishedBy, n, =;
m4 =O1 : M agazine, O2 : M agazine, n, =;
m5 =O1 : N ewspaper, O2 : N ewspaper, n, =;
m6 =O1 : Organization, O2 : Organization, n, =.

The generation of the arguments and counter-arguments of the Ag1 and Ag2 are achieved
by instantiating the argumentation schemes, discussed previously, with respect to the
agent’s preferences and threshold. However, here we assume a degree of conﬁdence n
that is above the threshold of both agent, and so will not inﬂuence their acceptability.
Assume now that there are two possible audiences, R1 , which prefers terminology to
external structure, (T R1 ES), and R2 , which prefers external structure to terminology (ES R2 T ). The pre-ordering of preference Pref will correspond to the agent’s
audience. The agents Ag1 and Ag2 take on the part, respectively, of the audience R1
and R2 . For space reasons, we will only evaluate the mapping m1 16 .
The argumentation starts, with the agent Ag1 that wants to reject the mapping m1
and will thus argue against it, forwarding an argument A. A states that none of the superconcepts of the concept O1 : P ress are mapped to any super-concept of O2 : P eriodical.
The agent Ag2 , instead, does not agree and counter-argues with an argument B. B argues for m1 , because two sub-concepts of O1 : P ress, O1 : M agazine and O1 : N ewspaper,
are mapped to two sub-concepts of O2 : P eriodical, O2 : M agazine and O2 : N ewspaper,
as established by m4 and m5 . The agent Ag1 attacks B with the argument C, because O1 : P ress and O2 : P eriodical do not have any lexical similarity. The agent Ag2
12
13
14
15

16

http://www.cs.toronto.edu/semanticweb/maponto/ontologies/BibTex.owl
http://www.mondeca.com/owl/moses/univ.owl
Note that ontology O2 has been slightly modiﬁed for the purposes of this example.
m1 states an equivalence correspondence with conﬁdence n between the concept P ress in
the ontology O1 and the concept P eriodical in the ontology O2
An extended version of this example is provided in [13] .
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Table 2. Excerpts of O1 and O2 ontologies
O1 Ontology
Artif act 
P rint M edia  Artif act
P ress  P rint M edia
M agazine  P ress
N ewspaper  P ress
publication  ∀hasP ublisher.P ublisher
publication  P rint M edia
P ublisher  Organization

O2 Ontology
Document 
P ublication  Document
P eriodical  P ublication
M agazine  P eriodical
N ewspaper  P eriodical
N ewsletter  P eriodical
Journal  P eriodical
P ublication  Document
P ublication  ∀publishedBy.Organization

does not have any other argument to reply to C but it supports the correspondences
m4 , m5 and m6 by six arguments. K, L and M justify the mapping m4 , since, respectively, the labels of O1 : M agazine and O2 : M agazine are lexically similar; their
siblings are mapped, as established by m5 , and their super-concepts; O1 : P ress and
O2 : P eriodical are mapped by m1 . There is a similar situation for the arguments M ,
N and O. Clearly, argument A attacks the arguments D and I.
This position is illustrated in Figure 2, where nodes represent arguments (labelled
with their Id) with the respective type value V. The arcs represent the attacks A, whereas
the direction of the arcs represents the direction of the attack.
Table 3 shows these arguments, labelled with an identiﬁer Id, its type V, and the
attacks A that can be made on it by opposing arguments.
Table 3. Arguments for and against the correspondences m1 , m4 and m5
Id
Argument
A V
A
∃m = superconcept(P ress), superconcept(P eriodical), n, ≡, , m1 , −
B,D,I ES
B
∃m = subconcept(P ress), subconcept(P eriodical), n, ≡, , m1 , +
A,C ES
C
Label(P ress) ≈T Label(P eriodical), m1 , −
B T
D
Label(M agazine) ≈T Label(M agazine), m4 , +
T
E ∃m = siblingConcept(M agazine), siblingConcept(M agazine), n, ≡, , m4 , +
ES
F
∃m = superconcept(M agazine), superconcept(M agazine), n, ≡, , m4 , +
ES
G
Label(N ewspaper) ≈T Label(N ewspaper), m5 , +
T
H
∃m = siblingConcept(N ewspaper), siblingConcept(N ewspaper), m5 , +
ES
I ∃m = superconcept(N ewspaper), superconcept(N ewspaper), n, ≡, , m5 , +
ES

Fig. 2. Value-Based Argumentation Frameworks
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Finally, we can compute the acceptability of the arguments, computing the preferred extensions (see Table 5). Therefore, the arguments accepted by both audiences
Table 4. Preferred Extensions
Preferred Extensions for the framework (a) Audience
{A, C, D, E, G, H} R1
{A, C, D, E, F, G}, {B, I, D, E, F, G} R2
{A, C, D, E, F, G}, {B, I, D, E, F, G}

are {D, E, G, H}. Arguments A, C are, however, both potentially acceptable, since
both audiences can choose to accept them, as they appear in some preferred extension
for each audience. This means that the mapping m1 will be rejected for the agent Ag1
(since B is unacceptable to R1 ), while the mappings m4 and m5 will both be accepted
(they are both accepted by R1 and both acceptable to R2 ). The agreed correspondence
are then m4 and m5 .

6

Summary and Outlook

In this paper we have outlined a framework that provides a novel way for agents, who
use different ontologies, to argue and reach agreement over ontology alignment. This is
achieved using an argumentation process in which candidate correspondences are accepted or rejected, based on the ontological knowledge and the agent’s preferences. Argumentation is based on the exchange of arguments, against or in favour of a correspondence, that interact with each other using an attack relation. Each argument instantiates
an argumentation schema, and utilises domain knowledge, extracted from extensional
and intensional ontology deﬁnitions.
Our approach is able to give a formal motivation for the selection of a correspondence, and enables consideration of an agent’s interests and preferences that may inﬂuence the selection of a correspondence. We believe that this approach will aim at
reaching mutual understanding and communicative work in agents system more sound
and effective. Future work will include experimental testing in order to demonstrate the
practicality of our approach. An interesting topic for future work would be to investigate how to argue about the whole alignments, and not only the individual candidate
mapping.
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Abstract. A lot of attention has been devoted to heuristic methods for discovering semantic mappings between ontologies. Despite impressive improvements,
the mappings created by these automatic matching tools are still far from being
perfect. In particular, they often contain wrong and redundant mapping rules. In
this paper we present an approach for improving such mappings using logical
reasoning in the context of Distributed Description Logics (DDL). Our method is
orthogonal to the matching algorithm used and can therefore be used in combination with any matching tool. We explain the general idea of our approach informally using a small example and present the results of experiments conducted on
the OntoFarm Benchmark which is part of the Ontology Alignment Evaluation
challenge.

1 Motivation
The problem of semantic heterogeneity is becoming more and more pressing in many
areas of information technologies. The Semantic Web is only one area where the problem of semantic heterogeneity has lead to intensive research on methods for semantic
integration. The specific problem of semantic integration on the Semantic Web is the
need to not only integrate data and schema information, but to also provide means to
integrate ontologies, rich semantic models of a particular domain. There are two lines
of work connected to the problem of a semantic integration of ontologies:
– The (semi-) automatic detection of semantic relations between ontologies (e.g., [9,
6, 11, 12, 7]).
– The representation and use of semantic relations for reasoning and query answering
(e.g., [14, 10, 5, 3, 2]).
So far, work on representation of and reasoning with mappings has focussed on
mechanisms for answering queries and using mappings to compute subsumption relationships between concepts in the mapped ontologies. These methods always assumed
that the mappings used are manually created and of high quality (in particular consistent). In this paper we investigate logical reasoning about mappings that are not assumed
to be perfect. In particular, our methods can be used to check (automatically created)
mappings for formal and conceptual consistency and determine implied mappings that
have not explicitly been represented. We investigate such mappings in the context of
Distributed Description Logics [1, 13], an extension of traditional description logics
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with mappings between concepts in different T-boxes. The functionality described in
this paper will become more important in the future because more and more ontologies
are created and need to be linked. For larger ontologies the process of mapping will not
be done completely by hand, but will rely on or will at least be supported by automatic
mapping approaches. We see our work as a contribution to semi-automatic approaches
for creating mappings between ontologies where possible mappings are computed automatically and then corrected manually making use of methods for checking the formal
and conceptual properties of the mappings.
In previous work we have proposed a number of formal properties of mappings in
Distributed Description Logics that we consider useful for judging the quality of a set
of mappings [16]. In this paper, we refine and extend this work in several directions.
Debugging of mappings We propose a process for (semi-)automatically debugging automatically created mappings making use of some of the properties mentioned above.
In particular we use the notion of mapping consistency to detect problems caused by
the mappings. For each potential problem, we determine the minimal set of mapping
rules responsible for the problem (minimal conflict set). For each conflict set, we try to
identify which mapping rule is incorrect and remove it form the mapping.
Implementation On top of the DRAGO reasoning system [15] we built a prototype of
mapping debugger for computing minimal conflict sets with respect to an inconsistency
caused by a mapping as well as some heuristics for automatic repairing of an inconsistent mapping. We further added a minimization functionality for computing minimal
mapping sets from redundant ones.
Experiments We tested the approach using the OntoFarm data set, a set of several rich
OWL ontologies describing the domain of conference management systems [17]. We
used the CtxMatch matching tool to automatically create mappings between each of the
ontologies. We further automatically determined problems (in particular unsatisfiable
concepts) created by the mapping and tried to fix them automatically using the debugging process proposed in this paper. In the concluding step of the experimental study,
we tried to compute for each mapping its logically-equivalent minimal version.
The structure of the paper is as follows. We start with a brief recall of basic definitions of Distributed Description Logics and explanations of the reasoning mechanisms. Then we describe the intuitions of our debugging/minimization approaches using a small example. Finally, we report on some preliminary experimental evaluation of
the techniques proposed in this paper and summarize the results.

2

Distributed Description Logic

Distributed Description Logic framework (DDL) is a formal tool for representing and
reasoning with multiple ontologies pairwise linked by semantic mappings. In this section, we briefly recall some key definitions and properties of DDL relying on the original studies in [1, 13].
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2.1

Syntax and Semantics

Given a set I of indexes, used to enumerate a set of ontologies, a Distributed Description Logics is then a collection {DLi }i∈I of Description Logics. Each ontology i is formalized by a T-box Ti of DLi , so that the initial set of ontologies in DDL corresponds
to a family of T-boxes T = {Ti }i∈I . To distinguish the descriptions from various Ti in
the family, DDL utilizes a prefix notation to pin descriptions to ontologies where they
are considered in, e.g., i : X, i : X  Y . Semantic relations between pairs of ontologies a represented in DDL by bridge rules. A bridge rule from i to j is an expression of
the following two forms:


i : X −→ j : Y – an into-bridge rule

i : X −→ j : Y – an onto-bridge rule
where X and Y are concepts of ontologies Ti and Tj respectively. The derived bridge
≡
rule i : X −→ j : Y can be defined as the conjunction of corresponding into- and
onto-bridge rule.


Intuitively, the into-bridge rule i : Bachelor −→ j : Student states that, from
the j-th point of view the concept Bachelor in i is more specific than its local concept


Student. Similarly, the onto-bridge rule i : Scientif icEvent −→ j : Conf erence
expresses the more generality relation.
A distributed T-box T = T , B consists of a collection of T-boxes T = {Ti }i∈I
and a collection of bridge rules B = {Bij }i=j∈I between them.
The semantics of DDL is based on the key assumption that each ontology Ti in
the family is locally interpreted by interpretation Ii on its local interpretation domain
ΔIi . The semantic correspondences between heterogeneous local domains, e.g., the
representations of a registration fee in US Dollars and in Euro, are modeled in DDL by
a domain relation.
A domain relation rij represents a possible way of mapping the elements of ΔIi

Ij

into the domain ΔIj : rij ⊆ ΔIi × ΔIj such that
 rij denotes {d ∈ Δ | d, dIi ∈
Ii
rij }; for any subset D
 of Δ , rij (D) denotes d∈D rij (d); and for any R ⊆ Δ ×
ΔIj rij (R) denotes d,d ∈R rij (d) × rij (d ). For instance, if ΔI1 and ΔI2 are the
representations of a registration fee in US Dollars and in Euro, then r12 could be a rate
of exchange function, or some other approximation relation.
A distributed interpretation I = {Ii }i∈I , {rij }i=j∈I  of a distributed T-box T =
T , B consists of a family of local interpretations Ii on local interpretation domains
ΔIi , one for each Ti , and a family of domain relations rij between these local domains.
A distributed interpretation I is said to satisfy a distributed T-box T = T , B, written
I |= T, if all T-boxes in T are satisfied
I |= Ti , if Ii |= A  B for all A  B ∈ Ti
and all bridge rules in B are satisfied:


I |= i : X −→ j : Y, if rij (X Ii ) ⊆ Y Ij


I |= i : X −→ j : Y, if rij (X Ii ) ⊇ Y Ij
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Given a distributed T-box T = T , B, one can perform some basic Distributed DL
inferences. A concept i : C is satisfiable with respect to T if there exist a distributed
interpretation I of T such that C Ii = ∅. A concept i : C is subsumed by a concept
i : D with respect to T (T |= i : C  D) if for every distributed interpretation I of T
we have that C Ii ⊆ DIi .
2.2

DDL Inference Mechanisms

Although both in DL and Distributed DL the fundamental reasoning services lay in
verification of concepts satisfiability/subsumption within a certain ontology, in DDL,
besides the ontology itself, the reasoning also depends on other ontologies that affect
it through semantic mappings. This affection consist in the ability of bridge rules to
propagate the knowledge across ontologies in form of subsumption axioms.
The simplest case illustrating the knowledge propagation in DDL is the following:
i : A  B,





i : A −→ j : G, i : B −→ j : H
j:GH

(1)

In languages that support disjunction, the simplest propagation rule can be generalized to the propagation of subsumption between a concept and a disjunction of other
concepts in the following way:
i : A  B1

...

Bn ,





i : A −→ j : G, i : Bk −→ j : Hk (1 ≤ k ≤ n)
j : G  H1 . . . Hn

(2)

The important property of the described knowledge propagation is that it is directional, i.e., bridge rules from i to j support knowledge propagation only from i towards
j. It has been shown in [13] that adding the inference pattern (2) to existing DL tableaux
reasoning methods lead to a correct and complete method for reasoning in DDL. This
method has been implemented in the DRAGO DDL reasoner.

3 The Debugging Process
In this section we will explain the general idea of our approach for improving automatically created mappings based on reasoning about mappings in Distributed Description
Logics using a simple example. In particular, we consider two ontologies in the domain
of conference management systems, the same domain we did our experiments in. For
each ontology, i and j, we only consider a single axiom, namely:
i : Author  P erson

and

j : P erson  ¬Authorization

These simple axioms that describe the concept of a person in two different ontologies – one stating that an author is a special kind of person and the other one stating that
the concepts Person and Authorization (to access submitted papers) are disjoint concept
– are enough to explain the important features of our approach. The approach consists
of the following steps.
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3.1

Mapping Creation

In the first step, we use any existing system for matching ontologies to create an initial
set of mapping hypotheses. In particular, we are interested in mappings between class
names, because these are the kinds of mappings that we can reason about using DDL
framework. In order to support automatical repair of inconsistent mappings later on,
the matching algorithm chosen should ideally not only return a set of mappings, but
also a level of confidence in the correctness of a mapping. For the sake of simplicity,
we assume that we use a simple string matching method that compares the overlap
in concept names and computes a similarity value that denotes the relative size of the
common substring1 . Mappings are created based on a threshold for this value that we
assume to be 1/3. Applying this method to the example will result in the following two
mappings with corresponding levels of confidence:
≡

i : P erson −→ j : P erson, 1.00
≡
i : Author −→ j : Authorization, 0.46
We further assume that the mapping method also applies some structural heuristics
to derive additional mappings and propagates the levels of confidence accordingly. For
instance, the fact that i : P erson is a superconcept of i : Author which is assumed to
be equivalent to j : Authorization may be used to derive the following mapping:


i : P erson −→ j : Authorization, 0.46
In the same way, the fact that i : Author is a subconcept of i : P erson and the fact
that i : P erson is assumed to be equivalent to j : P erson may be used to the following
addition mapping:


i : Author −→ j : P erson, 1.00
We can easily see that the process has produced two incorrect mappings, namely
the ones with a confidence of 0.46. It could be argued that it is easy to get rid of these
incorrect mappings by raising the threshold to 0.5 for instance. This however is no
sustainable solution to the problem, because there might be mappings with a level of
confidence below 0.5 that are correct, on the other hand, there might still be incorrect mappings with a confidence of more than 0.5. Instead of relying on artificially set
thresholds, we propose to analyze the impact of created mappings on the connected
ontologies and to eliminate mappings that have a malicious influence.
3.2

Diagnosis

The mapping set described in the last step now serves as a basis for analyzing the
effect of mappings and detecting malicious mappings. This process is similar to the
well known concept of model-based diagnosis which has already successfully been applied to the task of detecting wrong axioms in single ontologies. Similar to existing approaches for diagnosing ontologies, our starting point are unsatisfiable concepts which
1

of course we use more sophisticated methods in the real experiments
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are interpreted as symptoms for which a diagnosis has to be computed. Compared to
the general task of diagnosing ontologies, we are in a lucky position, because we have
to deal with a much smaller set of potential diagnosis. In particular, we claim that the
ontologies connected in the first step do not contain unsatisfiable concepts. If we now
observe unsatisfiable concepts in the target ontology2 and assuming that the ontologies
themselves are correct, we know that they have to be caused by some mappings in the
mapping set.
To illustrate this situation, we can have a look at our example again. Using existing
techniques for reasoning in DDL, we can derive that the concept Authorization is globally unsatisfiable, i.e., j : AuthorizationI = ∅, because we have Authorzation 
¬P erson and at the same time, we can infer Authorization  P erson. There are
two reasons for this, namely:
j : AuthorizationIj = rij (i : AuthorIi ) ⊆ rij (i : P ersonIi ) = j : P ersonIj
and
j : AuthorizationIj ⊆ rij (i : P ersonIi ) = j : P ersonIj
Interpreting the inconsistency of the concept j : Authorization as a symptom, we
can now try to identify and repair the cause of this inconsistency. For this purpose, we
compute irreducible conflict set for this symptom. Here an irreducible conflict set is
a set of mappings that makes the concept unsatisfiable and has the additional property
that removing a mapping from the set makes the concept satisfiable again. the arguments
above it is easy to see that he have the following irreducible conflict sets:
≡

≡

≡



{i : P erson −→ j : P erson, i : Author −→ j : Authorization}
and
{i : P erson −→ j : P erson, i : P erson −→ j : Authorization}
In classical diagnosis, all conflict sets3 are computed and the diagnosis is computed
from these conflict sets using the hitting set algorithm. For the case of diagnosing mappings this is neither computationally feasible nor does it provide the expected result. In
≡
our example, the hitting set would consist of the mapping i : P erson −→ j : P erson
which, as we sill see later, is the only mapping that actually carries some correct information.
Our solution to the problem is to use an iterative approach that computes an often
not minimal hitting set by determining one conflict set at a time and immediately fixing
it in the way described in the next section. In our example, the algorithm will first
detect the second conflict and fix it, afterwards, the method checks whether the concept
j : Authorization is still inconsistent. As this is the case, the second conflict set will
be detected and fixed as well removing the problem.
2

3

the formal semantics of DDL guarantees that the addition of mappings cannot lead to unsatisfiable concepts in the source ontology
in classical diagnosis often only minimal conflict sets are considered
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3.3

Heuristic Debugging

As mentioned above, the result of the diagnosis step is an irreducible conflict sets, in
particular a set of mappings that make a concept unsatisfiable and with the additional
property that removing one mapping from this set solves the problem in the sense that
the concept becomes satisfiable. The underlying idea of our approach is now that unsatisfiable concepts are the result of wrong mappings. This means that each irreducible
conflict set contains at least one mapping rule that does state a correct semantic relation
between concepts and therefore should not be in the set of mappings. The goal of the
debugging step is now to identify this malicious mapping and remove it from the overall mapping set. If we chose the right mapping for removal the quality of the overall
mapping set should be improved, because a wrong mapping has been removed. In the
case of our example, the first irreducible conflict set that will be considered consists of
the following two mappings one of which we have to remove:
≡

i : P erson −→ j : P erson, 1.00
≡
i : Author −→ j : Authorization, 0.46
There are different ways now, in which a decision about the mapping to remove
could be made. The easiest way is to use an interactive approach where the conflict
sets are presented to a human user who decides which mapping should be removed.
≡
In our case, the user will easily be able to decide that the mapping i : Author −→
j : Authorization is not correct and should be removed. In the second iteration, the
following two mappings will be in the irreducible conflict set:
≡

i : P erson −→ j : P erson, 1.00


i : P erson −→ j : Authorization, 0.46
For this set the user will be able to see immediately that the second mapping should
be removed, because it is not correct. This approach sound trivial, but in the presence of
large mapping sets, providing the user with feedback about potential problems in terms
of small conflict sets is of great help and often reveals problems that are hard to see
when looking at the complete mapping set.
We can also try to further automate the debugging process by letting the system
decide, which mapping rule to eliminate. In cases where the matching system already
provides a measure of confidence, this is again quite simple, as we can simply remove
the mapping rule with the lowest degree of confidence. In our case this is again the rule
≡
i : Author −→ j : Authorization and removing it will lead to a better mapping set.
It is not always possible, however, to rely on the confidence provided by the matching
system, either because the system simply does not provide any or because the levels
of confidence provided are not informative. In our experiments, we often had the situation where all mapping even though they were conflicting had a confidence of 100%
attached. In this case, we have to think of a new way of ranking mappings. An approach
that we used in our experiments that turned out to work quite well is to compute the
semantic distance of the concept names involved using WordNet synsets. For the example above it is clear that this heuristic will also lead to an exclusion of the second
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rule, because the class names in the first rule are equivalent and therefore have the least
semantic distance possible. In cases where no distinction can be made using this heuristic, we have to switch back to the interactive mode and ask the user which mapping to
remove. In any cases, the debugging step leaves us with a single mapping that does
not create any inconsistencies. In order to get a complete set of correct mappings, we
can now infer all additional mappings that follow from this one which leads us to the
corrected final set of mappings in our case this final set if the following.
≡

i : P erson −→ j : P erson, 1.00


i : Author −→ j : P erson, 1.00
In summary, the process above is a way to improve the quality of automatically generated mapping sets by means of intelligent post-processing. Using formal properties
of mappings and logical reasoning we are able to detect wrong mappings by analyzing
their impact and tracking unwanted effects back to the mapping rules that caused them.
In this our method is not yet another ontology matching method, but it is actually orthogonal to existing developments in the area of ontology matching as it can be applied
to any set of mappings. The approach can be extended in several directions. First of all
we can use symptoms other than concept satisfiability as a starting point for diagnosis.
Further, we can use the method on joint sets of competing mappings created by different
matching algorithms. This will help us to get a better coverage of the actual semantic
relations and the trust in the quality of the different matching algorithms provides us
with an additional criterion for selecting mappings to be discarded.
3.4

Minimization

A further improvement of the debugged mapping can be achieved by removing redundant mappings - mappings that logically follow from other mappings. In [16] we
defined the notion of minimality of a mapping that we use in this context to remove redundant mappings. In the example for instance, the two mappings derived using structural heuristics do not really add new information to the system, because they can be
derived from the two equivalence mappings that have been created first. In particular


i : P erson −→ j : Authorization, is redundant information, because:
i : AuthorIi ⊆ i : P ersonIi
=⇒ rij (AuthorIi ) ⊆ rij (P ersonIi )
rij (P ersonIi ) = j : P ersonI
=⇒ rij (Author) ⊆ j : P ersonIj

j

(3)
(4)
(5)
(6)

This means that for reasoning with automatically created mappings, we only have
to take into account the equivalence mapping between the person concept in the two
ontologies, because it is the basis for inferring the other one. For this reason, we remove all mappings that can be shown to be redundant in the sense that they can be
derived from using other mappings from the set of mappings and only continue with
the resulting minimal mapping set that still carries all the semantics of the complete set.
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4 Experiments
In this section we report on some preliminary experimental evaluation of the mapping
debugging/minimization techniques presented in the preceding sections. All the experiments have been conducted on the prototype of the debugger/minimizer implemented
on top of the DRAGO DDL reasoner [15].
4.1

Experimental Setting

To perform experiments, we used a set of ontologies developed in the OntoFarm project
[17] which are used as a part of Benchmark in Ontology Alignment Evaluation challenge.4 In particular, we selected several ontologies modeling the domain of conference
organization:
Ontology
Description Logics Expressivity Number of classes Number of properties
CMT
ALCIF(D)
30
59
CONFTOOL
SIF(D)
39
36
CRS
ALCIF(D)
14
17
EKAW
SHIN
73
33
PCS
ALCIF(D)
24
38
SIGKDD
ALCI(D)
51
28

Given this ontology test set, we apply the following experimental scenario. Using
the CtxMatch matching tool [4], we automatically compute mappings between pairs of
ontologies in the test set. Among the created mappings, we further identify those ones
which are capable of producing unsatisfiable classes and therefore need to be debugged
first. In the process of debugging, malicious bridge rules in mappings are automatically
diagnosed and removed in accordance with the heuristic debugging discussed in Section 3. In the concluding step of the experimental study, we apply the minimization
algorithm to compute for each mapping a logically-equivalent minimal set of bridge
rules. Note that for those mappings which demand the debugging first the minimization
is applied to their repaired descendants.
4.2

Results

The results of applying the heuristic debugging and minimization techniques to the
automatically generated mappings are summarized in Table 1 and Table 2. More information about the test data and results can be obtained visiting the applications section
of the DRAGO reasoner web page.5
During the debugging process we performed the following measurements: the initial amount of bridge rules in the mapping to be debugged, number of classes which
become unsatisfiable due to the mapping, and finally the sets of bridge rules which are
diagnosed as malicious and are automatically removed by the debugging algorithm. After the removal of malicious bridge rules, a mapping becomes repaired in a sense that it
is not capable of producing unsatisfiability anymore. As shown in Table 1, the results of
4
5

http://nb.vse.cz/∼svabo/oaei2006/
http://sra.itc.it/projects/drago/applications.html
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48

3

Set of removed
bridge rules

Bridge rules
count
Unsatisfiable
classes count
Removed bridge
rules count

Mapping
CMT-CONFTOOL



3 CM T : Conf erence −→ CON F T OOL : Organization


CM T : P erson −→ CON F T OOL : P oster


CM T : P rogramCommitteeChair −→ CON F T OOL : Event
CMT-CRS

53

CMT-EKAW

116 4

1



1 CM T : Document −→ CRS : program


5 CM T : P erson −→ F lyer


CM T : P erson −→ M ulti − author V olume


CM T : P erson −→ P roceedings



CM T : P rogramCommitteeChair −→ Social Event


CM T : P erson −→ Conf erence P roceedings
CONFTOOL-CRS



80 10 15 CON F T OOL : U niversity −→ CRS : event


CON F T OOL : Social event −→ CRS : program


CON F T OOL : Author −→ CRS : event


CON F T OOL : P erson −→ CRS : event


CON F T OOL : P articipant −→ CRS : event


CON F T OOL : Event −→ CRS : participant
...
CRS-CMT

53

2



3 CRS : document −→ CM T : Acceptance


CRS : document −→ CM T : P rogramCommitteeChair


CRS : program −→ CM T : P rogramCommitteeChair
CRS-CONFTOOL



80 27 30 CRS : conf erence −→ CON F T OOL : Organization


CRS : person −→ CON F T OOL : Event


CRS : person −→ CON F T OOL : P oster


CRS : document −→ CON F T OOL : Event


CRS : author −→ CON F T OOL : Event


CRS : participant −→ CON F T OOL : Event


CRS : event −→ CON F T OOL : P erson
...
PCS-CONFTOOL

45

5



5 P CS : Conf erence −→ CON F T OOL : Organization


P CS : Report −→ CON F T OOL : Event


P CS : Report −→ CON F T OOL : Organization


P CS : P ERSON −→ CON F T OOL : P oster


P CS : Accepted paper −→ CON F T OOL : Event
PCS-EKAW

120 4



5 P CS : P ERSON −→ EKAW : F lyer


P CS : P ERSON −→ EKAW : M ulti − author V olume


P CS : P ERSON −→ EKAW : P roceedings


P CS : W eb site −→ EKAW : Event


P CS : P ERSON −→ EKAW : Conf erence P roceedings
SIGKDD-CMT

60

SIGKDD-CONFTOOL 72

1
3



1 SIGKDD : P rogram Committee −→ CM T : P rogramCommitteeChair


3 SIGKDD : Conf erence −→ CON F T OOL : Organization


SIGKDD : P erson −→ CON F T OOL : P oster


SIGKDD : Deadline Author notif ication −→ CON F T OOL : P erson
SIGKDD-CRS

57

SIGKDD-EKAW

127 4

1



1 SIGKDD : Document −→ CRS : program


5 SIGKDD : P erson −→ EKAW : F lyer


SIGKDD : P erson −→ EKAW : M ulti − author V olume


SIGKDD : P erson −→ EKAW : P roceedings


SIGKDD : Deadline Author notif ication −→ EKAW : P erson


SIGKDD : P erson −→ EKAW : Conf erence P roceedings

Table 1. Debugging results.
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EKAW-CMT
EKAW-SIGKDD
PCS-CONFTOOL∗
PCS-CRS
PCS-SIGKDD
PCS-CMT
PCS-EKAW∗
SIGKDD-CMT∗
SIGKDD-CONFTOOL∗
SIGKDD-CRS∗
SIGKDD-PCS
SIGKDD-EKAW∗

Bridge rules
reduction rate

76%
73%
76%
85%
71%
62%
57%
60%
68%
74%
60%
55%

Entailed bridge
rules count

Bridge rules
reduction rate

34
38
45
94
34
40
43
27
34
37
34
21

Bridge rules
count

Entailed bridge
rules count

45
52
59
111
48
65
75
45
50
50
57
38

Mapping

Bridge rules
count

Mapping
CMT-CONFTOOL∗
CMT-CRS∗
CMT-SIGKDD
CMT-EKAW∗
CONFTOOL-CMT
CONFTOOL-CRS∗
CONFTOOL-SIGKDD
CONFTOOL-PCS
CRS-CMT∗
CRS-CONFTOOL∗
CRS-SIGKDD
CRS-PCS

115
127
40
38
56
73
115
59
69
56
56
122

96
95
25
21
36
58
96
45
41
34
36
94

83%
75%
63%
55%
64%
79%
83%
76%
59%
61%
64%
77%

Table 2. Minimization results (starred mappings were first repaired applying the debugging).

applying the heuristic debugging approach proposed in Section 3 are quite reassuring –
all of the mappings automatically removed by our method are actually incorrect ones.
To estimate minimization rate we measured the initial number of bridge rules and
the amount of logically entailed bridge rules discovered by applying the minimization
technique. As summarized in Table 2, the amount of the entailed bridge rules in a certain
automatically generated mapping varies from 50 to 80% to the initial number of bridge
rules in this mapping.

5

Discussion

We have presented a method for automatically improving the result of heuristic matching systems using logical reasoning. The basic idea is similar to existing work on debugging ontologies and uses some non-standard inference methods for reasoning about
mappings introduced in previous work. The method feeds on the fact that most existing matching algorithms ignore the logical implications of new mappings. This gap is
filled by our method that detects malicious impacts of generated mappings and traces
them back to their source. As we have shown in the experiments, in almost all cases
(in fact in all cases observed in the experiment) the unwanted effects were caused by
wrong mappings and we were able to remove them automatically thus improving the
correctness of the generated mapping. Actually, the idea of using logical reasoning in
the matching process is not new and has been proposed by others (e.g., [7, 8]), the way
it is used in our work, however, is unique, as it is the only approach that takes the effects
of mappings into account. We believe that this additional step can significantly improve
the quality of matching methods and should be integrated in existing matching algorithms as far as they are concerned with expressive ontologies that support consistency
checking. In fact, the expressiveness of the language used to encode the ontologies to
be matched seems to be the only limitation of our approach which can only be applied
if the language supports consistency checking. In our experiments, we have seen that
we can improve the correctness of matching results by removing wrong mappings. So
far, we did not quantify this improvement, this has to be done in future work.
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Abstract. We present the Ontology Alignment Evaluation Initiative 2006 campaign as well as its results. The OAEI campaign aims at comparing ontology
matching systems on precisely deﬁned test sets. OAEI-2006 built over previous
campaigns by having 6 tracks followed by 10 participants. It shows clear improvements over previous results. The ﬁnal and ofﬁcial results of the campaign
are those published on the OAEI web site.

1

Introduction

The Ontology Alignment Evaluation Initiative7 (OAEI) is a coordinated international
initiative that organizes the evaluation of the increasing number of ontology matching
systems. The main goal of the Ontology Alignment Evaluation Initiative is to be able
to compare systems and algorithms on the same basis and to allow anyone for drawing
conclusions about the best matching strategies. Our ambition is that from such evaluations, tool developers can learn and improve their systems. The OAEI campaign is the
evaluation of matching systems on consensus test cases.
Two ﬁrst events have been organized in 2004: (i) the Information Interpretation
and Integration Conference (I3CON) held at the NIST Performance Metrics for Intelligent Systems (PerMIS) workshop and (ii) the Ontology Alignment Contest held at
the Evaluation of Ontology-based Tools (EON) workshop of the annual International


7

This paper improves on the “First results” initially published in the on-site Ontology matching
workshop proceedings. The only ofﬁcial results of the campaign, however, are on the OAEI
web site.
http://oaei.ontologymatching.org
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Semantic Web Conference (ISWC) [6]. The ﬁrst unique OAEI evaluation campaign
has been presented at the workshop on Integrating Ontologies held in conjunction with
the International Conference on Knowledge Capture (K-Cap) 2005 [1]. The campaign
of 2006 is presented at the Ontology Matching (OM) workshop at ISWC, in Athens,
Georgia, USA.
In reaction over last year’s remarks, this year we have a variety of test cases that emphasize different aspects of the matching needs. From three test cases last year, we now
have six very different test cases. Some of these tests introduce particular modalities of
evaluation, such as a consensus building workshop and application-oriented evaluation.
This paper serves as an introduction to the evaluation campaign of 2006 and to the
results provided in the following papers. The remainder of the paper is organized as
follows. In Section 2 we present the overall testing methodology that has been used.
Sections 3-8 discuss in turn the settings and the results of each of the test cases. Section
9 overviews lessons learned based on the campaign. Finally, Section 10 outlines future
plans and Section 11 concludes.

2

General methodology

We present the general methodology for the 2006 campaign as it was deﬁned and report
its execution.
2.1

Test cases

This year’s campaign has consisted of four tracks gathering six data sets and different
evaluation modalities.
Comparison track: benchmark (§3) Like in previous campaigns, a systematic
benchmark series has been produced. The goal of this benchmark series is to identify the areas in which each matching algorithm is strong or weak. The test is based
on one particular ontology dedicated to the very narrow domain of bibliography
and a number of alternative ontologies of the same domain for which alignments
are provided.
Expressive ontologies
anatomy (§4) The anatomy real world case covers the domain of body anatomy
and consists of two ontologies with an approximate size of several 10k classes
and several dozens of relations.
jobs (§5) The jobs test case is an industry evaluated real world business case. A
company has a need to improve job portal functionality with semantic technologies. To enable higher precision in retrieval of relevant job offers or applicant proﬁles, OWL ontologies from the employment sector are used to describe
jobs and job seekers and matching with regard to these ontologies provides the
improved results. For conﬁdentiality reasons, the test is run by the company
team with software provided by the participants.
Directories and thesauri
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directory (§6) The directory real world case consists of matching web directories,
such as open directory, Google and Yahoo. It has more than 4 thousands of
elementary tests.
food (§7) Two SKOS thesauri about food have to be aligned using relations from
the SKOS Mapping vocabulary. All results are evaluated by domain experts.
Each participant is asked to evaluate a small part of the results of the other
participants.
Consensus workshop: conference (§8) Participants have been asked to freely explore
a collection of conference organization ontologies (the domain being well understandable for every researcher). This effort was expected to materialize in usual
alignments as well as in interesting individual correspondences (“nuggets”), aggregated statistical observations and/or implicit design patterns. There is no a priori reference alignment. For a selected sample of correspondences, consensus was
sought at the workshop and the process of reaching consensus was recorded.
Table 1 summarizes the variation in the results expected from these tests.
test language
benchmarks OWL
anatomy OWL
jobs OWL
directory OWL

relations conﬁdence
modalities
=
[0 1]
open
=
1
blind
=
[0 1]
external
=
1
blind
narrowMatch,
food SKOS exactMatch,
1
blind+consensual
broadMatch
conference OWL-DL
=, ≤
1
blind+consensual

Table 1. Characteristics of test cases (open evaluation is done with already published expected
results, blind evaluation is done by organizers from reference alignments unknown to the participants, consensual evaluation is obtained by reaching consensus over the found results and
external evaluation is preformed independently of the organizers by running the actual systems).

2.2

Preparatory phase

The ontologies and alignments of the evaluation have been provided in advance during
the period between June 1st and June 28th. This gave potential participants the occasion
to send observations, bug corrections, remarks and other test cases to the organizers.
The goal of this preparatory period is to be sure that the delivered tests make sense to
the participants. The tests still evolved after this period, but only for ensuring a better
participation to the tests. The ﬁnal test base has been be released on August 23rd.
2.3

Execution phase

During the execution phase the participants used their systems to automatically match
the ontologies from the test cases. Participants have been asked to use one algorithm
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and the same set of parameters for all tests in all tracks. It is fair to select the set of
parameters that provide the best results (for the tests where results are known). Beside
parameters, the input of the algorithms must be the two ontologies to be aligned and any
general purpose resource available to everyone, i.e., no resource especially designed for
the test. In particular, the participants should not use the data (ontologies and reference
alignments) from other test sets to help their algorithms.
Ontologies are, in most cases, described in OWL-DL and serialized in the
RDF/XML format. The expected alignments are provided in the Alignment format expressed in RDF/XML. All the participants also provided the papers that are published
hereafter and a link to their program and its conﬁguration parameters.
2.4

Evaluation phase

The organizers have evaluated the results of the algorithms used by the participants and
provided comparisons on the basis of the provided alignments.
In order to ensure that it is possible to process automatically the provided results, the
participants have been requested to provide (preliminary) results by September 4th. In
the case of blind tests only the organizers did the evaluation with regard to the withheld
reference alignments. In the case of double blind tests, the participants provide a version
of their system and the values of the parameters if any.
The standard evaluation measures are precision and recall computed against the
reference alignments. For the matter of aggregation of the measures we use weighted
harmonic means (weights being the size of the true positives). This clearly helps in
case of empty alignments. Another technique that has been used is the computation of
precision/recall graphs so it was advised that participants provide their results with a
weight to each correspondence they found.
New measures addressing some limitations of precision and recall have also been
used for testing purposes. These were presented at the workshop discussion in order
for the participants to provide feedback on the opportunity to use them in a further
evaluation.
2.5

Comments on the execution

This year again, we had more participants than in previous years: 4 in 2004, 7 in 2005
and 10 in 2006. We also noted the increase in tools compliance and robustness: they
had less problems to carry the tests and we had less problems to evaluate the results.
We have had not enough time so far to validate the results which have been provided
by the participants. Last year, validating these results has proved feasible so we plan to
do it again in the future (at least for those participants who provided their systems).
We summarize the list of participants in Table 2. Similar to last year not all participants provided results for all tests. They usually did those which are easier to run,
such as benchmark, directory and conference. The jobs line corresponds to the participants who have provided an executable version of their systems. The variety of tests
and the short time given to provide results have certainly prevented participants from
considering more tests.
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test \ system falcon hmatch dssim coma automs jhuapl prior RiMOM OCM nih Total
√
√
√
√
√
√
√
√
√
benchmark
9
√
√
√
√
√
anatomy
5
√
√
√
√
√
√
jobs
6
√
√
√
√
√
√
√
directory
7
√
√
√
√
√
food
5
√
√
√
√
√
√
conference
6
certiﬁed
√
√
√
√
√
conﬁdence
5
√
√
√
√ √
time
5
Table 2. Participants and the state of their submissions. Conﬁdence is ticked when given as non
boolean value. Time indicates when participants included execution time with their tests.

Like last year, the time devoted for performing these tests (three months) and the
period allocated for that (summer) is relatively short and does not really allow the participants to analyze their results and improve their algorithms. On the one hand, this
prevents having algorithms to be particularly tuned for the tests. On the other hand, this
can be frustrating for the participants. The timeline is very difﬁcult to handle, hence,
we should try to give more time for the next campaign.
The summary of the results track by track is provided in the following six sections.

3

Benchmark

The goal of the benchmark tests is to provide a stable and detailed picture of each
algorithm. For that purpose, the algorithms are run on systematically generated test
cases.
3.1

Test set

The domain of this ﬁrst test is Bibliographic references. It is, of course, based on a
subjective view of what must be a bibliographic ontology. There can be many different
classiﬁcations of publications, for example, based on area and quality. The one chosen here is common among scholars and is based on publication categories; as many
ontologies (tests #301-304), it is reminiscent to BibTeX.
The systematic benchmark test set is built around one reference ontology and many
variations of it. The reference ontology is that of test #101.The participants have to
match this reference ontology with the variations. These variations are focusing the
characterization of the behavior of the tools rather than having them compete on real-life
problems. The ontologies are described in OWL-DL and serialized in the RDF/XML
format. This reference ontology contains 33 named classes, 24 object properties, 40
data properties, 56 named individuals and 20 anonymous individuals.
Since the goal of these tests is to offer some kind of permanent benchmarks to be
used by many, the test is an extension of the 2004 EON Ontology Alignment Contest.
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The reference ontology has been improved last year by including circular relations that
were missing from the ﬁrst test. In 2006, we have put the UTF-8 version of the tests as
standard, the ISO-8859-1 being optional. Test numbering (almost) fully preserves the
numbering of the ﬁrst EON contest.
The kind of expected alignments is still limited: they only match named classes and
properties, they mostly use the "=" relation with conﬁdence of 1.
There are still three groups of tests in this benchmark:
– simple tests (1xx) such as comparing the reference ontology with itself, with another irrelevant ontology (the wine ontology used in the OWL primer) or the same
ontology in its restriction to OWL-Lite;
– systematic tests (2xx) that were obtained by discarding some features from some
reference ontology. It aims at evaluating how an algorithm behaves when this information is lacking. The considered features were:
Name of entities that can be replaced by random strings, synonyms, name with
different conventions, strings in another language than english,
Comments that can be suppressed or translated in another language,
Specialization Hierarchy ăthat can be suppressed, expanded or ﬂattened,
Instances that can be suppressed,
Properties that can be suppressed or having the restrictions on classes discarded,
and
Classes that can be expanded, i.e., replaced by several classes or ﬂattened.
– four real-life ontologies of bibliographic references (3xx) that were found on the
web and left mostly untouched (there were added xmlns and xml:base attributes).
Full description of these tests can be found on the OAEI web site.
3.2

Results

Table 3 provides the consolidated results, by groups of tests. We display the results
of participants as well as those given by some very simple edit distance algorithm on
labels (edna). Like last year, the computed values are real precision and recall and not
a simple average of precision and recall. The full results are on the OAEI web site.
These results show already that three systems are relatively close (coma, falcon and
RiMOM). The RiMOM system is slightly ahead of the others on these raw results. The
DSSim system obviously favoured precision over recall but its precision degrades with
“real world” 3xx series. No system had strictly lower performance than edna.
The results have also been compared with the three measures proposed in [3] last
year (symmetric, effort-based and oriented). These are generalisation of precision and
recall in order to better discriminate systems that slightly miss the target from those
which are grossly wrong. The three measures provide the same results. This is not really
surprising given the proximity of these measures. As expected, they can only improve
over traditional precision and recall. The improvement affects all the algorithms, but this
is not always strong enough for being reﬂected in the aggregated results. Moreover, the
new measures do not dramatically change the evaluation of the participating systems.
Each algorithm has its best score with the 1xx test series. There is no particular
order between the two other series. Again, it is more interesting to look at the 2xx
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refalign
Prec. Rec.
1.00 1.00
1.00 1.00
1.00 1.00
1.00 1.00
1.00 1.00
1.00 1.00
1.00 1.00

edna
Prec. Rec.
0.96 1.00
0.90 0.49
0.94 0.61
0.91 0.54
0.91 0.54
0.91 0.54
0.91 0.54

automs
Prec. Rec.
0.94 1.00
0.94 0.64
0.91 0.70
0.94 0.67
0.94 0.68
0.94 0.68
0.94 0.68

coma
Prec. Rec.
1.00 1.00
0.96 0.82
0.84 0.69
0.96 0.83
0.96 0.83
0.96 0.83
0.96 0.83

DSSim
Prec. Rec.
1.00 0.98
0.99 0.49
0.90 0.78
0.98 0.55
0.99 0.55
0.99 0.55
0.99 0.55

falcon
Prec. Rec.
1.00 1.00
0.91 0.85
0.89 0.78
0.92 0.86
0.94 0.89
0.94 0.89
0.94 0.89

hmatch
Prec. Rec.
0.91 1.00
0.83 0.51
0.78 0.57
0.84 0.55
0.85 0.56
0.85 0.56
0.85 0.56

jhuapl
Prec. Rec.
1.00 1.00
0.20 0.86
0.18 0.50
0.22 0.85
0.22 0.87
0.22 0.87
0.22 0.87

OCM
Prec. Rec.
0.95 1.00
0.93 0.51
0.89 0.51
0.93 0.55
0.93 0.55
0.93 0.55
0.93 0.55

prior
Prec. Rec.
1.00 1.00
0.95 0.58
0.85 0.80
0.95 0.63
0.96 0.64
0.96 0.64
0.96 0.64

RiMOM
Prec. Rec.
1.00 1.00
0.97 0.87
0.83 0.82
0.96 0.88
0.97 0.89
0.97 0.89
0.97 0.89

Table 3. Means of results obtained by participants on the benchmark test case (corresponding to harmonic means).

algo
test
1xx
2xx
3xx
Total
Symmetric
Effort-based
Oriented

series structure to distinguish the strengths of algorithms. This will be done in a separate
document.
This year the apparently best algorithms provided their results with conﬁdence measures. It is thus possible to draw precision/recall curves in order to compare them. We
provide in Figure 1 the precision and recall graphs of this year. They involve only the
results of participants who provided conﬁdence measures different of 1 or 0 (see Table 2). They also feature the results for edit distances on class names (edna) and the
results of Falcon last year (falcon-2005). The graph for falcon2005 is not really accurate since falcon2005 provided 1/0 alignments last year. This graph has been drawn
with only technical adaptation of the technique used in TREC. Moreover, due to lack
of time, these graphs have been computed by averaging the graphs of each of the tests
(instead to pure precision and recall).
Contrary to last year, we have three systems competing at the higest level (falcon,
coma and RiMOM) and a gap between these and the next systems. No system is significantly outperformed by standard edit distance (edna). The best systems are at the level
of last year’s best system (falcon).
Like last year we have compared the results of this year’s systems with the previous
years on the basis of the 2004 tests. (Table 4). The three best systems (falcon, coma
and RiMOM) arrive at the level of last year’s best system (falcon). However, no system
outperforms it.
Unfortunately no representant of the group of systems that followed falcon last year
is present this year.

Year
System
test
1xx
2xx
3xx
H-means

2004
fujitsu
stanford
Prec. Rec. Prec. Rec.
0.99 1.00 0.99 1.00
0.93 0.84 0.98 0.72
0.60 0.72 0.93 0.74
0.88 0.85 0.98 0.77

2005
falcon
Prec. Rec.
1.00 1.00
0.98 0.97
0.93 0.83
0.97 0.96

RiMOM
Prec. Rec.
1.00 1.00
1.00 0.98
0.83 0.82
0.97 0.96

2006
falcon
Prec. Rec.
1.00 1.00
0.97 0.97
0.89 0.78
0.97 0.95

coma
Prec. Rec.
1.00 1.00
0.99 0.97
0.84 0.69
0.98 0.94

Table 4. Evolution of the best scores over the years (on the basis of 2004 tests).

4

Anatomy

The focus of the anatomy test case is to confront existing matching technology with real
world ontologies. Our aim is to get a better impression of where we stand with respect
to really hard challenges that normally require an enormous manual effort and in-depth
knowledge of the domain.
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precision

1.

0.
recall

0.

1.

refalign

edna

falcon2005

coma

RiMOM

falcon
prior

hmatch

Fig. 1. Precision/recall graphs for the systems which provided conﬁdence values in their results.

4.1

Test set

The task is placed in the medical domain as this is the domain where we ﬁnd large,
carefully designed ontologies. The speciﬁc characteristics of the ontologies are:
– Very large models: OWL models of more than 50MB.
– Extensive class hierarchies: Ten thousands of classes organized according to different views on the domain.
– Complex relationships: Classes are connected by a number of different relations.
– Stable terminology: The basic terminology is rather stable and should not differ too
much in the different models.
– Clear modeling principles: The modeling principles are well-deﬁned and documented in publications about the ontologies.
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As a consequence, the anatomy test set actually tests existing matching systems
with respect to two questions.
– Do existing approaches scale to very large models?
– Are existing approaches able to take advantage of well-documented modeling principles and knowledge about the domain?
This also means that the goal of this test case is not to compare the performance of
matching systems on a quantitative basis. We are rather interested in how many systems
are actually able to create mappings at all and in speciﬁc heuristics used for computing
matches that are described in the corresponding papers.
The ontologies to be aligned are different representations of human anatomy developed independently by teams of medical experts. Both ontologies are available in OWL
format and mostly contain classes and relations between them. The use of axioms is
limited.
The Foundational Model of Anatomy The Foundational Model of Anatomy has been
developed by the University of Washington. It is an ontology describing the human
anatomy including a taxonomy of body parts, information about anatomical structures
and structure transformations. According to the developers the Foundational Model of
Anatomy ontology contains approximately 75.000 classes and over 120.000 terms; over
2.1 million relationship instances from 168 relationship types link the FMA’s classes
into a coherent symbolic model.
We extracted an OWL version of the ontology from a Protégé database. The resulting model is in OWL-full as relations are deﬁned between classes rather than instances.
Galen The second ontology is the anatomy model developed in the OpenGalen Project
by the University of Manchester. According to the creators, the ontology contains
around 10.000 concepts covering a bit more than standard textbook anatomy in terms of
body parts, anatomical structures and relations between different parts and structures.
The ontology is freely available as a Protégé Project ﬁle on the OpenGalen web
page. We created an OWL version of the ontology using the export functionality of
Protégé. The resulting ontology is in OWL-DL thus supporting logical reasoning about
inconsistencies.
4.2

Results

The anatomy use case is part of the ontology alignment evaluation challenge for the
second time now. While in 2005, none of the participants was in the position to submit
a result for this data set. Almost all participants reported major difﬁculties in processing
the ontologies due to their size and the fact that one of the models is in OWL full. At
least these scalability problems seem to be solved this year. In the 2006 campaign, ﬁve
out of ten participants submitted results for the anatomy data set. This clearly shows
the advance of matching systems on the technical level and also shows that matching
technologies are ready for large scale applications.
On the content level the results are much harder to judge. Due to the lack of a reference mapping, we were not able to provide a quantitative judgement and comparison of
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the different systems. In the evaluation, we rather concentrated on the coverage of the
ontologies, the degree of agreement amongst the matching systems and on the speciﬁc
techniques used the matching systems to address this challenging alignment task.
A ﬁrst observation, we made was that none of the systems managed to reach a good
coverage of the ontologies. Although both models contain several ten thousand concepts
and the fact that we can assume a high degree of overlap in the two models, the systems
were only able to produce mappings for 2000 to 3000 concepts, which is less than 5%
of the concepts in the FMA.
We also found out that systems have severe difﬁculties with irregular concept
names. The GALEN ontology contains a subset of concepts with highly irregular concept names. It turned out that only one system (Coma++) was able to determine mappings for these concepts – for the price of not being able to match any of the concept
names with regular names.
Looking at the actual methods used by the systems we see a common pattern. Almost all systems use the linguistic similarity between class names and other features of
the class description as a basis for determining candidates. Normally, the systems combine different similarity measures. On top of this purely linguistic comparison, some
systems also apply structural techniques. In particular, they translate the models into a
graph structure and propagate the individual similarity in the graph structure. Only one
of the systems (NIH) actually used reasoning techniques to validate hypothesis and to
determine matches based on the semantics of the models.
4.3

Discussion and Conclusions

For the ﬁrst time since the anatomy data set has been used in the ontology alignment
evaluation challenge, we are in a position, were we were actually able to compare the
results of different matching systems. The results show that there is still a lot of work
to do to make matching systems ready for real life applications. The problems above
showed that differences in the naming scheme of classes can already cause matchers
to fail on a signiﬁcant subset of the vocabulary. It seems that existing matchers suffer
from the need to balance precision and recall in determining mappings. This conclusion
is backed by results from other experiments, where it turned out that matching systems
that produce highly precise mappings miss many mappings found by other systems. We
conclude that using ﬁxed thresholds to determine mapping candidates is not a good way
for trading-off precision and recall.
We were disappointed to see that only one system actually used some form of reasoning in order to take the meaning of the ontologies into account. As one of the major
advantages of OWL is the ability to specify and reason about the semantics of concepts,
it is at least surprising that this feature is not exploited by existing matchers. In fact,
logical reasoning could be a way of becoming less dependent on the quality of certain
similarity measures that obviously have some limitations when it comes to complex
ontologies.
In summary, the results of the anatomy test case have shown that there is some
signiﬁcant progress in terms of the maturity of matching technology. On the other hand,
the results also show that there are still a lot of open problems with respect to producing
good alignments on real life cases. For the setup of the next challenge this means that
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we have to think about a more precise evaluation of the matching results in order to
determine where exactly the problems of different matchers are. For this purpose it is
necessary to have a reference alignment to compare against. Currently there are two
possible ways to make such an evaluation possible. The ﬁrst option is to move to a
different, but related data set for which a reference mapping exists. Such a data set
exists in terms of the anatomy part of the NCI thesaurus and the Adult Mouse Anatomy
ontology. These ontologies would be much smaller in size but support a quantitative
evaluation. The other option is to start building a reference mapping for the current data
set using the mappings created by the participants of this years challenge as a starting
point.

5

Jobs

The goal of the job test case is to evaluate the results of matching ontologies in the
application context.
5.1

Test set

Semantic web technologies are used to semantically annotate job postings and applicant proﬁles in order to increase market transparency together with avoiding the bottleneck of a central database. In a semantic recruitment application the data exchange
between employers, job applicants and job portals is based on a set of shared vocabularies describing domain relevant terms: occupations, industrial sectors and skills. These
commonly used vocabularies have been formally deﬁned by means of a Human Resource ontology (HR-ontology). The implementation of the HR-ontology was realized
by translating several semi-structured input formalisms and encoding text-based classiﬁcation standards into OWL. This ontology is used in a job matching application for
computing the similarity between jobs and proﬁles. The current application uses an
algorithm which is based on the similarity between two concepts determined by the
distance between them.
We planned to modify this application in order that it can take advantage of the
alignments found by participants to compute similarity. The matching systems as well
as their parameters have been provided to the organizers who could run the algorithms
on the ontologies and obtain the alignments. These alignments were to be used by job
matchers in order to compare 250 job offers with about 250 applicant proﬁles.
5.2

Results

The results are not available at the time of writing. They will be made available on the
OAEI web site if we can ﬁnd time to complete this test.

6

Directory

The directory test case aims at providing a challenging task for ontology matchers in
the domain of large directories.
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6.1

Test set

The data set exploited in the web directories matching task was constructed from
Google, Yahoo and Looksmart web directories as described in [2; 7]. The dataset is
presented as taxonomies where the nodes of the web directories are modeled as classes
and classiﬁcation relation connecting the nodes was modeled as rdfs:subClassOf relation.
The key idea of the data set construction methodology is to signiﬁcantly reduce the
search space for human annotators. Instead of considering the full mapping task which
is very big (Google and Yahoo directories have up to 3 ∗ 105 nodes each: this means
that the human annotators need to consider up to (3 ∗ 105 )2 = 9 ∗ 1010 mappings),
it uses semi automatic pruning techniques in order to signiﬁcantly reduce the search
space. For example, for the dataset described in [2], human annotators consider only
2265 mappings instead of the full mapping problem.
So, there has been 3 proposed representation for this year:
– one matching task between two taxonomies of 103 categories (full test set),
– one matching task between two taxonomies of 102 categories (10% test set), and
– 4639 matching task between two paths of around 10 categories (unit test sets).
The ﬁrst data set incorporates the matching tasks involved in the unit tests which also
correspond to the reference set. The second data set is guarantee to contain 10% of these
unit tests.
This year the reference data set has been signiﬁcantly extended with respect to the
one exploited in OAEI-2005 [4]. In particular, the reference mapping contains not only
positive but also negative mappings, which are used to approximate not only recall but
also precision. The key difference of the reference mapping with respect to conventional ones, such as ones exploited in benchmark tests in this evaluation, is that it does
not contain the complete set of reference mappings (R). Instead of this the reference
mapping is composed of two parts [7]:
– Representative subset of complete reference mapping (P ⊆ R). It contains the
positive mappings, i.e., the mappings that hold for the matching task.
– Representative subset of negative mappings (N ⊆ R̄), i.e., the mappings that do
not hold for the matching task.
The reference mapping is composed of 2265 positive and 2374 negative mappings.
Therefore the matching unit test set corresponds to 2265+2374=4639 tasks of ﬁnding
the semantic relation holding between paths to root in the web directories modeled as
sub class hierarchies.
6.2

Results

Approximate precision, recall and F-measure of the systems on web directories dataset
are presented on Figure 2, 3 and 4 respectively. Given an alignment A and the set P and
N of positive and negative mappings, approximate precision and recall are computed
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by:
AP (A, P, N ) =

|P ∩ A|
|P ∩ A| + |N ∩ A|

AR(A, P ) =

|P ∩ A|
|P |

These formula, especially that of AP , generalize precision and recall by not taking the
whole set of valid correspondences as reference alignment. They are called approximate
precision and recall because when P = R and N = R̄ (R is the reference alignment),
they correspond to precision and recall. How this is an accurate approximation of precision and recall heavily depends on the choice of P and N ; these are discussed in [2;
7].

Fig. 2. Approximate precision for web directories matching task.

Similarly with OAEI-2005, 7 matching systems were evaluated on the dataset. However, only one of them (Falcon) participated in both evaluations. The systems in general
demonstrated higher results than in OAEI-2005. The average approximate recall of the
systems increased from 22.23% to 25.82%. The highest approximate recall (45.47%)
was demonstrated by the Falcon system what is almost 50% increase in respect to its
last year result (31.17%).
Despite of this progress the dataset remains difﬁcult for the matching systems. The
maximum and average values for approximate precision (40.5% and 34.5%), approximate recall (45.47% and 25.82%) and approximate F-measure (42.85% and 28,56%)
are signiﬁcantly lower than corresponding real values in benchmark tests for example.
Partition of positive and negative mappings according to the systems results are
presented on Figure 5 and 6.
As from the ﬁgures, 43% of positive mappings have not been found by any of the
systems. At the same time 22% of negative mappings were found by all the matching
systems, i.e., all the matching systems mistakenly returned them as positive. Moreover
only 10% of positive mappings were found by all the matching systems.
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Fig. 3. Approximate recall for web directories matching task.

Fig. 4. Approximate F-measure for web directories matching task.

6.3

Comments

Six out of seven systems that participated in the evaluation presented their results only
for one of the dataset representations, namely for the representation composed from
4639 node matching tasks. Only one system (H-Match) presented the results also for
the other representations. Since, the other tasks were proposed in order to test scalability
of the approaches, this can be interpreted as a sign of poor scalability of the systems
participating in the evaluation.
Blind evaluation declined for some of the systems a possibility to improve their ﬁnal
results after preliminary result disclosure. For example, the ﬁnal results of the coma and
prior matching systems were slightly lower than their preliminary results. The ﬁnal Fmeasure of coma dropped from 32.56% to 28.84% while F-measure of prior dropped
from 28.32% to 28.29%.

7

Food

The food test case is another taxonomy task in which the taxonomies are taken out of
theauri, i.e., they have a lot of text involved compared to the previous test case, and they
are expressed in SKOS.
7.1

Test set

The task of this case consists of matching two thesauri formulated in SKOS:
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Fig. 5. Partition of the systems results on positive mappings.

Fig. 6. Partition of the systems results on negative mappings.

AGROVOC The United Nations Food and Agriculture Organization (FAO)
AGROVOC thesaurus, version May 2006. This thesaurus consists of 28.174 descriptor terms, i.e., prefered terms, and 10.028 non-descriptor terms, i.e., alternative
terms. AGROVOC is multilingual in ten languages (en, fr, es, ar, zh, pt, cs, ja, th,
sk).
NALT The United States National Agricultural Library (NAL) Agricultural thesaurus,
version 2006. This thesaurus consists of 41.577 descriptor terms and 24.525 nondescriptor terms. NALT is monolingual, English.
Participants had to match these SKOS versions of AGROVOC and NAL using the exactMatch, narrowMatch, and broadMatch relations from the SKOS Mapping Vocabulary.
7.2

Evaluation procedure

Five participants took part in the OAEI 2006 food alignment task, South East University (Falcon-AO), University of Pittsburgh (Prior), Tsinghua University (RiMOM), Uni-

88

versity of Leipzig (COMA++), and Universitá degli Studi di Milano (HMatch). Each
team provided between 10.000 and 20.000 alignments. This amounted to 31.112 unique
alignments in total.
In order to give dependable precision results within the time span of the alignment
initiative given a limited number of assessors we did a sample evaluation on 7% of the
alignments. This sample was chosen to be representative of the type of topics covered
by the thesauri and to be impartial to each participant and impartial to how much consensus amongst the participants there was about each alignment. We distinguished three
categories of topics in the thesauri that each required a different level of domain knowledge of the assessors: Taxonomical concepts (plants, animals, bacteria, etc.), biological
and chemical terms (structure formulas, terms from generics, etc.), and the remaining
concepts (geography, agricultural processes, etc.). Under the authority of taxonomists at
the US Department of Agriculture the taxonomical category of mappings was assessed
using the strict rules that apply to the naming scheme of taxonomy. These are that if the
preferred term of one concept is exactly the same as either the preferred or the alternative term of another concept then the concepts are considered to be exact matches. The
latter two categories were assessed by two groups, a group of domain experts from the
USDA and the FAO, and a group of computer scientists at the EKAW conference. The
agreement between these groups was 72%. The computer scientists were less likely to
judge an alignment to be correct than the domain experts.
As a signiﬁcance test on precision scores of the systems we used the Bernoulli
distribution. The precision of system A, PA can be considered to be signiﬁcantly greater
than that of system B for a sample set of size N (in the cases of the three categories we
distinguished respectively 18.399, 250, and 650) when the following formula holds:

2
2
PB · (1 − PB )
PA · (1 − PA )
|PA − PB | > 2
+
N
N
Giving dependable recall numbers within the time span of the alignment initiative
was not feasible, so we estimated recall on four sample sub-hierarchies of the thesauri:
All oak trees (everything under the concept representing the Quercus genus), All rodents
(everything under Rodentia), Geographical concepts of Europe, and everything under
the NALT concept animal health and all AGROVOC concepts that have alignments
to these concepts and their sub-concepts. These four samples respectively have size 41,
42, 74, and 34. Around 30% of the mappings were broadMatch and narrowMatch,
the rest was exactMatch.
7.3

Results

The taxonomical parts of the thesauri accounted for by far the largest part of the alignments. The more difﬁcult alignments that required lexical normalization, such as structure formulas, and relations that required background knowledge, such as many of the
relations in the miscellaneous domain, accounted for a smaller part of the alignment.
This caused systems that did well at the taxonomical mappings to have a great advantage over the other systems. The Falcon-AO system performed consistently best at the
largest of the two categories and thus achieved high precision.
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All systems only returned exactMatch alignments. This means that recall of all
systems was limited to 71%. The RiMOM system managed to discover more good
results than the Falcon-AO system on the four small sample recall bases, at the cost of
some precision. Since recall was assessed on such a small set of examples we can only
draw conclusions based on the precision results, but if the difference in recall between
RiMOM and Falcon-AO persists throughout the rest of them, RiMOM achieves a better
F-measure than Falcon-AO.
RiMOM Falcon-AO Prior COMA++ HMatch
Precision (taxonomical)
82%
83% 68%
43%
48%
Precision (bio/chem)
85%
80%
81%
76%
83%
Precision (miscellaneous) 78%
83% 74%
70%
80%
Precision (all topics)
81%
83% 71% 54%
61%
Table 5. Precision results based on sample evaluation.  indicates the signiﬁcantly best system.

Recall (all relations)
Recall (only exactMatch)

RiMOM Falcon-AO Prior COMA++ HMatch
50%
46%
45% 23%
46%
71%
65%
64%
33%
65%

Table 6. Tentative estimation of recall based on sample evaluation.

RiMOM Falcon-AO Prior COMA++ HMatch
F-measure (all rel. & top.) 62%
59%
55% 33%
53%
Table 7. Tentative estimation of F-measure based on sample evaluation.

alignment found by # systems 1
2
3
4
5
average precision 6% 35% 67% 86% 99%
# alignments 21.663 2.592 2.470 4.467 5.555
Table 8. Consensus: average precision of the alignments returned by a number of systems.
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8

Conference

The conference test set introduces matching several ontologies together as well as a
consensus workshop aiming at studying the elaboration of consensus when establishing
reference alignments.
8.1

Test set

The collection consists of ten ontologies in the domain of organizing conferences. The
main features of this test set are:
– Generally understandable domain. Most ontology engineers are familiar with organizing conferences. Therefore, they can create their own ontologies as well as
evaluate the mapping among their concepts with enough erudition.
– Independence of ontologies. Ontologies were developed independently and based
on different resources, they thus capture the issues in organizing conferences from
different points of view and with different terminology.
– Relative richness in axioms. Most ontologies were equipped with DL axioms of
various kinds, which opens a way to use semantic matchers.
Ontologies differ in numbers of classes, of properties, in their DL expressivity, but
also in underlying resources. Six ontologies are based on tools supporting the task of
organizing conferences, two are based on experience of people with personal participation in conference organization, and two are based on web pages of concrete conferences.
8.2

Results

For the sake of brevity, all results from the initial evaluation phase are on the result report page8 . There you can ﬁnd global statistics about participants’ results, which more
or less reﬂect their quality. Additional, ﬁner-grained results were obtained at the “consensus building workshop”.
As there was no reference alignment to compare with, only a general statistics of
submissions plus some simple observations were available to the date of writing this
material. The statistics (counts of ontology pairs processed) follow:
– Automs tried to map all ontologies to three ontologies (30 alignments).
– Coma and Falcon delivered 45 alignments, i.e., all ontologies were mapped to each
other.
– In the case of Hmatch, 90 pairs of ontologies were mapped, separately including
each direction of mapping.
– RiMOM mapped all 100 pairs of ontologies, separately including each direction of
mapping. Mapping of ontology onto itself was also included.
– In the case of OCM, 21 pairs of ontologies were mapped. Some ontologies were
omitted because of their high complexity.
8

http://nb.vse.cz/ svabo/oaei2006/
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Other comments:
– Only equivalence, i.e., no subsumption, relations were discovered; for concepts and
for properties separately, not across.
– Four participants delivered correspondences with certainty factors between 0 and 1
(coma, falcon, hmatch and RiMOM); the two remaining ones (automs and OCM)
delivered ‘certain’ correspondences.
– One associated OAEI paper, by the AUTOMS team, discussed the role of different techniques (string matching, structure matching, thesaurus term matching) for
different correspondences.
– Independently from OAEI, the conference collection has been investigated with
the method of [5]. They evaluated the alignments of four systems, only among
concepts. On the base of their evaluation, Falcon outperforms others in terms of
precision (based on single person judgment). Their evaluation was also discussed
at the consensus workshop.
Consensus building workshop During the “Ontology matching” workshop we organized a “Consensus building workshop”. The main idea behind this workshop was to
thoroughly discuss controversial mappings, i.e., those on which tools disagree, and thus
partly provide feedback for authors of involved systems and partly examine the argumentation process. Altogether 9 mappings were discussed, chosen before the workshop
by the organizers, and the group ﬁnally achieved consensus for each mapping. A presentation contains both the information about evaluation and discussed “controversial”
mappings9 . Chosen mappings as candidates of controversy were representatives of following phenomena:
– subsumption - Two elements are considered as equivalent by the systems, but they
are rather in relation of subsumption, e.g., pairs: Document vs. article and
Location vs. Place.
– inverse property - Pair of elements are considered as equivalent by systems, but
they are inverse, e.g., reviews vs. hasReview.
– lexical confusion – This category contains such mappings considered by systems that are wrong and mainly based on lexical similarity, e.g., PC_Member vs.
Member_PC.
– Other phenomena that were not included in the choice for discussion are for example siblings (elements are rather siblings) and heterogenous mappings (matching of
relation to class or vice versa).
Regarding arguments against and for, we experience that lexical reasons of mapping are ﬁrst considered. Then follow arguments with regard to context of elements
in question. This means consideration of certain neighborhood, subclasses and superclasses (in the case of properties, we can consider subproperties and superproperties).
This can disclose different extensions of classes (especially through their subclasses).
Also, properties related to classes are considered. As a last resort, axioms (more complex restrictions) are taken into account if they are present.
9

It can be downloaded from http://nb.vse.cz/ svabo/oaei2006/#organisation.

92

Discussion during the Consensus building workshop also showed us the necessity of
considering mappings in the neighborhood and the possibility to build mappings from
some mappings that are quite certain and they have 1:1 cardinality. Reaching consensus
about mappings is not an easy process, but it is achievable if people can discuss the
“controversial” issues based on the facts, i.e., ontology semantics and the full context
of the mappings.
The process of analysing the results of participants also addressed critical remarks
to our dataset. Some ontologies contain clear mistakes in terms of hierarchy of classes,
naming elements (bad English) and do not fulﬁl some expectations made about this
dataset like richness in axioms. On the other side, these features can be so widespread
in ontologies available on the present and most certainly future semantic web that it
makes this dataset a truly realcase.

9

Lesson learned

From last year’s lesson learned, we have applied those concerning character encoding,
new evaluation measures and having a progressive test suite in the directory case. However, we must admit that not all of them have been applied, partly due to lack of time.
So we reiterate those lessons that still apply with new ones, including:
A) It is now a general trend that tools for the semantic web are more robust and compliant. As a consequence, we had comments on the tests this year that concerned
problems not discovered in previous years. Obviously the tools can now better handle the ontologies proposed in the tests and they return results that are more easy to
handle for the evaluation. Moreover, we had more participants able to handle large
scale sets.
B) Not all the systems from the last year campaign participated in the campaign of
this year. Fortunately, the best system participated this year as well. It will be useful to investigate if this is a deﬁnitive trend, whether we are evaluating research
prototypes or “serious” systems.
C) The benchmark test case is not discriminant enough between systems. It is still
useful for evaluating the strength and weakness of algorithms but does not seems
to be sufﬁcient anymore for comparing algorithms. We will have to look into better
alternatives.
D) We have had more proposals for test cases this year (we had actively looked for
them). However, the difﬁcult lesson is that proposing a test case is not enough,
there is a lot of remaining work in preparing the evaluation. Fortunately, with tool
improvements, it will be easier to perform the evaluation.
E) It would be interesting and certainly more realistic, to provide some random gradual
degradation of the benchmark tests (5% 10% 20% 40% 60% 100% random change)
instead of a general discarding of a feature. This has not been done for reason of
time.
F) Last but not least, as last year we must mention that the timeline for this evaluation
is far from being ideal both from the participants and the evaluators points of view.
More time must be allocated to this campaign next year.
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10

Future plans

Future plans for the Ontology Alignment Evaluation Initiative are certainly to go ahead
and to improve the functioning of the evaluation campaign. This involves:
–
–
–
–

Finding new real world test cases;
Improving the tests along the lesson learned;
Accepting continuous submissions (through validation of the results);
Improving the measures to go beyond precision and recall (we have done this for
generalized precision and recall as well as for using precision/recall graphs, and
will continue with other measures);
– Drawing lessons from the new test cases and establishing general rules for consensus reference and application-oriented evaluation.
Of course, these are only suggestions that will be reﬁned during the coming year.

11

Conclusion

The tests that have been run this year were even more complete than those of the previous years. However, more teams participated and the results tend to be better. This
shows that, as expected, the ﬁeld of ontology matching is getting stronger (and we hope
that evaluation has been contributing to this progress).
Reading the papers of the participants should help people involved in ontology
matching to ﬁnd what makes these algorithms work and what could be improved.
The Ontology Alignment Evaluation Initiative will continue these tests by improving both test cases and testing methodology for being more accurate. Further information can be found at:
http://oaei.ontologymatching.org.
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Abstract. AUTOMS is a tool for the automatic alignment of domain
ontologies. To ensure high precision and recall with the minimum human
involvement, AUTOMS integrates several matching methods. This paper
presents the tool and the results obtained for the ontologies within the
framework of the OAEI 2006 contest. Particularly, the synthesis of lexical,
semantic and structural matching methods, together with the exploitation of
concept instances resulted in a rather high recall with space of improvement,
and a quite high precision that shows the accuracy of the individual methods, as
well as of their synthesis.

1

Presentation of the system

1.1

State, purpose, general statement

In this paper we present the AUTOMS tool for the automatic alignment of ontologies.
The proposed tool exploits the HCONE-merge [1] ontology mapping method, which
is based on “uncovering” the informal intended meaning of concepts by mapping
them to WordNet senses. Furthermore, AUTOMS integrates the HCONE-merge
method with an innovative lexical matcher named COCLU (COmpression-based
CLUstering) [2], as well as with matching heuristics that exploit structural features of
the source ontologies. The synthesis of these methods contributes towards automating
the mapping process of concepts and properties of OWL ontologies, by exploiting
different features of them: lexical, structural and semantic features.
The WordNet lexicon and concept instances provide additional information
towards unveiling mappings in cases where features such as labels and comments are
missing or in cases where names are replaced by random strings. Structure matching
heuristic rules are exploited to discover mappings in situations where lexical and
semantic methods do not have enough information to proceed.
AUTOMS provides mappings between concept/property pairs with high precision.
However, it must be stated that it does not achieve a satisfactory recall for the
experiments contacted. This suggests that further improvements are necessary both to
the individual methods as well as to the sophistication of the synthesis of results.
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Since the execution times for obtaining these results using OAEI contest’s benchmark
ontologies were quite high, a trade-off between lower time and better results was to be
made.
Finally, it must be stated that AUTOMS has been improved much due to the
experience gained within the OAEI contest.
1.2

Specific techniques used

The methods integrated within AUTOMS run in a particular sequence: Mappings
computed by a method are being exploited by subsequent methods so as new
mappings to be produced. The following paragraphs present the individual methods in
the sequence of their execution.
AUTOMS is mainly based on its lexical matching method, which is applied first in
the sequence of the methods employed. COCLU exploits lexical information
concerning names, labels and comments of ontologies’ concepts and properties, in
order to compute their similarity. Although labels are considered the most important,
comments and names are also examined. COCLU was originally proposed as a
method for discovering typographic similarities between strings, sequences of
characters over an alphabet (ASCII or UTF character set), with the aim to reveal the
similarity of concepts instances’ lexicalizations during ontology population [2]. It is a
partition-based clustering algorithm which divides data into clusters and searches the
space of possible clusters using a greedy heuristic. Each cluster is represented by a
model, rather than by the collection of data assigned to it. The cluster model is
realized by a corresponding Huffman tree which is incrementally constructed as the
algorithm dynamically generates and updates the clusters by processing one string
(instance’s surface appearance) at a time. The use of a model classifies the algorithm
to the conceptual or model based learning algorithms. To decide whether a new string
should be added in a cluster (and therefore, that it lexicalizes the same class/property
as the other strings in the cluster do) the algorithm employs a score function that
measures the compactness and homogeneity of a cluster. This score function, Cluster
Code Difference (CCDiff), is defined as the difference of the summed length of the
coded string tokens that are members of the cluster, and the length of the cluster when
it is updated with the candidate string. This score function groups together strings that
contain the same set of frequent characters according to the model of a cluster (e.g.
Pentium III and PIII). A string that lexicalizes an OWL class or property belongs in a
particular cluster when its CCDiff is below a specific threshold and it is the smallest
between the CCDiff’s of the given string and all existing clusters. Based on our
experience with COCLU, the similarity threshold (ranging in [0,1]) was set to 0.986.
A new cluster is created if the candidate string cannot be assigned to any of the
existing clusters. As a result, it is possible to use the algorithm even when no initial
clusters are available.
Next to the computation of the lexically matching pairs is the computation of the
semantic morphism (s-morphism) which is the core technique behind the HCONEmerge method. Given two ontologies, the algorithm computes a morphism between
each of these two ontologies and a “hidden intermediate” ontology. This morphism is
computed by the Latent Semantic Indexing (LSI) method and associates ontology
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concepts with WordNet senses. Latent Semantic Indexing (LSI) [4] is a vector space
technique originally proposed for information retrieval and indexing. It assumes that
there is an underlying latent semantic space that it estimates by means of statistical
techniques using an association matrix (n×m) of term-document data (WordNet
senses in our case). It must be emphasized that although LSI exploits structural
information of ontologies and WordNet, it ends up with semantic associations
between terms. As it is specified in the HCONE-merge approach, WordNet is not
considered to include any intermediate ontology, as this would be very restrictive for
the specification of the original ontologies (i.e. the method would work only for those
ontologies that preserve the inclusion relations among WordNet senses). Actually, it
is assumed that the intermediate ontology is “hidden” and the method constructs this
ontology while mapping concepts to the WordNet senses. We have used WordNet
since it is a well-thought and widely available lexical resource with a large number of
entries and semantic relations.
The mappings computed by the lexical and semantic matching methods are then
used as input to a simple structural matching algorithm which exploits similarities in
the vicinities of concepts/properties. Here, the vicinity of a concept/property includes
only the subsumers and subsumees. The matching method has been implemented to
improve the performance of the lexical and semantic matching methods by exploiting
simple structural features. Consider the matching between two concepts c1 and c2 of
source ontologies O1 and O2, respectively. The heuristic is: “if at least two neighbor
concepts of c1 have already been (lexically or semantically) mapped to two neighbor
concepts of c2 such that the mappings respect the ontology axioms of inclusion and
equivalence, i.e. a sub-concept of c1 has been mapped to a sub-concept of c2, then c1
and c2 are consider to structurally match”. The threshold of two (2) neighbor concepts
has been considered after conducting several experiments. It should be noticed that
further in the alignment process, AUTOMS uses an enhanced structure matching
method that runs iteratively using the mappings of all the methods. This method
expands the vicinity of concepts to include object properties as well.
The fourth method in sequence utilizes concept instances (individuals).
Particularly, for the concepts that have not been determined to be similar to any other
concept, AUTOMS compares their individuals, if any. For those concept pairs that
have at least one matching instance, AUTOMS discovers a possible mapping. The
matching of concept instances is currently based on the similarity of their local
names, which is their Uniform Resource Identifier (URI).
The fifth method utilizes information about properties. For the concepts that have
not been determined to be similar to any other concept, AUTOMS compares their
properties, if any. For those concept pairs that have at least two matching properties,
AUTOMS identifies a possible mapping. The matching of object properties is based
on the similarity of their property names, as well as on the similarities of their domain
and range.
The final step in the alignment process is the execution of an enhanced iterative
structure matching method. This method uses the proposed matching pairs from all
the previous methods in order to compute mappings based on concepts’ enhanced
vicinity: The enhanced vicinity of the concept includes all the concepts related to it.
This method runs iteratively for 2 times, updating the list of proposed matching pairs
with the pairs discovered in each iteration. It has been observed during the specific
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benchmark experiments that although new mappings are discovered in each iteration,
there is no change to the set of mappings after the second execution. Further
experimentation and investigation is needed for improving this method.
1.3

Adaptations made for the evaluation

AUTOMS is an evolving tool that integrates new methods, which are being tested in
new cases. The OAEI contest provides challenging cases that require the exploitation
of special features for AUTOMS (and any other tool) to perform efficiently and
effectively.
Specific adaptations have been made with respect to the utilization of ‘comments’,
to the existence of the ‘lang’ property, and to the use of ‘random strings’ for
concept/property names.
Implementation adjustments have also been made in order to be able to run large
sets of ontologies in short time. Furthermore, AUTOMS has been modified in order to
be able to produce alignments in the form that OAEI contest requires. The evaluation
of the results however has been performed using organizers’ Alignment API (version
2.4)
It must be noticed that for the purposes of the contest the alignment output files
for ontologies 302 and 303 need to be manually fixed: The <onto2> entry (the
ontology
file
location)
value
must
be
replaced
with
http://oaei.ontologymatching.org/2006/benchmarks/302/onto.rdf
and
http://oaei.ontologymatching.org/2006/benchmarks/303/onto.rdf, respectively.
1.4

Link to the system and parameters file

http://www.icsd.aegean.gr/incosys_old/Projects/AUTOMS/OAEI/system/automs.zip
1.5

Link to the set of provided alignments (in align format)

http://www.icsd.aegean.gr/incosys_old/Projects/AUTOMS/OAEI/results/automs.zip

2

Results

Results produced with AUTOMS for the 2006 OAEI contest are grouped and
discussed below. These results were produced with a stand-alone Java version of
AUTOMS on a standard Windows-based PC (2.4 GHz processor). Resulted
alignments are sets of pairs of mappings, i.e. of equivalent (symb. = )
concepts/properties.
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2.1 Benchmark

2.1.1 Tests 101 to 104
Although these ontologies have no special features or difficulties for aligning them,
AUTOMS looses in precision due to its lexical method. This is because COCLU
compares first the labels of concepts/properties for their similarity, and finds 3
mappings: “number = numberOrVolume”, “collection = book”, “name = shortName”.
As already pointed, although labels are considered the most important for COCLU,
comments and names are also compared if labels’ similarity value is less than the
specified threshold.
The semantic and structure matching methods return pairs that have already being
computed by the lexical matching method, with no problems in precision. Instance
and property matching methods do not contribute any mapping.
Language generalization and restriction features (103, and 104 ontologies) do not
affect the results.

2.1.2 Test 201 to 210
Each case of this group of tests should be presented separately in order to thoroughly
discuss the importance of each of the methods that AUTOMS integrates. We will
point here to the most important issues and briefly comment each of them.
Ontologies with no names, which is the case where names have been replaced by
random strings or synonyms or naming conventions or even foreign names, but with
comments in place (ontologies 201, 204, 205, 206 and 207) do not cause serious
problems in AUTOMS. In fact, the exploitation of the comments and the utilization of
instances, as well as the mappings computed by the semantic and structure methods,
result in recall that ranges from 0.66 to 1.00 and in precision that ranges from 0.94 to
0.97.
The alignment of ontologies with the above features and with no comments
(ontologies 202, 209 and 210) resulted to low recall ranging from 0.10 to 0.33. The
mappings were mainly contributed by the lexical method (ontologies 202, 209, and
210) and the instance matching method (ontology 202), and less by the semantic
matching (ontology 209) and the enhanced structure matching method (ontology 209).
Although we expected the semantic method with the use of WordNet 2.0 lexicon to
unveil more mappings, it identified the pairs “Booklet = Brochure” and “Monograph
= Monography”. This can be explained by the nature of most of the concept/property
names (i.e. the use of compound terms or naming conventions), and by the
amount/quality of information included in the vicinity of each concept/property.
Alignments of ontologies 203 and 208 have been easily produced by AUTOMS:
the lack of comments did not affect much the performance. The use of labels and
names, even with conventions, resulted to high precision and recall (1.00) for the
ontology 203 and to precision 1.00 and recall 0.73 for the ontology 208. The
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exploitation of instances and the enhanced structure matching method have revealed
the mappings produced for the ontology 208.

2.1.3 Test 221 to 247
Names, labels, and comments in these ontologies have no special features that may
distract the alignment: These ontologies resulted from modifications in structure and
the addition of instances or/and properties. That is why the recall in all test cases is
1.00. Precision is influenced by some mistakenly returned (false positive) mappings.
However it does not fall under 0.87 (247 ontology), with a maximum of 1.00 in some
cases (228, 233, 236 and 241 ontologies). The worst case (247 ontology) is due to
false positives returned from the lexical matching algorithm and the pair “Conference
= Workshop” produced by the instance matching method.

2.1.4 Test 248 to 266
These are the most difficult tests for AUTOMS since names, labels, and comments
have been removed or replaced by random strings. The lexical matching method
contributed only one mapping, i.e. the “lastName = lastName”. Since only the
instance matching method contributed in this set of alignments, the recall measure
ranges from 0.10 to 0.31. The structure matching method did no contribute any
mapping. The precision however is far more satisfactory, ranging from 0.82 to 1.00.

2.1.5 Test 301 to 304
Apart from ontology 304, for which the structure matching method contributed a
significant number of mappings, all the mappings for these tests were computed by
the lexical matching method. This fact has a negative impact to the recall measure;
however precision was kept again above 0.86. The absence of concept instances,
together with the fact that no semantic mappings have been computed, played a major
role in the low recall measure.
2.2 Anatomy
We were not able to run this test due to the large size of ontology files.
2.4 Directory
We were able to run tests with the directory ontologies since they were given in OWL
and they had a manageable size. For running this test we had to split the given
ontology set in smaller sets since me experienced problems with the heap in Java
(although we had used the Xmx1000M parameter). Minor adjustments to the code of
AUTOMS had to be done since COCLU could not handle concept names of length 1

101

(e.g. ‘A’ or ‘B’) and names with numbers (e.g. ‘1990s’). The tool computed mappings
between concept/property pairs, but since we had no expert mappings to evaluate our
results, we can only wait for OAEI 2006 organizers’ comments.
Our observations concerning the alignments computed by AUTOMS (randomly
browsing some of the 4.639) are limited to the fact that these were mainly based on
the lexical matching method, secondly on the semantic matching method (e.g. “
Economics = Political_Economy ”, “ Arts = Humanities ”) and less to the structure
matching method (e.g. “Regional = By_region”). Since this test was mainly addressed
to discover mappings by exploiting subsumption relations, AUTOMS should have
integrated a more elaborated structure matching method. Furthermore, since
ontologies have no concept instances and properties, the related methods returned no
mappings.
2.5 Food
We were not able to run this test due to the large size of the ontology file, as well as
due to the inability of AUTOMS to import ontologies in the SKOL language.

2.6 Conference
For the purpose of this test, we run 3 separate tests, aligning the three larger
ontologies (Ekaw, Iasted and OpenConf) to each of the set. Equivalences between
concepts/properties were identified. The instances matching method of AUTOMS did
not return any mappings, since ontologies were not populated with concept instances.
The three different sets of outputs (total of 30 alignment files in OAEI format)
were used to drawn the following points:
1. A high number of mappings (14) were identified between Ekaw.owl and
Conference.owl. Special features such as inverse compound names of
concepts (e.g. PC_Member = Member_PC) have been tackled by the lexical
matching method. Mappings such as “Document = Conference_Document”
has been identified by the enhanced structure matching method. Pairs such as
“Person = Human” and “Document = Article” between the Ekaw.owl and
Confious.owl ontologies have been identified due to the semantic and
enhanced structure matching methods, respectively. Incorrect mappings are
also identified mainly due to the structure matching method (e.g. “Paper =
review”) when the Ekaw.owl ontology is mapped to itself.
2.

Also 14 mappings were identified between iasted.owl and sigkdd.owl
ontologies. The “Delegate=Conference_Participant” mappings is identified
by the enhanced structure method for the ontologies iasted.owl and
Ekaw.owl. Apart from this, the rest of the mappings identified were of no
particular difficulty.

3.

For the openConf.owl ontology and the rest of the ontologies, the mappings
that AUTOMS computed, apart from the “surname = last_name” in
Confious.owl, had no specific difficulty.
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4.

Although several alignments have been identified between the ontologies, it
seems that OAEI participants will need to spend some time prior reaching a
consensus on these alignments. More important, to be able to produce an
alignment between all these ontologies and finally get the reference ontology
(as a result of merging them) certainly needs more time and effort. It seems
that although the domain of conferencing is a generally agreed and well
understood context, the different types of conferences’ organizers,
participants, subjects, and reviewing systems drive quite divergent ontology
specifications.

Since this test is a blind test, we expect organizers’ feedback.

3

General comments

The participation in the OAEI contest has been rather valuable for improving our tool.
Several minor code adjustments/improvements and other methodological amendments
were made in order to be able to deliver the presented precision and recall in the
OAEI 2006 tests. The experience gained from the contest is keeping AUTOMS in a
continuous process of improvement. In future versions of AUTOMS several
problematic cases that have been discussed in this paper will be addressed.
3.1

Comments on the results

As already mentioned and also implied by the results described in this paper,
AUTOMS is mainly based on the lexical matching method. The synthesized methods’
performance is rather satisfactory for ontologies that use labels and comments to the
specification of concepts/properties. The approach works well with naming
conventions and language variations (tested for English and French). The weakness to
work with concept/property names that start with numbers (‘1990s’) or have length of
one letter (‘A’) has been identified and tackled. AUTOMS results are significantly
based on the exploitation of concept instances (in cases where this applies). The use
of structural and semantic information did not contributed as much as it was expected
in the final results. However the synthesis of all these matching methods has
improved the overall recall and the precision of the results.
We have collected a large set of results that AUTOMS produced for the several
OAEI experiments, using variations of the individual methods and of their synthesis.
AUTOMS in its simple initial version returned for the benchmark ontologies an Hmean of 0.93 and 0.63 of precision and recall, respectively. During the enrichment of
AUTOMS with new and/or more advanced methods, we managed to reach the hmean of 0.97 for precision and 0.64 of recall. The final submitted results of 0.94
(precision) and 0.67 (recall) show a good tradeoff between precision and recall that
our tool can deliver for the particular benchmark ontologies.
Running AUTOMS with last year’s benchmark ontologies and the Alignment API
2.4, one can observe that our tool performs better from the rest of the tools as far as
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the precision (0.94) is concerned, while the recall is not much lower from this of
others’ (0.71).
3.2

Discussions on the way to improve the proposed system

In future versions of our tool we should be experimenting with more advanced
structure matching and with advanced semantic matching methods that already
presented in other lines of related research [5].
Things need to be done also with the ability of AUTOMS to read and align large
ontologies.
3.4

Comments on the OAEI 2006 test cases

This year OAEI contest has provided participants with harder tests and with more real
ontologies. This is a good improvement on the test cases themselves. However, we
think that more improvements are needed so as to avoid (at least in some of the cases)
simplistic methods to dominate to more sophisticated ones: For instance, the heuristic
of having only a common instance for a pair of concepts to match it seems too
simplistic for contributing to the increase of methods’ precision.
Furthermore, it would be more helpful to provide participants also with the
reference alignments of the directory and conference tests so as to be possible for
them to examine their tools, provide helpful insights to the research community and
draw conclusions on real case ontologies.
3.5

Comments on the OAEI 2006 measures

Since there will always be a tradeoff between precision and recall, h-mean and/or
ROC curves is a good alternative for giving participants a better view of their tool’s
performance. H-mean and/or ROC curves should be produced at least for each group
separately since groups of tests have quite different design motivation. Also, it would
be interesting to agree on the importance of precision against recall (or in the reverse
order) for particular types of alignments depending on the context that they are
performed. For instance, we can argue that there exist some alignments between real
ontologies that are critical to being correct rather than being complete.

4

Conclusion

Our participation in the OAEI 2006 contest with the AUTOMS tool has been a
significant experience. We have actually been able to identify cons and prons of our
tool, and improve some points in its implementation. The organizers’ feedback and
the comparison with the other tools will also contribute to future improvements of the
tool and of the approach in general
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Appendix: Raw results

Matrix of results
#
101
102
103
104
201
202
203
204
205
206
207
208
209
210
221
222
223
224
225
228
230
231
232
233
236
237
238
239
240
241
246
247
248
249
250
251
252
253
254
257
258
259
260
261
262
265
266
301
302
303
304

Name
Reference alignment
Irrelevat ontology
Language generalization
Language restriction
No names
No names, no comments
No comments
Naming conventions
Synonyms
Translation

No specialisation
Flatenned hierachy
Expanded hierarchy
No instance
No restrictions
No properties
Flatenned classes
Expanded classes

BibTeX/MIT
BibTeX/UMBC
Karlsruhe
INRIA
H-mean

Prec.
0.94
0.94
0.94
0.94
1.00
1.00
0.94
0.94
0.97
0.97
1.00
1.00
1.00
0.94
0.93
0.89
0.94
0.94
1.00
0.89
0.94
0.94
1.00
1.00
0.93
0.89
0.97
0.87
1.00
0.97
0.87
1.00
1.00
1.00
1.00
0.91
1.00
1.00
1.00
1.00
0.91
0.90
0.82
1.00
0.90
0.82
0.93
1.00
0.93
0.86
0.94

Rec.
1.00
1.00
1.00
0.95
0.10
1.00
1.00
0.99
0.66
0.66
0.73
0.33
0.28
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
0.10
0.10
0.27
0.11
0.10
0.10
0.27
0.27
0.11
0.10
0.31
0.27
0.27
0.31
0.27
0.46
0.58
0.78
0.92
0.67
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Time (sec)
93
87
86
86
79
88
89
89
84
84
82
81
78
71
81
180
92
64
44
80
88
71
46
44
85
181
39
83
44
40
83
63
78
43
72
167
62
42
42
71
167
37
80
41
38
79
35
24
141
81
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Abstract.
This paper summarizes the OAEI Contest 2006 results for the matching tool
COMA++. The study shows that a generic schema matching system can also
effectively solve complex ontology matching tasks.

1

Presentation of the system

COMA++ is an extension of our previous COMA prototype [1]. It is a customizable
and generic tool for matching both schemas and ontologies specified in languages
such as SQL, XML Schema or OWL [2]. COMA++ offers a GUI and supports the
combined use of several match algorithms as well as the reuse of previously
confirmed match results [6].
The COMA++ architecture is shown in figure 1. The Repository persistently stores all
match-related data, the Model and Mapping Pools manage all schemas, ontologies,
and mappings in memory, and the Matching Engine performs the match operations.
The GUI provides access to these components and is used to visualize models,
manage the match process and mappings. The Matching Engine contains different
libraries that supports many match algorithms and match strategies. The similarity
results of individual matchers are maintained and aggregated within a similarity
matrix per match task [1]. Match strategies implement workflows to deal with
complex match tasks and enable a reuse of previous results and the decomposition of
larger match tasks into smaller ones [3].
1.1

State, purpose, general statement

COMA and COMA++ have proven to be very effective for matching database and
XML schemas [1, 4, 6]. The main reason for this test was to see the effectiveness of a
generic matching tool for dealing with ontologies.
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Figure 1.Architecture of COMA++

1.2

Specific techniques used

An automatic match process in COMA++ consists of several steps. In the first step
the imported schemas and ontologies are transformed into a generic graph
representation. The graph nodes represent schema/ontology components such as
classes or properties and have attributes like name and data type. All relationships,
e.g. aggregations and specializations, are uniformly represented by edges between
nodes. In the next step graph nodes are matched with each other using a match
strategy and matchers. There is no differentiation made between node types, so that
for example classes and properties can be matched. The similarity values obtained by
the individual matchers are aggregated according to a combination strategy (average,
etc.). The match candidates are selected from the aggregated correspondences, e.g.
based on a threshold criterion. Finally, the result mapping (RDF alignment) is
generated.
In addition to the schema-based matchers we used an instance-level matcher which
has recently been added to the COMA++ match library.

1.3

Adaptations made for the evaluation

In addition to the integration of an instance matcher only few changes to COMA++
were necessary to deal with specifics of the contest. As mentioned, the output
mapping was translated into the predefined RDF alignment format. Furthermore the
result of a matcher was ignored if it contained the same similarity value for all
entities. This was a minor adaptation made because the same strategy had to be used
for all tests.
Another change was the splitting of huge ontologies into several smaller ones. The
results of the smaller match tasks were then merged. Another selection step was
applied on the merged results to obtain the final result mapping.
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To fit the rules of the contest the prototype is not using synonyms and abbreviations
which can be given to the system. The specific creation of them was not allowed but
would have been necessary because of the different domains.
1.4

Link to the system, parameters file and to the set of provided alignments

At the following URL .zip archives of all the contest results are available.
Furthermore the system with a parameters file can be downloaded.
http://dbs.uni-leipzig.de/Research/coma_oaei.html

2

Results

The results discussed here have been calculated with five matchers: NameType,
Comment, Parents, Children and Instance. For the combination of the match results
the average value has been computed and a selection has been made using, e.g. a
threshold. The best setting has been determined by running different configurations
on the benchmark and choosing the one with the highest f-measure. The exact
parameters can be found in the appendix.
2.1

Benchmark

This test is a systematic benchmark test containing 50 tests which can be used for
identifying the strengths and weaknesses of an algorithm.
The overall score of COMA++ for this task (except 102) is quite good:
Precision
Recall
F-Measure
Average
0.96
0.82
0.88

Time
7.0 sec

2.1.1
Tests 101-104
The results for tests 101, 103 and 104 are perfect because the classes and properties
have the same names, comments and instances. The language restriction and
generalization have no influence.
The alignment for the irrelevant ontology 102 contains a few false matches that have
similar names, e.g. “year – yearValue”. There are no matches expected for this test,
thus precision and recall automatically are 0.0, so we left this value out at the average
calculation.

Average

Precision
1.00

Recall
1.00
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F-Measure
1.00

Time
15.4 sec

2.1.2
Tests 201-247
The results of these tests differ depending on the given information because the
chosen strategy uses names, data types, comments, structure and instance. If one or
more of these information is missing only the remaining information can be used.
For the tasks 202, 209 and 210 the names and the comments differ so these
information can’t be used and the results have a lower recall.
For all other tests of this group the names, the comments or both contain useful
information so the results are quite good.
The tests 221-247 even have the same names and comments, whereas the structure is
different. Instances are similar but some ontologies don’t contain them. The given
information is enough to reach very good results.

Average

Precision
0.98

Recall
0.95

F-Measure
0.97

Time
8.1 sec

2.1.3
Tests 248-266
In these tests the names have been substituted with random strings and there are no
comments. The algorithm can thus only use the hierarchy and the instances, if given.
Not for every class and property instances exist, so that information just helps to find
corresponding entities. The results for these tests are therefore satisfactory.

Average

Precision
0.89

Recall
0.51

F-Measure
0.65

Time
4.2 sec

2.1.4
Tests 301-304 (Real Ontologies)
The real-world ontologies have been a more difficult task for COMA++ because the
ontologies are quite different compared with the 101 ontology. Three out of the four
ontologies don’t contain instances – only 304 does. 302 and 303 don’t use comments,
the structure is quite different and the names are often dissimilar, which the prototype
could not find because the contest disallowed us to use auxiliary information.

Average

2.2

Precision
0.84

Recall
0.69

F-Measure
0.76

Time
3.6 sec

Anatomy

For the anatomy task two large ontologies had to be aligned. Because of the huge size
the matching task had to be splitted by our system into smaller ones. The part results
were merged and then a variety has been selected. The selection was necessary
because with the splitted matching more false matches have been found.
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Another difficulty has been the fact that in the FMA ontology the id of classes look
like “frame_92794” and “frame_51746” and the real information is in the label.
Whereas the OpenGALEN ontology has meaningful ids and uses rarely labels. These
labels or ids are made up of a lot of tokens and sometimes they differ only in a few
letters, e.g. “fifth” instead of “first”. Therefore we expect that more false positives
will be found than in the benchmark test.
2.3

Directory

For this test we matched 4640 pairs of ontologies.
To find out more about the quality of our strategy and that kind of test we also
matched the 2265 ontology pairs of the contest 2005. We reached a recall around 0.32
what is as good as the best participants. Looking at the missing correspondences we
couldn’t
find
any
similarity
of
the
names,
e.g.,
“7/source.owl#Academic_Departments” and ”7/target.owl#United_Kingdom” and no
comments or instances existed. That’s why we couldn’t figure out a way to improve
our system.
2.4

Food

The food ontologies uses the different format SKOS. We transformed the given
SKOS files into OWL format to be able to match them. These ontologies are quite
large so the match process has to be splitted as well as in the anatomy test.
2.5

Conference

This task contains 10 ontologies that deal with conference organisation. The
calculation of alignments between each of them was no problem because of the
smaller size.

3

3.1

General comments

Comments on the results

Given that COMA and COMA++ were not specifically designed for matching
ontologies and we invested only a small amount of time for the contest the overall
results are surprisingly good. The new instance matcher proved to be effective
especially for the tests where useful information was only provided by instance
values.
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The used parameters were selected for the whole set of tests. For individual match
tasks better results than reported can be obtained by using tailored configuration
parameters. Another point is that domain-specific abbreviations, synonyms and
previous match results could not be utilized in order to conform with the contest rules.
3.2

Discussions on the way to improve the proposed system

The use of auxiliary information that is conforming to the rules, e.g. WordNet or
UMLS, could improve the recall results. The addition of ontology-oriented matchers
and the distinction between node and relationship types could also be helpful.
3.3

Comments on the OAEI 2006 procedure

This is our first participation in this Ontology Alignment Contest. Since we are not
involved in the contest preparation we had no prior knowledge of most tasks and the
regulations. We thus had comparatively little time (about 2 months) to deal with the
details of six test series and technical problems caused by unknown formats and large
files. Furthermore, we had to adapt the system to the contest rules and try to find the
best strategy and configuration.

4

Conclusion

The presented contest results show that COMA++ is not only effective for schema
matching but also for ontology matching. This underlines the viability of generic
approaches for complex metadata management problems.
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Appendix: Raw results
The following benchmark results have been computed with the following parameters:
• Strategie: NoContext
• Matcher: NameType, Comment, Instance, Parents, Children
• Combination: Average
• Selection: N=0, Delta=0.0001, Threshold=0.13; Direction=Both
The tests were run on a PC running Windows XP with an Intel Pentium 4 2.4 GHz
processor and 512 MB memory.
Matrix of results
#
101
102
103
104
201
202
203
204
205
206
207
208
209
210
221
222
223
224
225
228
230
232
233
236
237
238
239
240
241
246
247

Name
Reference alignment
Irrelevat ontology
Language generalization
Language restriction
No names
No names, no comments
No comments
Naming conventions
Synonyms
Translation

Prec.

Rec.
1.00
0.00
1.00
1.00
1.00
0.90
1.00
1.00
1.00
1.00
1.00
0.99
0.96
0.98
1.00
1.00
1.00
1.00
1.00
0.94
0.99
1.00
0.94
0.94
1.00
0.99
0.90
0.79
0.94
0.90
0.77

No specialisation
Flatenned hierachy
Expanded hierarchy
No instance
No restrictions
No properties
Flatenned classes
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1.00
0.00
1.00
1.00
1.00
0.68
1.00
1.00
0.98
0.98
0.98
0.98
0.78
0.85
1.00
1.00
1.00
1.00
1.00
0.94
1.00
0.99
0.94
0.94
1.00
0.99
0.93
0.91
0.94
0.93
0.91

Time (sec)
15.9
5.8
16.5
13.7
14.0
12.1
12.5
14.5
13.6
14.0
13.2
11.8
12.4
13.4
4.4
5.1
6.5
4.2
12.9
3.0
11.8
7.7
3.0
3.5
4.3
4.9
3.3
3.6
2.8
2.7
4.2

248
249
250
251
252
253
254
257
258
259
260
261
262
265
266
301
302
303
304

0.91
0.89
0.93
0.83
0.90
0.91
1.00
0.93
0.84
0.90
0.86
0.92
1.00
0.86
0.92
0.97
0.78
0.62
0.96

BibTeX/MIT
BibTeX/UMBC
Karlsruhe
INRIA
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0.52
0.68
0.42
0.57
0.57
0.52
0.27
0.42
0.58
0.57
0.41
0.33
0.27
0.41
0.33
0.64
0.44
0.65
0.91

4.1
12.6
3.3
4.5
4.9
3.6
2.9
2.6
4.7
5.3
2.5
3.2
2.7
2.6
2.9
3.8
2.4
4.0
4.3
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Abstract. This paper introduces an ontology mapping system that is used with a multi agent ontology
mapping framework in the context of question answering. Our mapping algorithm incorporates the
Dempster Shafer theory of evidence into the mapping process in order to improve the correctness of the
mapping. Our main objective was to assess how applying the belief function can improve correctness of
the ontology mapping through combining the similarities which were originally created by both
syntactic and semantic similarity algorithms. We carried out experiments with the data sets of the
Ontology Alignment Evaluation Initiative 2006 which served as a test bed to assess both the strong and
weak points of our system. The experiments confirm that our algorithm performs well with both
concept and property names.

1. Presentation of the system
1.1 State, purpose, general statement
In the context of the Semantic Web, AQUA [1,2] an ontology based question answering system offers
the possibility to answer user queries from heterogeneous data sources described by their own domain
specific ontologies. In order to produce coherent answer to the users’ query in this distributed environment
the AQUA system need to create ontology mappings between both the concepts and properties of the
different domains and the query terms posed by the user. However, in the context of question answering
like the AQUA system the dynamic nature of the source information (e.g. web enabled databases) does not
always make it possible to create ontology mapping a-priory by the help of a domain expert, but mappings
need to be created on the fly. Considering the dynamic nature of this environment an important aspect is
how the incomplete and uncertain results of the different similarity algorithms can be interpreted during the
mapping process. We believe that proper utilization of uncertainty can considerably improve the mapping
precision. However, uncertain data handling and combining uncertain data obtained from different sources
in general is computationally expensive operation therefore we use multi agent architecture to address
performance related issues.
1.2 Specific techniques used
Creating the particular ontology mappings is an iterative process where ideally the users are involved in
the loop as well. In a real case scenario the users pose different questions that contain both concepts and
properties of a particular domain. This information then can be used to query the different ontologies,
create mapping between its concepts and properties that can be used to answer the particular query. For the
Ontology Alignment Contest we have implemented an iterative closed loop which creates the mapping
without any human interaction and works as follows:
1. We take a concept (or property) from ontology 1 and consider (refer to it from now) it as the query
fragment that would normally be posed by a user. From the query fragment we build up a graph
which contains the close context of the query fragment such as the concept and its properties.
2. We take syntactically similar concepts and properties and its synonyms to the query graph from
ontology 2 and build a graph that contains both concepts (properties) and its synonyms.
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3.

Different similarity algorithms (considered as different experts in evidence theory) are used to
assess quantitative similarity values (converted into belief mass function) between the nodes of the
query and ontology fragment which is considered as an uncertain and objective assessment. Then
the information produced by the different algorithms is combined using the Dempster’s rule of
combination.
4. Based on the combined evidences we assess semantic similarity between the query and ontology
graph fragment structures and select those in which we calculate the highest belief function.
5. The selected concepts are added into the alignment.
The overview of the mapping process is depicted on figure 1.

Fig. 1. The iterative mapping process

In order to avoid a complex graph of relationships in the query and the ontology fragments we need to
define a reasonable limit on the number of synonyms, which are extracted from the WordNet. To define
such a limit is also desirable when we carry out the belief combination since all extracted terms represent a
variable where each similarity value needs to be combined with the Dempster’s rule of combination. The
combination rule implies that the problem space increases exponentially with the number of variables
therefore the proper definition of this limit can considerably affect the scalability of our system.
1.2.1 Syntactic similarity
To assess syntactic similarity between ontology entities we use different string-based techniques to
match names and name descriptions. These distance functions map a pair of strings to a real number, which
indicates a qualitative similarity between the strings. To achieve more reliable assessment we combine
different string matching techniques such as edit distance like functions e.g. Monger-Elkan [3] to the token
based distance functions e.g. Jaccard [4] similarity. To combine different similarity measures we use
Dempster’s rule of combination. Several reasonable similarity measures exist however, each being
appropriate to certain situations. To maximize our system's accuracy we employ a variety of similarity
measures. At this stage of the similarity mapping our algorithm takes one entity from Ontology 1 and tries
to find similar entity in extended query. The similarity mapping process is carried out on the following
entities:
• Concept-name similarity
• Property name and set similarity
The use of string distances described here is the first step towards identifying matching entities between
query and the ontology or between ontologies with little prior knowledge, or ill structured data. However,
string similarity alone is not sufficient to capture the subtle differences between classes with similar names
but different meanings. So we work with WordNet in order to exploit synonymy at the lexical-level. Once
our query sting is extended with lexically synonym entities we calculate the string similarity measures
between the query and the ontologies. In order to increase the correctness of our similarity measures the
obtained similarity coefficients need to be combined. Establishing this combination method was our
primary objective that had been included into the system. Further once the combined similarities have been
calculated we developed a simple methodology to derive the belief mass function that is the fundamental
property of Demster-Shafer framework.
1.2.2 Semantic similarity
For semantic similarity between concept, relations and the properties we use graph-based techniques.
We take the extended query and the ontology input as labeled graphs. The semantic matching is viewed as
graph-like structures containing terms and their inter-relationships. The similarity comparison between a
pair of nodes from two ontologies is based on the analysis of their positions within the graphs. Our
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assumption is that if two nodes from two ontologies are similar, their neighbours might also be somehow
similar. We consider semantic similarity between nodes of the graphs based on similarity of leaf nodes.
That is, two non-leaf schema elements are semantically similar if their leaf sets are highly similar, even if
their immediate children are not. The main reason why semantic heterogeneity occurs in the different
ontology structures is because different institutions develop their data sets individually, which as a result
contain many overlapping concepts. Assessing the above-mentioned similarities in our system we adapted
and extended the SimilarityBase and SimilarityTop algorithms [5] used in the current AQUA system for
multiple ontologies. Our aim is that the similarity algorithms (experts in terms of evidence theory) would
mimic the way a human designer would describe a domain based on a well-established dictionary. What
also needs to be considered when the two graph structures are obtained from both the user query fragment
and the representation of the subset of the source ontology is that there can be a generalization or
specialization of a specific concepts present in the graph which was obtained from the local source and this
needs to be handled correctly. In our system we adapted and extended the before mentioned SimilarityBase
and SimilarityTop algorithms, which has been proved effective in the current AQUA system for multiple
ontologies.

1.2.3 Uncertainty
In our system we use the Dempster-Shafer theory of evidence [6], which provides a mechanism for
modeling and reasoning uncertain information in a numerical way particularly when it is not possible to
assign a belief to a single element of a set of values. Consequently the theory allows the user to represent
uncertainty for knowledge representation, because the interval between support and plausibility can be
easily assessed for a set of hypothesizes. Missing data also could be modeled by Dempster-Shafer approach
and additionally evidences from two or more sources can be combined using Dempster’s rule of
combination. The combined support, plausibility, disbelief and uncertainty can each be separately
evaluated. The main advantage of the Dempster-Shafer theory over the classical probabilistic theories is the
evidence of different levels of abstraction can be represented in a way, which allows clear distinction to be
made between uncertainty and ignorance. Further advantage is that the theory provides a method for
combining the effect of different learned evidences to establish a new belief by using Dempster’s
combination rule. The following elements have been used in our system in order to model uncertainty:
Belief mass function (m): is a finite amount of support assigned to the subset of Θ. It represents the
strength of some evidence and

∑

A⊆ Θ

m( A) = 1

(1)

where m(A) is our exact belief in a proposition represented by A. The similarity algorithms itself produce
these assignment based on the above mentioned (see in section similarity) similarities. As an example
consider the query fragment that contains the concept “book”. Based on the WordNet we identify that the
concept “volume” is one synonym of the “book” so after similarity assessment our variables will have the
following belief mass value:
• m(Ontology1book, Ontology2volume) = 0.89
• m(Ontology1book, Ontology2book) = 1.0
In practice we would assess up to 8 synonym similarities with different algorithms (considered as experts)
which can be combined based on the combination rule in order to create a more reliable mapping. Once the
combined belief mass functions have been assigned the following additional measures can be derived from
the available information.
Belief: amount of justified support to A that is the lower probability function of Dempster, which accounts
for all evidence Ek that supports the given proposition A.
belief i ( A) = ∑ E

k⊆A

mi ( E k )

(2 )

An important aspect of the mapping is how one can make a decision over how different similarity measures
can be combined and which nodes should be retained as best possible candidates for the match. To combine
the qualitative similarity measures that have been converted into belief mass functions we use the
Dempster’s rule of combination and we retain the node which belief function has the highest value.
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Dempster’s rule of combination:
Suppose we have two mass functions mi(Ek) and mj(Ek’) and we want to combine them into a global mij(A).
Following Dempster’s combination rule

mij ( A) = mi ⊕ m j = ∑ E

k ∩ Ek '

mi ( E k ) ∗ m j ( E k ' )

(3 )

1.2.4 Trust and conflicting beliefs
Based on our experiments with the benchmarks we have investigated why in some cases the belief
combination produced incorrect result even thought before the combination a correct mapping could have
been derived for the particular case based on individual beliefs. The problem occurs when the different
agents' similarity assessment produces conflicting beliefs over the correctness of a particular mapping. A
conflict between two beliefs in DS theory can be interpreted qualitatively as one source strongly supports
one hypothesis and the other strongly supports another hypothesis, and the two hypotheses are not
compatible. In this scenario applying Dempster’s combination rule to conflicting beliefs can lead to an
almost impossible choice with a very low degree of belief which due to the normalisation will result in the
most possible outcome with a very high degree of belief [7, 8]. This combination rule strongly emphasizes
the agreement between multiple sources and ignores all the conflicting evidence through a normalization
factor. Imagine the following scenario where Ω frame of discernment has three elements {e1,e2,e3} and the
assigned belief masses on the correctness of the particular mappings are as described on table 1.

Agent 1

Before normalisation

m1 (e1 ) = 0; m2 (e2 ) = 0.01; m3 (e3 ) = 0

After normalisation
m1 (e1 ) = 0; m2 (e2 ) = 1; m3 (e3 ) = 0

Agent 2

m1 (e1 ) = 0.74; m2 (e2 ) = 0.35; m3 (e3 ) = 0.24

m1 (e1 ) = 0.55; m2 (e2 ) = 0.26; m3 (e3 ) = 0.19

Agent 3

m1 (e1 ) = 0.69; m2 (e2 ) = 0.3; m3 (e3 ) = 0.21

m1 (e1 ) = 0.57; m2 (e2 ) = 0.25; m3 (e3 ) = 0.18

Table 1. Conflicting belief masses

In this scenario the belief of “Agent 1” is in conflict with the other agents’ belief and due to the
normalization of the hypothesis set a week possibility is transformed into strong support which would result
in an incorrect mapping. In our ontology mapping framework the belief functions are considered as a
method to model an agent’s beliefs, therefore the belief function defined by an agent can also be viewed as
a way of expressing the agent’s preferences over choices, with respect to masses assigned to different
hypotheses. The larger the mass assigned to a hypothesis is the more preferred the hypothesis will be. In
this context the problem is how do we handle the agent's conflicting individual preferences that need to be
aggregated in order to form a collective preference. We have utilized the degree of trust based on reputation
model [9] between the individual agents' belief over the correctness of the mapping. In our scenario the
reputation model is particularly appealing because it can be defined as the collective opinion or view about
the mapping where this view can be mainly be derived from an aggregation of individual preferences. In
our ontology mapping framework we assess trust between the agent's beliefs and determine which agent's
belief cannot be trusted ignoring the one which contradicts with the majority of the beliefs which are
similar to each other.

1.3 Adaptations made for the evaluation
Our mapping algorithm which is originally based on multi agent architecture has been re-implemented
as a standalone mapping process which uses the common WordNet dictionary which is considered more
general knowledge then originally we assume in or architecture. Originally our mapping process receives
query fragments from the AQUA system where the query fragments contain several concept names and
their properties. For the evaluation we modified our mapping process so we consider the individual concept
or property names as query fragments which contain less information about the possible mapping then the
query fragments that we originally receive from the AQUA system.
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1.4 Link to the system and parameters file
http://kmi.open.ac.uk/people/miklos/OAEI2006/DSSemanticSimilarity.zip

1.5 Link to the set of provided alignments (in align format)
http://kmi.open.ac.uk/people/miklos/OAEI2006/benchmarks.zip

2. Results
All the tests have been carried out on a commercially available notebook with windows operating
system. The mapping algorithm has been implemented in Java and been integrated with the Alignment api.
The comments are made on the tests that have been grouped as follows:

2.1 Tests 101-104
The ontologies include (see figure 2) the reference alignment and irrelevant ontology a language
generalization and a language restriction. Our results (see result matrix) show that our mapping algorithm
creates the mapping with high precision for this tests.
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Prec.

Rec.

Fall.
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1

0.98

0

0.99

0.98
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1

0.98

0

0.99

0.98
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0

NaN

1

NaN

NaN

104
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1

0.98

0

0.99

0.98

1

0.98

0

0.99

0.98

Fig. 2. Results from test 101-104

2.2 Tests 201-210
The ontology 201 that does not contain names and 202 which neither contain names nor comments were
not mapped at all by our algorithm. Our algorithms considers only class and property IDs as identified by
the “rdf:ID” tag therefore the only information that can be used to create these mappings the
“rdfs:comment” but our algorithm does not make use of it. Ontologies 203 and 204 are without comments
and certain naming conventions were also mapped with high precision by our algorithm. Ontology 205
which contains synonyms were mapped with high precision but with really weak recall what can be
explained by the fact that our algorithm looks for WordNet synonyms based on the full terms from the
ontologies so e.g. MastersThesis or MScThesis as one word does not have WordNet synonym but MSc and
Thesis separately do. Ontologies 206 to 210 are the French translations of the original ontology and since
our algorithm does not look at the comments therefore our mapping has a low recall rate. The results of the
mappings for this group are depicted on figure 3.
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Fig. 3. Results from test 201-210

2.3 Tests 221-247
Ontologies from 221 to 247 (see figure 4) contain no specialization, flatenned hierarchy, expanded
hierarchy, no instance, no restrictions, no datatypes, unit difference, no properties, class vs instances,
flattened classes and expanded classes have been mapped with a very high recall and precision rate. We can
conclude that on this group of tests our algorithm performs well which can be contributed to the fact that
we carry out both syntactic and semantic similarity assessment.
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Fig. 4. Results from test 221-247

2.4 Tests 248-266
Again since our algorithm considers only class and property IDs as identified by the “rdf:ID” tag therefore
these tests have not produced any mapping. In a future implementation we will considerer labels. Then, our
similarity algorithm will be able to handle effectively these cases.

2.5 Tests 301-304
For the real word ontologies (see figure 5) our algorithm produced relatively good mappings with good
recall and high precision. We believe that the real word ontlogies and the reference ontology were not so
different semantically in terms of concept and property hierarchies or structure so the syntactic similarity
was dominated the results.
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Fig. 5. Results from test 301-304

3. General comments
3.1 Comments on the results (strength and weaknesses)
We consider the results successful when we reach a high precision rate since our main objective is to
increase ontology mapping precision with incorporating uncertainty into the mapping process. Most of the
benchmark tests proved that when different similarity assessments have to be combined handling
uncertainty can lead to a high precision rate which is a definite strength of our system. Another strength of
our system is that the produced mappings are not very dependent on the structure and hierarchy of the
concepts and properties in the ontology (see tests 221-247). Since the multi agent architecture has been
replaced with the single process the execution time has increased considerably. Additionally the agents’s
“specific knowledge” has been replaced with the general WordNet synonyms that negatively influenced the
system. Further our algorithm always considers the ID tag in the ontologies therefore any additional
information like comments or the language element is omitted. Not considering the language element can
be considered as a weakness. However, we believe that comments in ontologies can work well when the
ontologies originate from a well controlled environment with strong academic background like universities
or research institutions. From the another side if we consider the nature of the semantic web where any
private company can place its ontology to the web to support its own web enabled data it can lead to really
different comments even for the same concepts or properties.

3.2 Discussions on the way to improve the proposed system
Based on the results we have identified the following improvement possibilities that can further improve
our system:
1. We need to split it up the concept and property IDs in the ontologies which are the combination
of two or more different terms e.g. MScThesis into unique terms and the WordNet synonyms
can be retrieved on the combination of the separated terms. This can lead to a definite
improvement of recall number of the particular mapping.
2. Wherever possible or present considering the language tag as primary information. It is
important that we create mapping based on the same language. Failing to do so can lead to
incorrect mappings that cannot be detected based on qualitative measures.

3.3 Comments on the OAEI procedure
The OAEI procedure and the provided alignment api works well for the benchmarks. However we
experienced difficulties with the anatomy ontology. We have tried on several computers but we have
always got OutOfMemoryError due to the large size of the FMA ontology. Our investigation showed that
when the GroupAlign class of the alignment api parses the source and target ontologies into a
org.semanticweb.owl.model.OWLOntology object the memory usage of the JVM process increases to
nearly 1GB. Once the similarity mapping process starts, any manipulation of the original ontology object
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leads to OutOfMemoryError and causes the process to stop. We have also tried to increase the stack size of
the JVM but it did not solve the problem.

3.4 Comments on the OAEI test cases
We have found that most of the benchmark tests can be used effectively to test various aspects of an
ontology mapping system since it provides both real word and generated/modified ontologies. The
ontologies in the benchmark are conceived in a way that allows anyone to clearly identify system strengths
and weaknesses which is an important advantage when future improvements have to be identified.
However, our system did not perform as well as we first expected probably due to the fact that most of the
classes and properties in the ontologies are organized in a rather flat hierarchy so in our system the
semantic similarity component did not influence the overall mappings considerably. Unfortunately, we
could not make use of a large group of tests (248-266) since our system does not consider individuals or
instances of the classes. Concerning the anatomy data sets we planned to produce alignment as well
however, we were unable to successfully run the process using the alignment api due to the reasons
described in the section 3.3. The external and blind evaluations are certainly valuable exercises however we
plan to utilize them in the future due to technical limitations of our system.

3.4 Comments on the OAEI measures
For our system the precision measure was the most important of all because this gives us the possibility to
draw constructive conclusions on how the uncertainty handling can influence the precision of the system.
The additional measures like recall and fallout can be used effectively for identifying where do we need to
make further improvements in our system.

3.5 Proposed new measures
Besides the traditional measures it would be useful as well to introduce a measure that expresses the
difficulty to create the particular mapping. E.g. there is a considerable difference in the level of difficulty
between creating mapping with the reference ontology itself (101 to 101) and real word ontology (101 to
304). This measure then could be used to assess the how the particular system can handle mappings that
involves complex comparison operations.

4. Conclusions
The increasing popularity of the Semantic Web poses new challenges for ontology mapping. If we
accept that mapping ontologies can provide a better knowledge management of the heterogeneous sources
on the Semantic Web, then issues of inconsistency and incompleteness need to be addressed. Therefore
ontology mapping systems that operate in this environment should have the appropriate mechanisms to
cope with these issues. In this complex environment different scientific disciplines need to be utilized
together to achieve better results for answering user queries within an acceptable response times. We think
that in our implementation we have made an encouraging step towards a theoretical solution but the
different key system components such as similarity measure or the scalability of uncertainty handling part
needs to be investigated further. In our future research we will investigate how different optimalisation
methods for belief combination can be adapted and applied in our scenario with a dynamic multi agent
environment where each agent has partial knowledge of the domain. Participating in the Ontology
Alignment Evaluation Initiative is an excellent opportunity to test and compare our system with other
solutions and helped a great deal identifying the future possibilities that needs to be investigated further.
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Appendix
Matrix format
algo
test
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206
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DSSim
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0.98
0.98
0.98
1
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0.98
1
1
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0
1
0
0
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0
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0.12
0.05
0.09
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0.09
0
0
0
0
0
0
0.01
0
0
0
0
0.01
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0.99
NaN
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0.99
0.8
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0.34
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0.99
1
0.98
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0.98
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0.67
0.2
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0.67
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test
238
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240
241
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247
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260
261
262
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1
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1
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Abstract. In this paper, we brieﬂy introduce the architecture of Falcon-AO (version 0.6) and highlight two major improvements in the current version. FalconAO successfully completes all the ﬁve alignment tasks in the OAEI 2006 campaign: benchmark, anatomy, directory, food, and conference, and
some preliminary results are also reported in this paper. In the end, we present
some comments about our results and lessons learnt from the campaign towards
building a comprehensive ontology alignment system.

1 Presentation of the System
As an infrastructure for the Semantic Web applications, Falcon is a vision of our research group. It desires for providing fantastic technologies for finding, aligning and
learning ontologies, and ultimately for capturing knowledge by an ontology-driven approach. It is still under development in our group. As a prominent component of Falcon,
Falcon-AO is an automatic tool for aligning ontologies, which is dedicated to aligning
the Web ontologies expressed in OWL Lite/DL. To date, Falcon-AO is continually being improved and elaborated, and currently the latest version is 0.6.

1.1 State, Purpose, General Statement
Falcon-AO is an automatic ontology alignment tool. There are three elementary matchers implemented in the current version: V-Doc [4], I-Sub [5], and GMO [1]. In addition,
an ontology partitioner, PBM [2], is integrated into Falcon-AO to cope with large-scale
ontologies. In order to coordinate all the elementary matchers with high quality, we
devise a novel central controller, which is based on the observation of the linguistic
comparability as well as the structural comparability. The architecture of Falcon-AO
(version 0.6) is illustrated in Fig. 1.
Compared with our previous prototype (version 0.3) [3], Falcon-AO (version 0.6) is
extended mainly in two aspects. One is the integration of PBM. The other is the design
of the central controller. The details about the two improvements are presented in the
next subsection. Besides, it is worthy of noting that we also reﬁne the implementation
of the elementary matchers to save the runtime of matching process.
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Fig. 1. The architecture of Falcon-AO (version 0.6)

1.2 Speciﬁc Techniques Used
To ﬁt the requirements of different application scenarios, we have integrated three distinguishing elementary matchers, V-Doc, I-Sub, and GMO, which are regarded as independent components that make up of the core matcher library of Falcon-AO. Due to the
space limitation, we only describe the key features of them. The technical details can
be found in the related papers.
– V-Doc [4] discovers alignments by revealing the usage (context) of the domain entities in the ontologies to exploit their intended meanings. More precisely, words
from the descriptions of domain entities as well as their neighboring information
are simultaneously extracted to form the vectors in the word space, and the similarities between domain entities can be calculated in the Vector Space Model.
– I-Sub [5] is a light-weighted matcher simply based on the string comparison techniques. Its novelty is not only the commonalities between the descriptions of domain entities are calculated but also their differences are examined. Furthermore, it
is stable to small diverges from the optimal threshold taking place.
– GMO [1] uses RDF bipartite graphs to represent ontologies, and measures the structural similarities between the graphs by the similarity propagation between domain
entities and statements. An interesting characteristic is that GMO can still performs
well even without any predeﬁned alignment as input.
More importantly, two major improvements are taken in Falcon-AO (version 0.6).
One is the integration of PBM for large-scale ontologies, while the other is the design
of central controller.
PBM Due to the size and the monolithic nature of large-scale ontologies, exploiting
alignments directly on the whole of them is quite difﬁcult, inefﬁcient, and also unnecessary. We develop an efﬁcient ontology partitioner, PBM [2], to block matching
of large-scale ontologies. In PBM, large-scale ontologies are hierarchically partitioned
into blocks based on both the structural afﬁnities and linguistic similarities, and then
blocks from different ontologies are matched via predeﬁned anchors. The overview of
PBM is exhibited in Fig. 2. By applying V-Doc, I-Sub and GMO to the block mappings,
we are ﬁnally able to generate alignments for large-scale ontologies more quickly while
without loss of much accuracy.
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Fig. 2. The overview of PBM

Central Controller As presented above, we have introduced the features of the three
elementary matchers, V-Doc, I-Sub and GMO. The question raised naturally here is
how to integrate these matchers with ideal performance?
We propose a ﬂexible integration strategy, which depends on the observation of
the linguistic comparability as well as the structural comparability. Here, the linguistic
comparability is computed by examining the proportion of the candidate alignments
against the minimum number of domain entities in the two ontologies.
The calculation of the structural comparability is more complex. It ﬁrstly compares
the built-in vocabularies used in the two ontologies. The basic assumption is the more
built-in vocabularies are mutually included in the two ontologies, the more similar they
might be in structure. But only measuring this is inadequate, we also compare the alignments found by V-Doc or I-Sub with high similarities to the alignments discovered by
GMO, thus the reliability of the results of GMO can be estimated roughly.
The linguistic and structural comparability can be divided into three categories respectively: low, medium and high. If the comparability is low, it means that the alignments are probably unreliable. If the comparability is medium, the alignments with high
similarities would be accepted by Falcon-AO. Otherwise, most of the alignments should
be involved into the ﬁnal output.
When the alignments generated by V-Doc, I-Sub and GMO are obtained, Falcon-AO
integrates these alignments by considering the categories of the linguistic and structural
comparability, following the rules below:
1. If the linguistic comparability is higher than the structural comparability, the outputted alignments mainly come from V-Doc and I-Sub.
2. If the linguistic comparability is lower than the structural comparability, the outputted alignments largely derived from GMO.
3. Otherwise, the outputted alignments are generated by making a combination among
V-Doc, I-Sub and GMO with a weighting scheme.

1.3 Adaptations Made for the Evaluation
We don’t make any speciﬁc adaptation for the tests in the OAEI 2006 campaign. All the
alignments outputted by Falcon-AO are based on the same set of parameters.
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1.4 Link to Falcon-AO
The latest version of Falcon-AO (version 0.6) is available at
http://xobjects.seu.edu.cn/project/falcon/matching/resources/falcon.zip,
or http://www.falcons.com.cn/falcon/falcon.zip.
1.5 Link to the Set of Provided Alignments
Full experimental results for all the tests in the OAEI 2006 campaign can be downloaded
from http://xobjects.seu.edu.cn/project/falcon/matching/experiments/2006.zip,
or http://www.falcons.com.cn/falcon/2006.zip.

2 Results
The tests provided by the Ontology Alignment Evaluation Initiative (OAEI) 2006 campaign are composed of six categories, including: (a) benchmark; (b) anatomy; (c)
jobs; (d) directory; (e) food; and (f) conference. Due to the jobs test
needs to be further evaluated and discussed, in this section we only present the results of Falcon-AO (version 0.6) in the other ﬁve tests, i.e., benchmark, anatomy,
directory, food, and conference.
2.1 Benchmark
The benchmark test might be divided into ﬁve groups: #101–104, #201–210, #221–
247, #248–266 and #301–304. The results of Falcon-AO are reported on each group in
correspondence. Some more detailed results are listed in Appendix.
#101–104 Falcon-AO performs perfectly on the tests of this group. Please pay attention to #102, Falcon-AO could automatically detect the two candidate ontologies are
totally different since both the linguistic comparability and the structural comparability
between them are extremely low.
#201–210 Although in this group, some linguistic features of the candidate ontologies
are discarded or modiﬁed, their structures are quite similar. So GMO takes much effect
on this group. For example, in #202, 209, and 210, only a small portion of alignments
are found by V-Doc or I-Sub, the rest are all generated by GMO. Since GMO runs much
slower, it takes Falcon-AO more time to exploit all the alignments.
#221–247 The structures of the candidate ontologies are altered in these tests. However,
Falcon-AO discovers most of the alignments from the linguistic perspective via V-Doc
and I-Sub, and both the precision and recall are pretty good.
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#248–266 Both the linguistic and structural characteristics of the candidate ontologies
are changed heavily, so the tests in this group might be the most difﬁcult ones in all the
benchmark tests. In some tests, Falcon-AO doesn’t perform well, but indeed, in these
cases, it is really hard to recognize the correct alignments.
#301–304 Four real-life ontologies of bibliographic references are taken in this group.
The linguistic comparability between the two candidate ontologies in each test is high
but the structural comparability is moderate. It indicates that the outputs of Falcon-AO
mainly come from V-Doc or I-Sub. Alignments from GMO with high similarities are
also reliable to be integrated.

The summary of the average performance of Falcon-AO (version 0.6) on the benchmark
test is depicted in Table 1.
Table 1. The average performance of Falcon-AO on the benchmark test
1xx 2xx 3xx H-mean Time
Precision 1.00 0.97 0.98 0.92
472s
Recall 1.00 0.97 0.78 0.86

2.2

Anatomy

The anatomy real world test bed covers the domain of body anatomy and consists
of two ontologies, OpenGALEN and FMA, with approximate sizes of several 10,000
classes and several dozens of relations, respectively. By using PBM, Falcon-AO partitions OpenGALEN and FMA into 39 and 407 blocks, separately. Primarily 2,512 alignments are spotted as anchors, and then 42 block mappings are generated. After running
further elementary matchers on these block mappings, totally 2,518 alignments are outputted in the end. The complete process takes over 5.5 hours. The experimental results
of Falcon-AO (version 0.6) are exhibited in Table 2.
Table 2. The performance of Falcon-AO on the anatomy test

OpenGALEN
FMA

Blocks Anchors
39
2512
407

Pairs
42

Alignments Time
2518

5.5h

Most of these alignments seem credible since the labels of the two entities are the
same when they are put into lowercase letters and the punctuation characters are taken
out. But due to lack of domain knowledge about the ﬁeld of anatomy, we couldn’t make
any further investigation.
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2.3

Directory

The directory case consists of Web sites directories (like Google, Yahoo! or Looksmart). To date, it includes 4,639 matching tasks represented by pairs of OWL ontologies, where classiﬁcation relations are modeled as rdfs:subClassOf relations.
Table 3. The performance of Falcon-AO on the directory test
Tasks
4369

Precision
40.50%

Recall
45.47%

F-Measure
42.85%

Time
280s

Falcon-AO is quite efﬁcient in this test, and it only takes less than 5 minutes to
complete all the matching tasks. Based on the manual observation, a large portion of
generated alignments come from the linguistic perspective, i.e., V-Doc or I-Sub. The
precision of Falcon-AO is 40.50%, the recall is 45.47%, and the F-Measure is 42.85%.
We also experiment on the previous test set provided by the OAEI 2005 campaign, and
the mapping quality seems moderate. The performance of Falcon-AO (version 0.6) on
the directory test is summarized in Table 3.
2.4

Food

The food test case includes two SKOS thesauri, AGROVOC and NALT. Since FalconAO aims at the Web ontologies expressed in OWL Lite/DL, we ﬁrstly transform them
into OWL ontologies. The transformation rules are listed as follows. Each concept is
transformed into an owl:Class. Each broad or narrow relation is transformed into an
rdfs:subClassOf relation. Each label written in English is reserved. All the other SKOS
relations are discarded. Please note that this transformation is incomplete and even
sometimes inaccurate.
Table 4. The performance of Falcon-AO on the food test
Blocks Anchors
AGROVOC 1141
11919
NALT
950

Pairs
253

Alignments Precision Time
13009

0.83

5.5h

Then, Falcon-AO partitions the two corresponding OWL ontologies into 1,141 and
950 blocks, respectively. Supported by 11,919 anchors, Falcon-AO discovers 253 block
mappings and runs further elementary matchers on them. Finally, 13,009 alignments are
outputted. However, we merely consider the exact matching (equivalence). Currently,
the broad or narrow relationship is not addressed in Falcon-AO. The whole process
costs nearly 5.5 hours. According to the evaluation by the organizers, the precision is
0.83. The performance of Falcon-AO (version 0.6) is shown in Table 4.
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2.5

Conference

The collection of tests is dealing with conference organization. At present, it includes 45 matching tasks, which are all composed of small ontologies. By comparing
to the reference alignments provisionally made by track organizers, the precision of
the alignments generated by Falcon-AO is 0.68, while the relative recall is about 0.50.
Here, the relative recall is computed as the ratio of the number of all unique correct
alignments (sum of all unique correct alignments per one system) to the number of
all unique correct alignments found by any of systems (per all systems). In addition,
Falcon-AO spends 109 seconds to ﬁnish all the matching tasks. Some statistics of the
performance of Falcon-AO (version 0.6) are presented in Table 5.
Table 5. The performance of Falcon-AO on the conference test
Tasks
45

Precision
0.68

Recall
0.50

Time
109s

3 General Comments
In this section, we summarize some features of Falcon-AO, and discuss the improvement directions towards building a comprehensive ontology alignment system.
3.1 Comments on the Results
Different integration strategies of V-Doc, I-Sub, GMO and PBM lead to signiﬁcantly
different performance of Falcon-AO. In Table 6, we list the most important components
that take effect on each test.
Table 6. The most important components integrated in each test
Tests
Components
Benchmark
V-Doc, I-Sub, GMO
Anatomy
PBM, V-Doc, I-Sub
Directory
V-Doc, I-Sub, GMO
Food
PBM, V-Doc, I-Sub, GMO
Conference
V-Doc, I-Sub

According to the experimental results on these tests shown in the previous section
and the integration strategy shown in Table 6, we can analyze some strengths and weaknesses of Falcon-AO (version 0.6) clearly.
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Strengths
– Falcon-AO (version 0.6) is a quite ﬂexible ontology alignment tool. It copes with
not only ontologies with moderate sizes but also very large-scale ontologies. Moreover, Falcon-AO integrates three distinguishing elementary matchers to manage
different alignment applications, and the integration strategy is totally automatic.
– It achieves a good performance in both effectiveness and efﬁciency. Based on the
reference alignments provided by the organizers and the check of human observation, the precision and recall in most cases are sound. Besides, Falcon-AO runs so
fast that it only takes a few seconds to complete for ontologies with moderate sizes.
Even for large ontologies, it still ﬁnishes the alignment tasks in an acceptable time.

Weaknesses
– The tuning of the algorithms within Falcon-AO is still a rigid process. For example,
PBM performs well on the large ontologies with simple class hierarchy structures.
But when the relations in ontologies are complicated (e.g., OpenGALEN), the partitioning quality of PBM is not sound.
– So far, we do not consider any domain knowledge in the current version of FalconAO. Hence, when Falcon-AO meets some applications from speciﬁc domains, it
might fail to achieve a high quality result.
– Semantic relationship (e.g., equivalence, subsumption) offers general reasoning capability, which is the most prominent difference as compared to schema matching.
But currently, Falcon-AO cannot provide alignments with semantic relationship.

3.2 Discussions on the Way to Improve the Proposed System
From the experiments we have learnt some lessons and plan to make improvements in
the later versions. The following three improvements should be taken into account.
– While expressing the same thing, people may use synonyms and even different languages. So it is necessary to use lexicons or thesauri in the alignment process.
– The values of parameters used in Falcon-AO is mainly determined by manual setting. Some machine learning approaches can be involved to help automatic adjustment according to different application scenarios.
– The patching strategy for combining the alignments discovered by different matchers needs to be further discussed, e.g., adding some missing alignments, or deleting
some wrong and redundant ones.
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4 Conclusion
Ontology matching is a crucial task to enable interoperation between Web applications
using different but related ontologies. We develop an automatic tool for ontology alignment, named Falcon-AO. From the experimental experience in the OAEI 2006 campaign, we can make a conclusion that Falcon-AO (version 0.6) performs well on most
of tests. In our future work, we look forward to making a stable progress towards building a comprehensive ontology alignment system.
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Appendix: Raw results
Tests are carried out on a PC running Windows XP with an Intel Pentium IV 3.0 GHz
processor and 1GB memory.
Matrix of results
In the following table, the results of Falcon-AO in the benchmark test are provided
with precision (Prec.), recall (Rec.) and machine processing time (Time). Here, the machine processing time is the sum of the time for ontology parsing, ontology matching,
alignment generation and evaluation.
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#
101
102
103
104
201
202
203
204
205
206
207
208
209
210
221
222
223
224
225
228
230
231
232
233
236
237
238
239
240
241
246
247
248
249
250
251
252
253
254
257
258
259
260
261
262
265
266
301
302
303
304

Name
Reference alignment
Irrelevant ontology
Language generalization
Language restriction
No names
No names, no comments
No comments
Naming conventions
Synonyms
Translation

No specialization
Flattened hierarchy
Expanded hierarchy
No instance
No restrictions
No properties
Flattened classes
Expanded classes

Real: BibTeX/MIT
Real: BibTeX/UMBC
Real: Karlsruhe
Real: INRIA
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Prec.
1.00
NaN
1.00
1.00
0.96
0.84
1.00
0.96
1.00
0.98
0.98
1.00
0.79
0.81
1.00
1.00
1.00
1.00
1.00
1.00
0.94
1.00
1.00
1.00
1.00
1.00
1.00
0.97
0.97
1.00
0.97
0.97
0.86
0.85
1.00
0.55
0.71
0.86
1.00
1.00
0.56
0.72
0.90
0.80
1.00
0.90
0.80
0.89
0.90
0.78
0.95

Rec.
1.00
NaN
1.00
1.00
0.91
0.84
1.00
0.96
0.97
0.93
0.92
1.00
0.78
0.80
1.00
1.00
1.00
0.99
1.00
1.00
1.00
1.00
0.99
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
0.85
0.85
0.27
0.55
0.71
0.85
0.27
0.27
0.56
0.72
0.31
0.24
0.27
0.31
0.24
0.80
0.56
0.73
0.92

Time
5.6s
3.2s
2.2s
2.0s
2.0s
41.2s
1.2s
1.9s
2.0s
2.0s
2.2s
1.1s
39.6s
39.2s
1.9s
1.9s
2.1s
1.5s
1.8s
0.9s
1.7s
2.0s
1.5s
0.9s
0.7s
1.7s
2.0s
0.9s
1.1s
0.7s
0.8s
1.0s
38.2s
37.8s
0.8s
43.6s
42.3s
36.6s
0.8s
0.7s
43.6s
42.3s
0.8s
0.9s
0.7s
0.8s
0.9s
1.5s
0.7s
1.3s
25.4s
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DICo Università degli Studi di Milano, via Comelico 39, 20135, Milano, Italy
{castano,ferrara,messa}@dico.unimi.it

Abstract. In this paper, we discuss our experience in testing the HMatch matchmaking system by means of the tracks proposed in the ontology alignment evaluation initiative of 2006 1 . HMatch is a system conceived for the goal of ontology
matching in open and distributed systems. It is based on linguistic and structural
matching techniques for the evaluation of afﬁnity considering concept names and
concept contexts. The paper discusses the results that have been obtained and the
possible improvements of the matching techniques in ongoing and future work.

1

Presentation of the system

HMatch is a system for dynamically matching distributed ontologies. It takes two ontologies as input and returns mappings that identify corresponding concepts in the two
ontologies, namely the concepts with the same or the closest intended meaning. Mappings are established after an analysis of the similarity of the concepts in the compared
ontologies. The similarity analysis is performed through afﬁnity metrics to determine a
measure of concept semantic afﬁnity in the range [0, 1]. A threshold-based mechanism
is enforced to set the minimum level of semantic afﬁnity required to consider two concepts as matching concepts. HMatch is part of the Helios framework [4], conceived for
supporting knowledge sharing and ontology-addressable content retrieval in peer-based
systems.
A more detailed description of HMatch can be found in [3].
1.1

State, purpose, general statement

With respect to the different purposes of matching, the state of HMatch is the following:
– Ontology matching is the original purpose of HMatch which has been designed
with the goal of working with the different languages of OWL (i.e., OWL Lite,
OWL DL, and OWL Full) [11].
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– Schema matching. In developing HMatch, we started from the schema matching
functionalities of Artemis integration system [2]. From Artemis we borrowed the
thesaurus-based approach for name afﬁnity management, but we made a number
of extensions for matching linguistic features of ontology elements in order to rely
only on the WordNet lexical system, to provide a fully-automated matching process. Furthermore, we have moved from the notion of structural afﬁnity, typical
of schema elements based on attributes, to the notion of contextual afﬁnity, typical of ontology elements, based on semantic relations with explicit semantics, with
consequent development of suitable contextual afﬁnity evaluation techniques.
– Version matching. Currently, we are extending HMatch towards version matching
in the context of the BOEMIE European Project [1] Speciﬁcally, we are extending the tool to perform instance matching and to evaluate the differences between
different versions of the same ontology to support the evolution of multimedia ontologies.
– Directory matching. HMatch can perform directory matching in the deep matching
model conﬁguration, by considering taxonomic knowledge in the directory as isa relations in all cases. However, directory taxonomic relations have a different
semantics (e.g., part-of, contain), and a manual pre-processing is required in order
to distinguish them in the matching process.
1.2

Speciﬁc techniques used

Given two concepts, HMatch calculates their semantic afﬁnity value as the linear combination of a linguistic afﬁnity value and a contextual afﬁnity value. The basic techniques
used in HMatch are linguistic and structure-based techniques that are applied to concept
names and contexts. For a more detailed classiﬁcation of these and other techniques the
reader can refer to [6].
Linguistic-based afﬁnity techniques. Linguistic techniques consider names of ontology elements and their meaning. To capture the meaning of names for ontology matching, a thesaurus of terms and weighted terminological relationships is exploited. In
HMatch, the thesaurus is automatically derived from the lexical system WordNet [8].
The thesaurus is structured as a graph, where the nodes represent terms and the edges
represent terminological relationships. Terminological relationships represented in the
thesaurus are SYN, BT, NT, and RT. SYN (synonymy) denotes that two terms have
the same meaning. BT (broader term) (resp., NT (narrower term)) denotes that a term
has a more (resp., less) general meaning than another term. Finally, RT (related terms)
denotes that two terms have a generic positive relationship. A weight Wtr is associated with each terminological relationship tr ∈ {SYN, BT/NT, RT} in the thesaurus.
Such a weight expresses the implication of the terminological relationship for semantic
afﬁnity. Different types of relationships have different implications for semantic afﬁnity, with WSYN ≥ WBT/NT ≥ WRT . Given the thesaurus of weighted terminological
relationships, the linguistic afﬁnity is evaluated by means of a term afﬁnity function
A(t, t ) → [0, 1] which evaluates the afﬁnity between two terms t and t . A(t, t ) of
two terms t and t is equal to the value of the highest-strength path of terminological relationships between them in T h if at least one path exists, and is zero otherwise. A path
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strength is computed by multiplying the weights associated with each terminological
relationship involved in the path, that is:
A(t, t ) =

maxi=1...k {Wt→ni t } if k ≥ 1
0
otherwise

(1)

where: k is the number of paths between t and t in T h; t →ni t denotes the ith
path of length n ≥ 1; Wt→ni t = W1tr · W2tr · . . . · Wntr is the weight associated
with the ith path, and Wjtr , j = 1, 2, . . . , n denotes the weight associated with the jth
terminological relationship in the path.
Structure-based afﬁnity techniques. Structure-based techniques consider properties
and concepts directly related to a concept c through a semantic relation in an ontology.
Given a concept c, we denote by P (c) the set of properties of c, and by C(c) the set of
concepts that participate in a semantic relation with c (namely, its adjacents). The context of a concept in HMatch is deﬁned as the union of the properties and of the adjacents
of c, that is, Ctx(c) = P (c) ∪ C(c). Also contextual features are weighted in HMatch.
In particular, we associate a weight Wsp to strong properties, and a weight Wwp to weak
properties, with Wsp ≥ Wwp to capture the different importance they have in describing
the concept. In fact, strong properties are mandatory properties related to a concept and
they are considered more relevant in contributing to concept description. Weak properties are optional for the concept in describing its structure, and, as such, are given less
importance. Each semantic relation has associated a weight Wsr which expresses the
strength of the connection expressed by the relation on the involved concepts. Considering the semantic relations of OWL, we have the weights Wequivalence ≥ WsubClassOf .
The greater the weight associated with a semantic relation, the higher the strength of
the semantic connection between concepts. Given two elements e and e in the contexts
of c and c , respectively, their afﬁnity is calculated according to the following function
C(e, e ) → [0, 1]:
C(e, e ) = A(ne , ne ) · (1− | We , We |
(2)
where ne and ne denote the names of e and e , respectively, while We and We denotes
the weights associated with e and e . As an example, suppose that we compare two
concept contexts Ctx(c) and Ctx(c ) both containing the property author that is a
strong property (i.e., featured by a minimum cardinality greater than or equal to 1) in
the ﬁrst context and a weak property (i.e., an optional property) in the second context.
Thus, by using a weight equal to 1.0 for strong properties and equal to 0.5 for weak
properties, we obtain:
C(authorCtx(c) , authorCtx(c ) ) = A(author, author) · (1− | 1.0 − 0.5 |) = 0.5
since A(author, author) = 1.0.
Given two concepts c and c , the comprehensive semantic afﬁnity SA(c, c ) is calculated as the weighted sum between their linguistic afﬁnity LA(c, c ) and their contextual
afﬁnity CA(c, c ), as follows:
SA(c, c ) = Wla · LA(c, c ) + (1 − Wla ) · CA(c, c )
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(3)

where Wla ∈ [0, 1] weights the relevance of the linguistic afﬁnity in matching evaluation. The two measures of linguistic afﬁnity LA(c, c ) and CA(c, c ) are calculated in a
different way depending on the matching model that is selected in the conﬁguration of
HMatch.
Matching models. Four matching models have been conceived to span from surface
to intensive matching, with the goal of providing a wide spectrum of metrics suited for
dealing with many different matching scenarios that can be encountered in comparing
real ontologies, such as OWL ontologies. The main difference among the four matching
models is the composition of the context. In the surface model, the context is not considered limiting to linguistic afﬁnity. In the shallow model, only properties and property
restrictions are considered for concept context. In the deep model, we consider both
properties and semantic relations, such as taxonomic relations. Finally, in the intensive
model we consider the whole context, by taking into account also the property ranges
and values. For all the models the linguistic afﬁnity LA(c, c ) between two concepts
c and c is calculated to be equal to the function A(nc , nc ), where nc and nc denote
the names of c and c , respectively. For the contextual afﬁnity evaluation, we provide
two main strategies, namely the standard strategy and the Dice coefﬁcient strategy. The
standard strategy produces a non-symmetric contextual afﬁnity measure. For each element e in the source concept context Ctx(c), we search for the best matching element
e in the target concept context Ctx(c ) by exploiting the function C(e, e ) described
above. Given the best matching value me found for e with respect to the elements in the
context of c , the comprehensive contextual afﬁnity is calculated as follows:

ei ∈Ctx(c) mei

CA(c, c ) =
| Ctx(c) |
where | Ctx(c) | denotes the number of elements in c.
According to the Dice coefﬁcient strategy, the contextual afﬁnity is calculated as
follows:
| x ∈ Ctx(c) ∩ Ctx(c ) |
CA(c, c ) =
| x ∈ Ctx(c) ∪ Ctx(c ) |
where | x ∈ Ctx(c) ∩ Ctx(c ) | denotes the number of matching elements in Ctx(c)
and in Ctx(c ), that is the number of elements having a value of C(e, e ) higher than a
given matching threshold.
1.3

Matching policies

Since HMatch has been developed with the goal of achieving a high level of ﬂexibility
and conﬁgurability of the matching process, a matching policy P has be set, which is
deﬁned as follows:
P = Wla , T, M, C, I, S, E
where: Wla is the weight associated with the linguistic afﬁnity; T ∈ [0, 1] denotes the
threshold used for selecting matching results; M ∈{surface, shallow, deep, intensive}
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denotes the matching model; C ∈{one-to-one, one-to-many} denotes the matching cardinality; I ∈{true, false} denotes if the context elements inherited through the taxonomic relations are to be considered in the matching process; S ∈ {standard strategy,
dice strategy} denotes the metrics used for the contextual afﬁnity evaluation; E ∈{emptypessimistic, empty neutral, empty optimistic} denotes the strategy to be enforced to
handle empty contexts. Using the pessimistic strategy, the contextual afﬁnity value is
set to 0, to mean that no matching elements have been found in their contexts. In the
neutral strategy the empty contexts are considered to have a semantics analogous to the
one of the NULL value in relational databases; the contextual afﬁnity is set to undeﬁned
to capture this semantics. In the optimistic strategy, the contextual afﬁnity value is set
to 1, to mean that two empty contexts are considered to fully match.
1.4

Adaptations made for the evaluation

For the purposes of the OAEI 2006 initiative, we adopted the standard implementation
of HMatch as a Protégé2 plugin. This version adopts the Protégé OWL API3 and is fully
integrated into the Protégé framework. We only introduce a command line version in
order to use HMatch as an independent tool, especially for the benchmark. We have
implemented two main extensions speciﬁcally conceived for the contest. The ﬁrst extension is the support for the output Alignment format required by the organizers in addition to the native HMatch results format. The second extension regards the evaluation
of the linguistic afﬁnity. We introduced a new facility of HMatch that performs linguistic afﬁnity evaluation using a n-gram algorithm [5]. This technique, being syntactic is
faster than the thesaurus-based analysis, thus overcomes some scalability problems that
we noticed with very large ontologies, such as in the case of anatomy and directory-full.
1.5

Link to the system and parameters ﬁle

The HMatch implementation used for the contest together with the policy used for
conﬁguration and the results can be ﬁnd at:
http://islab.dico.unimi.it/OAEI2006/islab results.html.

2

Results

All the results have been obtained by conﬁguring HMatch with the following policy:
Policy
Value
Wla Linguistic afﬁnity weight
0.5
T
Threshold
0.6
M
Matching model
Deep
C
Matching type
One-to-One
I
Inheritance
True
E
Empty context strategy
Neutral
S Contextual afﬁnity strategy Dice coefﬁcient
2
3

http://protege.stanford.edu/
http://protege.stanford.edu/plugins/owl/api/
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In particular, the most relevant parameters are i) the matching model, since the deep
model forces HMatch to consider both properties and semantic relations in the concept
contexts, ii) the weight for linguistic afﬁnity, since the value 0.5 determines a perfect
balance between the linguistic afﬁnity evaluation and the contextual afﬁnity evaluation,
and iii) the threshold, which is used for cutting off the results that are not considered
relevant in the matching case. We have tested several possible conﬁgurations of HMatch
on the benchmark. In some matching cases there are other conﬁguration policies that
produce better results in terms of precision and recall than the one we have chosen. The
actual choice was motivated by the fact that we considered the various tasks proposed
in the contest with the goal of conﬁguring HMatch with a policy that could guarantee
a generally satisfactory behavior of the system in the different matching cases. In particular, we have tested HMatch on all the test cases provided in the contest, with the
goal of receiving a feedback about the application of the system to different and highly
heterogeneous matching cases.
2.1

Benchmark

Obtained results on the proposed benchmark are strongly affected by the fundamental
role that the ontology linguistic features play in the HMatch matching process. In fact,
we obtained an average precision value of 0.84 and an average recall value of 0.55.
These results are inﬂuenced by the fact that we obtained poor result for the ontology
cases where the concept and property labels were substituted with randomly generated strings of characters. The difference between precision and recall values when we
consider all the cases is due to the fact that, in some of the randomly generated ontologies (e.g., case 259), there is a property which maintains the original name (i.e.,
lastName). This matching is retrieved by HMatch and it increases the precision of the
results. Another issue that affects the results quality, from the linguistic point of view, is
the presence of matching cases where the concept and property labels are french terms.
In these cases, since some of the properties match, we obtained precision values about
0.4 and recall values about 0.2. The benchmark results are also useful to suggest possible improvements of HMatch, with the goal of addressing also the anomalous cases
where the linguistic information is completely missing due to the design choices.
2.2

Anatomy

With the anatomy track, obtained results suggest the following considerations. Due
to the domain speciﬁc terminology used in the ontologies, either using the WordNet
thesaurus or a string matching technique, the results are affected by the fact that the
concepts are labeled with long strings describing speciﬁc terms. In the case of a domain speciﬁc terminology, the linguistic matching would beneﬁt from the availability
of speciﬁc thesauri. Given the large amount of data in the two compared ontologies,
the string-matching procedure for linguistic afﬁnity is more suitable, while affecting
the capability of the system to capture the semantics of the terms used in the two ontologies that would instead be possible using the thesaurus. Moreover, the openGalen
ontology has a anomalous OWL structure, since OWL classes are used as meta-classes,
while individuals represent the domain concepts. For this reason we needed a wrapper
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to compare the FMA concepts with the concepts of openGalen, and only the linguistic
comparison was possible.
2.3

Directory

The directory matching is a new task for HMatch, which was not originally designed
for dealing with peculiar features of directory repositories. In particular, two main characteristics of directory taxonomies require speciﬁc support not directly provided by
HMatch. The terminology used for labeling the directories is often affected by the structure of the taxonomy itself more than by the subject of the directory. Examples of this
terminology is given by terms like A-H that is referred to the alphabetic order more than
to the subject of the directory, or African 2 where the name of the directory is associated
with information about the number of equivalent directories in the taxonomy. A second
problem is given by the taxonomy itself. In fact, HMatch gives the is-a semantics to the
OWL sub-class relations as in formal ontologies. Although, the sub-directory relations
represented as OWL sub-class relations have in fact different meanings. For example,
we have a sub-class relation between Animal Webcams and Space and Science that denotes a generic positive relation between the two concepts rather than an is-a relation.
Another example is given by the sub-class relation between California and United States
that denotes a geographical part-of relation.
2.4

Food

The food track requires to match two XML thesauri. We developed a wrapper from the
SKOS XML format to OWL in order to match the thesauri with HMatch. The track
requires also to recognize different kind of mapping relations between the source and
the target, i.e., exactMatch, broadMatch, and narrowMatch. Using HMatch, we provide
a measure of the semantic afﬁnity between two concept, that is a measure of the fact
the the two terms have the same meaning. Because of this reason, we provided only an
evaluation of the exactMatch mapping between the two ontologies. In order to evaluate
the broad and narrow matching relations, the thesaurus component of HMatch could be
exploited, but this has not been done due to the contest requirement of using the same
techniques for all different cases.

3

General comments

One of the main issues in the ﬁeld of ontology matching is the need of ﬂexible algorithms and tools, capable to adapt to different domains and also to different interpretation of the notions of alignment and similarity. Some of these differences depends on
the concept descriptions provided by the ontologies to be compared with their speciﬁc
level of semantic complexity. The choice of the best approach or the best combination
of approaches depends on the speciﬁc matching case we are dealing with and on the
domain of the ontologies. For example, formal ontologies can beneﬁt from a logic approach, while thesauri and dictionaries require a deep linguistic analysis; ﬁnally, structure afﬁnity is suitable for directories and repositories. The domain affects also the kind
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of techniques that are used as well as the matchmaking utilities (e.g., thesauri, external
sources, type of mapping relations) that are involved in the matching process. A good
example is given by the anatomy track of the contest. In this domain, we work with
a speciﬁc and domain dependent terminology that requires a speciﬁc linguistic analysis. A second example is given by the matching of directories or also by the matching
of spatial or temporal ontologies. In this cases, in fact, some properties or relations
should be matched by using speciﬁc matching operators. For example, the property author and the property below have a different role on concept deﬁnition when used in a
spatial domain, even if they are represented by means of the same language construct.
The matching should take into account all these speciﬁc requirements by adapting the
matching process and the matching operations to the speciﬁc domain that is taken into
account.
3.1

Comments on the results

The results obtained in the OAEI tasks show how HMatch can provide a good balance
in the results between precision and recall with a fully automated matching that does
not require any speciﬁc external source neither in terms of a training set of results nor
in terms of domain speciﬁc thesauri. Although, if on a side this characteristic means
that HMatch can be used in several different scenarios, on the other side, it shows a
limitation of the system in working either with very speciﬁc domain ontologies or with
ontologies in which the linguistic information is missing. Some other limitations regard
the scalability of the linguistic techniques adopted by the system is the case of large
ontologies. To overcome this limitation, we have implemented for the purpose of the
contest a new string matching functionality. The main considerations that we can make
based on matching cases and obtained results experienced are the following.
1. Linguistic features: the terminology used for naming and labeling concepts and
properties is an important aspect of ontologies and provides information to conclude the similarity between the ontology elements. We are conscious that, In many
cases, it is not sufﬁcient alone, also because they embed a subjectivity element, deriving from who has been designed the ontology. However, the linguistic features
are undoubtedly an important starting point also for deriving a ﬁrst set of mappings
to be reﬁned by exploiting other kinds of matchings.
2. Structural features: concepts can be similar also in terms of their structure. The
structure is seen in terms of the links that connect different concepts and also as
the number and type of properties that characterize each concept. It is important
to note that the structure evaluation does not refer to the semantics of the concept
relations and properties. For example, in the directory taxonomies the semantics of
the sub-category relation is not ever well deﬁned and can denote many different
real relations among categories, e.g., containment, is-a, part-of. In this case, the
structure of the taxonomies that are considered is the key feature for detecting the
similarity of the concepts, more than the relation semantics.
3. Logical features: from the logical point of view, the ontology matching should consider the formal semantics of the ontologies to be compared in order to i) evaluate
the consistency between the mappings and the concept descriptions, ii) apply deductive reasoning to retrieve new mappings starting from an initial set of mappings
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(e.g., manually provided or retrieved by means of other techniques), iii) provide an
interpretation of the resulting mappings.
3.2

Discussions on the way to improve the proposed system

By analyzing the results obtained in the different tracks, together with the general comments discussed in the previous section, a ﬁrst improvement that can be introduced in
HMatch is to emphasize the distinction among the linguistic, structural, and logic approaches to ontology matching. HMatch is based mainly on linguistic features. We believe that linguistic matching is a fundamental component for a semantic matchmaker,
but we noticed that, in some cases, structure and logics of the ontologies to be compared should be considered with no reference to the ontology element names. Another
important direction for improving HMatch is to emphasize the need of different metrics
in order to take into account the speciﬁc features of the different ontology domains.
HMatch provides four different matching models to address the fact that different ontologies can vary with respect to their semantic complexity and with respect to their
structure. A further improvement in this direction is to support speciﬁc relations in the
matching process, such as spatial or temporal relations.
3.3 Comments on the OAEI 2006 procedure
The OAEI 2006 procedure is well suited to give to matching researchers a complete
feedback about their work. Although, we believe that the requirement of using only one
set of parameters for the whole contest was a strong limitation, especially because some
of the test cases (i.e., anatomy, food) have peculiar features that would beneﬁt from a
more ﬂexible conﬁguration. We believe that the capability of matching algorithms to be
conﬁgured in order to deal with different scenarios is a key feature for ontology matching, but the ﬂexibility cannot be appreciated using the same conﬁguration. If the goal
is to test generic-purpose algorithms, the test cases should be more homogeneous with
respect to the ontology type and domain. Otherwise, it should be possible to modify the
algorithms conﬁguration for the different cases.
3.4 Comments on the OAEI 2006 test cases
The only comment we have is that, at the end of the evaluation phase, would be useful
to have the expected results also for the blind tests, in order to improve the algorithms
used where required.
3.5 Comments on the OAEI 2006 measures
The traditional precision and recall measures seem to be the most suitable for the matching result evaluation. Although, these measures should be calculated in a ﬂexible way.
For example, we should allow the algorithms to provide mappings also among external
elements that are imported in the ontologies.
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3.6 Proposed new measures
A simple suggestion for new measures is referred to the need of taking into account
the time of computation in the matching evaluation. The idea is to combine the computation time with precision and recall, in order to measure the trade-off between time
performances of the algorithms and quality of the results.

4

Conclusion

The experience of the OAEI 2006 contest was extremely useful as a feedback about the
design and implementation of the current version of HMatch. We had some conﬁrmation of the results obtained in the previous tests, but we had also some new helpful tip
about possible improvements of the approach and related techniques. In particular, our
future work will be devoted to: i) study new matching techniques that could be used in
combination with the linguistic techniques of HMatch, in order to improve the ﬂexibility of the system with respect to different matching scenarios; ii) address new purposes
of the matching, such as directory of ontology version matching, by studying speciﬁc
metrics and techniques for these cases; iii) implement and test a new version of HMatch
in the context of the BOEMIE project, where our matchmaking system is used for the
purpose of ontology evolution.
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Abstract. Numerous techniques for ontology alignment and mapping have
appeared in the literature, but there has been little discussion on the use of
formal semantics for the task. Typical solutions apply multiple techniques to
produce their results. We demonstrate that a hybrid solution that brings together
a number of matching techniques yields the best results. An essential
component of any ontology mapping solution is the ability for users to interact
with the system and manipulate intermediate and final results. We introduce
Onto-Mapology; an approach to ontology mapping that integrates techniques
based on string/text matching, structure/graph matching, and semantic (rulebased/logic-based) matching. After the initial design, development, testing and
evaluation we applied Onto-Mapology to the OAEI 2006 test cases with
encouraging results.

1

Onto-Mapology: The Mapping Process

Ontology mapping techniques have been discussed in the literature that describe
string and text matching techniques [1], schema matching techniques [2], categorical
information mapping techniques [3], and machine learning techniques [4], but very
little has been discussed that describes formal semantic matching techniques. OntoMapology is the Johns Hopkins University Applied Physics Lab (JHU/APL) ontology
mapping software solution that was designed and developed with strong consideration
for human participation in the mapping process. It integrates techniques based on
string/text matching, structure/graph matching, and semantic (rule-based/logic-based)
matching. It allows users to apply different combinations of these techniques, or a
hybrid algorithm that produces solid results in our testing. This paper discusses OntoMapology, our approach to the ontology mapping process, and our results for OAEI
2006.
1.1

Purpose, General Statement

We determined at an early stage in the design of our mapping solution that given the
state of the art in ontology mapping, human participation would be a crucial part of
any successful real world application. This meant that we needed to design user
interaction as an important part of the software design rather than an afterthought.
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Onto-Mapology was developed as an Eclipse Plug-in, where Eclipse.org is an open
source community whose projects are focused on providing an extensible
development platform and application frameworks for building software [5]. The
Eclipse SDK is a development environment that many software developers and end
users are familiar with, and provided us with the user interface and the environment to
offer important user interactions.
Upon reviewing the literature it was clear that there was not much discussion on using
formal semantics (e.g. using reasoning engines and inference) in the ontology
mapping process. It is appropriate to hypothesize that this is due to the fact that much
of the semantic meaning expressed in past and present ontologies is expressed through
the linguistic content. In contrast, as ontologies mature and users get better at using
the tools at their disposal for creating and maintaining ontologies, we will begin to see
more semantically expressive ontologies. We wanted to determine what would be
needed to successfully utilize formal semantics to help accomplish ontology mapping,
and we wanted to implement some semantic matching techniques in Onto-Mapology.
We have identified the features of formal semantics expressed in ontologies that will
improve the results of ontology mapping dramatically using future ontologies.
In current ontologies, the majority of the information available for communicating
semantic meaning, and thus for matching and mapping, is in the text of the ontologies.
Many ontology mapping solutions rely predominantly on matching techniques
performed on the textual content of ontologies, and that is where we started
identifying and implementing our matching techniques.
As ontologies become more structurally sophisticated, or as textual content becomes
more degraded, structure matching techniques can play increasingly significant roles
in ontology matching. Also, in the literature there is a long tradition of supplementing
text matching techniques with structure or graph matching techniques, and several
approaches are described in the references provided above and the following [6, 7, 8].
In addition to envisioning ontologies becoming more structurally sophisticated one
can envision ontologies becoming more semantically expressive. At present the
majority of the ontologies that have been developed or are available in the public
domain are not very rich semantically. They rely largely on capturing and conveying
meaning through linguistic content. But the vision of the Semantic Web implies that
the ontologies will be sufficiently expressive as to allow software agents on the Web
to act “intelligently” [9].
Here we have provided the motivation and goals for the design and development of
Onto-Mapology; we only had to make some minor adjustments to apply the OAEI
2006 benchmark test cases.
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1.2

Specific Techniques Used

The mapping solution integrates techniques based on string matching, structure
matching, and semantic matching. As we discuss our matching techniques we are
assuming the ontologies are expressed using OWL.

1.2.1 Linguistic Matching Techniques
Onto-Mapology can use an implementation of any string comparison matching
algorithm, as long as the implementation can use a provided abstract interface. We
implemented the algorithms from the SecondString [10] project by creating wrappers
around the SecondString string comparison classes. These classes include the Jaro,
Jaro-Winkler, TFIDF, and Monge-Elkan string similarity algorithms. Our testing
yielded the Jaro-Winkler algorithm as the best performer of the SecondString classes
in our implementation. This algorithm calculates the edit distance between two strings
and captures the string similarity using:

For two strings s and t, let s' be the characters in s that are “common with” t, and let t'
be the characters in t that are "common with" s … Let Ts’,t’ measure the number of
transpositions of characters in s' relative to t'. P is the length of the longest common
prefix of s and t, and P’ = max (P, 4) [11].
Onto-Mapology also implements an algorithm that uses an n=2 n-gram comparison,
affectionately known as “How to Strike a Match” [12]. It bases the similarity score
on a comparison of consecutive letter pairs in the two strings. This approach bases its
metric upon the similarity of adjacent letters within a string. It meets the following
two criteria; 1) strings with slight discrepancies will be scored as similar; 2) strings
that contain the same words but differ in arrangement will be scored as similar. This
algorithm captures the string similarity using:

For two strings s1 and s2 the similarity is twice the number of character pairs that are
common to both strings divided by the sum of the number of character pairs in the
two strings. When using a single matching technique in Onto-Mapology this
algorithm tended to yield the best results on the OAEI 2006 test suite.
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Onto-Mapology also uses the Lucene [13] text search engine and indexing tool to
create a matcher that compares the terms in two ontologies based on the content of
their comments, labels and local names. Lucene is high-performance, scalable, fullfeatured, open-source, and written in Java. We index one ontology using Lucene,
treating each term as a “document” and the term’s local name, comment text and label
text as the document’s content. Lucene removes all stop words from the text and
creates an index organized by term. Subsequent ontologies are processed term by
term, and each term’s local name, comment text and label text are processed using
Lucene’s string processing capabilities to remove all stop words. The resulting list of
words is then used as a search argument against the index created from the first
ontology. Lucene is configured to use a letter distance algorithm to score the hits
against the index. We treat a high scoring hit as a match between a term in one
ontology with a term in another ontology.

1.2.2 Structure Matching Techniques
Onto-Mapology implements an algorithm called “Neighborhood Match” where each
ontology is viewed as a graph with nodes and edges, the nodes are classes (or data
types) and the edges are properties. For each node in the respective graphs the
similarity between nodes (ontology terms) is determined by the number of nodes and
edges from each nodes “neighborhood” that match. The neighborhood is determined
by specifying how many edges the algorithm should traverse from the starting node.
The match is determined by the type of the node or edge or by the text of the node or
edge if the user wants to use an algorithm that combines text matching techniques and
structure matching techniques.
Mammal
isa
hasAge
integer

Human

isa

isa

Female

Male

Figure 1: Human Node Neighborhood

So, from a starting node in each of the graphs, the algorithm follows all edges leading
from those nodes and compares the edges and related nodes. For example, using the
Human node in figure 1 the neighborhood 1 edge away would be the subClass
property relating to Mammal, the subClass property relating to Male, the subClass
property relating to Female, the hasAge property relating to integer, the classes
Mammal, Male, Female, and the data type integer. Using the HomoSapien node in
figure 2 the neighborhood 1 edge away would be the subClass property relating to
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Mammalian, the subClass property relating to Female, the subClass property
relating to Male, the hasAge property relating to integer, the classes Mammalian,
Female, Male, and the data type integer.
Mammalian
isa
hasAge
integer

HomoSapien

isa

isa

Female

Male

Figure 2: HomoSapien Node Neighborhood

In a purely structural context, our algorithm would compare the 3 subClass properties,
1 data type property, 3 classes, and 1 integer data type neighborhood of the Human
node to the 3 subClass properties, 1 data type property, 3 classes, and 1 integer data
type neighborhood of the HomoSapien node and find a match. In a combined
linguistic and structural context, our algorithm would also compare the strings of the
neighborhoods. For example, it would compare “Mammal,” “Male,” “Female,” and
“hasAge” from the Human node with “Mammalian,” “Female,” “Male,” and
“hasAge” from the HomoSapien node. In this example, text matching techniques
would not produce a match between Human and HomoSapien where structure
matching would.

1.2.3 Semantic Matching Techniques
Jena includes a general purpose rule-based reasoner which is used to implement both
the RDFS and OWL reasoners but is also available for general use. This reasoner
supports rule-based inference over RDF graphs and provides forward chaining,
backward chaining and a hybrid execution model. A rule for the rule-based reasoner is
defined by a Java Rule object with a list of body terms (premises), a list of head terms
(conclusions) and an optional name and optional direction. Each term or ClauseEntry
is either a triple pattern, an extended triple pattern or a call to a built-in primitive. A
rule set is simply a List of Rules.
Onto-Mapology implements rules based on class hierarchy and property hierarchy.
For example, we have a rule that states if a class in one ontology is determined to be
equivalent to a class in another ontology then the super classes of the equivalent
classes are equivalent. The rule looks like this:
(?a owl:equivalentClass ?b), notEqual(?a, ?b),
(?a rdfs:subClassOf ?c), (?b rdfs:subClassOf ?d),
notEqual(?c, ?d), notBNode(?c), notBNode(?d) ->
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(?c owl:equivalentClass ?d)
We also have a rule that states that if the domain and range of a property in one
ontology are determined to be equivalent to the domain and range of a property in
another ontology, respectively then the properties are equivalent. The rule looks like
this:
(?a rdfs:domain ?b), (?c rdfs:domain ?d),
(?b owl:equivalentClass ?d),
(?a rdfs:range ?e), (?c rdfs:range ?f),
(?e owl:equivalentClass ?f) ->
(?a owl:equivalentProperty ?c)
Semantic matching through rules doesn’t fully access the formal semantics expressed
in the ontologies. For sufficiently expressive ontologies an OWL DL reasoning engine
should be able to indicate terms that are equivalent and terms that are not equivalent
because of the expressed formal semantics. In order for Onto-Mapology to exploit
formal semantics expressed in ontologies to assist in ontology alignment we have
incorporated Pellet [14], an open-source Java based OWL DL reasoner, into our
solution.

1.2.4 Hybrid Algorithm
The Onto-Mapology hybrid algorithm first generates a list of alignments based on
name equivalence (100% similarity) using the Jaro-Winkler matching technique.
Terms matched in this way are placed into a “high confidence” list. Terms in this list
can not be matched again. Next, alignments are created using the lemma matching
technique and matched terms are added to the high confidence list. Alignments made
in this step do not consist of matches created during the Jaro-Winkler phase. Finally
the remaining terms in each ontology are compared based on type. If two terms are
the same type then they are compared both structurally and semantically.
Structural comparison is performed as follows: if two terms share 80% equivalent
neighborhoods they are judged to be equivalent. Two neighbors are judged to be
equivalent if they have been aligned previously or if they share the same type.
Semantic equivalence is based upon OWL language relations. We define properties to
be equivalent if they have had their domains and ranges aligned. For classes, we state
that if two classes share equivalent child class then they are defined to be equivalent.
We have completed the task of bringing these techniques together in one algorithm,
but we need to add the formal semantic reasoning and characterize which parts of the
algorithm will work best under which circumstances. After we have the full
implementation and the characterization we can fine tune the algorithm to give the
best results given multiple and different types of ontologies.
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2

OAEI 2006 Results

Here we present the results of alignment experiments performed on the OAEI 2006
campaign. All the output is produce using the same input parameters. In the
presentation of our results and analysis of our algorithms we have also included our
experiment results from the OAEI 2005 benchmark tests. The OAEI 2005 based
experiment results used linguistic matching techniques to establish alignments based
on name similarity. These results were not submitted to the OAEI 2005 campaign
because we had not known about the OAEI until after the submission deadline. We
will not discuss the OAEI 2005 results or algorithms any further in this paper.
2.1

Benchmark

The benchmark test cases are broken up into five main categories. The first series of
tests (#101-104) examine an algorithm’s ability to make basic matches. It also
determines the program’s ability to handle discrepancies of OWL Language usage,
like generalization and restriction.
In this first grouping of tests we found our algorithm to be relatively successful in
obtaining satisfactory results. However, we found that test #102 created problems for
our algorithm. In this test case we compare the reference ontology to one that is
irrelevant. The string similarities of the terms in each document are quite different;
this leads our structure matching component to become more prevalent thus causing a
precision of 0 to occur when any mappings were made. The average performance of
this group is depicted below:

Average 2005
Average 2006

Precision
0.81
0.75

Recall
0.99
1.00

F-Measure
0.89
0.75

The next series of tests (#201-266) manipulate six parameters: name, comments,
specialization hierarchy, instances, properties, and classes. These tests allow for
algorithms to be examined in specific situations. This set of tests was the most useful
to us; they allowed us to see the specific areas where we need improvement.
Tests (#201-210) manipulate names and comments. In this set of test cases our
algorithm performed relatively well except in those cases where name similarity was
not high (#201, 202, 209, & 210). Even in those cases our recall was still quite high.

Average 2005
Average 2006

Precision
0.64
0.53

Recall
0.28
0.96

F-Measure
0.28
0.64

Tests (#221-247) manipulate structure. In this set of test cases our algorithm
performed very well. This was due to the fact that the terms in these test cases had
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high string similarity, and in the cases where specific terms did not have similar
names or comments, our algorithm was able to use structural or semantic features of
each ontology to derive the remaining alignments.

Average 2005
Average 2006

Precision
0.75
0.99

Recall
0.86
1.00

F-Measure
0.76
0.99

Tests (#248-266) randomize the names and comments while manipulating structure.
In this set of test cases our algorithm performed very poorly. Since we rely heavily on
string similarity we were unable to extract meaningful results from this section.

Average 2005
Average 2006

Precision
0.07
0.06

Recall
0.00
0.58

F-Measure
0.00
0.11

The last set of tests (#301-304) use ontologies that are adapted from real life
ontologies. Since they were not initially created for the purposes of the OAEI library,
they give some insight as to how well each algorithm will perform outside of testing.
In this set of test cases the set of terms in either ontology never subsumed the other.
This means that there were a number of terms within each ontology that were not
meant to be aligned. In addition there were several terms that were synonyms of each
other. These two factors led to a heavy reliance on our structure and semantic
algorithm components, which lead to poor recall and precision.

Average 2005
Average 2006

3

Precision
0.72
0.19

Recall
0.51
0.61

F-Measure
0.55
0.28

Comments on Results

As Onto-Mapology demonstrates, our algorithm performed very well when names
were highly similar, as did many other solutions in the OAEI 2005. Onto-Mapology
was able to derive the terms that did not match lexically, as long as there were enough
aligned terms to make those associations, given the semantic and structural aspects of
our algorithm. Since we used a combination of methods our weaknesses came into
effect when: a) names were random or dissimilar; b) comments were random or
dissimilar; c) structures of two disjoint objects were identical; d) semantics of two
disjoint objects were similar (e.g. same subclass). The test cases were extremely well
conceived. They cover a wide variety of cases and also attempt to isolate specific
weaknesses within algorithms. They also include real world ontologies which may
give indication of how the algorithm will perform in practice.
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4

Conclusion

Onto-Mapology is an ontology mapping solution that is both flexible and interactive.
Users can choose from a number of matching techniques and apply a single matching
technique or a preconfigured combination of matching techniques. Users may also
choose our hybrid matching algorithm that brings together several matching
techniques across linguistics, structure and semantics. The results of using the hybrid
algorithm are discussed in this paper and we have some work to do to improve the
performance. The hybrid solution within Onto-Mapology will perform very well as
ontologies become more structurally sophisticated and semantically expressive.
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Abstract. An ontology is a formal representation of a domain modeling the
entities in the domain and their relations. When a domain is represented by
multiple ontologies, there is need for creating mappings among these ontologies
in order to facilitate the integration of data annotated with and reasoning across
these ontologies. The objective of this paper is to present our experience in
aligning two large anatomical ontologies and to reflect on some of the issues
and challenges encountered along the way. The anatomical ontologies under
investigation are the Foundational Model of Anatomy (FMA) and GALEN. Our
approach to aligning concepts is automatic, rule-based, and operates at the
schema level, generating mostly point-to-point mappings. It uses a combination
of domain-specific lexical techniques and structural and semantic techniques (to
validate the mappings suggested lexically). It also takes advantage of domainspecific knowledge (lexical knowledge from external resources such as the
Unified Medical Language System, as well as knowledge augmentation and
inference techniques). Overall, the lexical alignment followed by structural
validation identified 3,029 pairs of equivalent concepts in the FMA and
GALEN, accounting for about 4% of all FMA concepts and 32% of all GALEN
concepts.

1

Presentation of the system

Over the past four years, as part of the Medical Ontology Research project at the U.S.
National Library of Medicine, we have developed domain knowledge-based
techniques for aligning large anatomical ontologies, with the objective of exploring
approaches to aligning representations of anatomy differing in formalism, structure,
and domain coverage. We started by aligning concepts point-to-point in two large
ontologies of human anatomy, using lexical and structural techniques [1]. We later
tested these techniques on other pairs of anatomical ontologies, both within and across
species [2, 3]. We also investigated the complex alignment of groups of concepts [4]
and that of relationships [5]. Finally, we investigated the possibility of deriving the
indirect alignment of two ontologies through their direct alignment to a reference
ontology [6]. The objective of this paper is to present our experience in aligning two
large anatomical ontologies point-to-point and to reflect on some of the issues and
challenges encountered along the way. In particular, we want to show the importance
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of domain-specific knowledge in our alignment strategies. Many features of our
system are specific to the domain of anatomy, which is why ‘anatomy’ is the only
OAEI data set to which we applied our methods.

1.1

State, purpose, general statement

The approach to aligning anatomical ontologies presented here is automatic, rulebased, and operates at the schema level, generating point-to-point mappings. It uses a
combination of domain-specific lexical techniques (to map entities at the element, not
instance level) and structural and semantic techniques (to validate the mappings
suggested lexically). It also takes advantage of domain-specific knowledge (lexical
knowledge from external resources such as the Unified Medical Language System®
(UMLS®) [7], as well as knowledge augmentation and inference techniques).
The many ontology alignment systems available include PROMPT [8], CUPID [9],
FCA-Merge [10], HCONE-Merge [11], and GLUE [12]. With AnchorPrompt [13],
we share the notion of “anchor” (i.e., a pair of related terms across ontologies,
established by lexical similarity in our case) and the use of shared paths between
anchors across ontologies to validate the similarity among related terms. Therefore,
AnchorPrompt is undoubtedly the system to which our approach is the most closely
related. The major differences between AnchorPrompt and our approach can be
summarized as follows. AnchorPrompt creates a sophisticated similarity score based
on path length and other features. In contrast, we use a simpler validation scheme
based on paths restricted to combinations of taxonomic and partitive relations,
suitable for the anatomical domain. Unlike AnchorPrompt, our approach does not rely
on path length and is therefore less sensitive to differences in granularity between
ontologies. AnchorPrompts requires ontologies to be accessible in the frame-based
Open Knowledge Base Connectivity (OKBC) protocol, while our approach is not
specific to any particular formalism.

1.2

Specific techniques used

We identify one-to-one concept mappings between the Foundational Model of
Anatomy (FMA) and GALEN using lexical resemblance between concept names and
then validate the mappings through shared hierarchical paths among concepts across
ontologies.

Lexical alignment
The lexical alignment identifies shared concepts across ontologies based on lexical
similarity between concept names. Both preferred concept names and synonyms, if
any, are used in the lexical alignment process. Lexical similarity is assessed through
exact match and after normalization. The normalization program distributed with the
UMLS provides a linguistically-motivated model for lexical resemblance adapted to
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the specificity of biomedical terms, abstracting away from minor differences in terms
including case, hyphen, inflection and word order variations [14].
Concepts exhibiting similarity at the lexical level across ontologies are called
anchors, as they are going to be used as reference concepts in the structural validation
and for comparing associative relationship. Additional anchors are identified through
synonymy in an external resource: the Unified Medical Language System (UMLS).
More specifically, two concepts across ontologies are considered anchors if their
names are synonymous in the UMLS Metathesaurus (i.e., if they name the same
concept) and if the corresponding concept is in the anatomy domain (i.e., has a
semantic type related to Anatomy).
Examples of anchors, shown in Figure 1, include the concepts Cardiac valve in
FMA and Valve in heart in GALEN, identified as anchor concepts because Cardiac valve
has Valve of heart as a synonym in FMA and Valve in heart matches Valve of heart after
normalization. Additionally, Fibrous ring of mitral valve (with synonym Mitral anulus) in
the FMA and Mitral ring in GALEN form an anchor because Mitral anulus and Mitral ring
are synonyms, i.e., they are both names for the concept Structure of anulus fibrosus of
mitral orifice in the UMLS.

Structural validation
In the structural validation of the lexical alignment, the first step is to acquire the
semantic relations explicitly represented in the ontologies. Inter-concept relationships
are generally represented by semantic relations <c1, r, c2>, where the relationship r
links concepts c1 and c2. Because they form the backbone of anatomical ontologies
and are therefore more likely to be represented consistently across ontologies,
hierarchical relationships only are considered at this step. These relationships are IS-A
and PART-OF, along with their inverses INVERSE-IS-A and HAS-PART, respectively.
Having extracted the relations explicitly represented in the ontologies, we then
normalize the representation of the relations in each ontology in order to facilitate
structural comparisons across ontologies. We first complement the hierarchical
relations represented explicitly with their inverses as necessary. Implicit semantic
relations are then extracted from concept names (augmentation) and various
combinations of hierarchical relations (inference). Augmentation and inference are
the two main techniques used to acquire implicit knowledge from the FMA and
GALEN. For a detailed analysis of the contribution of each technique, the interested
reader is referred to [15].
Complementation. As partial ordering relationships, hierarchical relationships are
anti-symmetric. IS-A and PART-OF have inverse relationships, INVERSE-IS-A and HASPART. Except for IS-A, not every relation is represented bidirectionally. For example,
<Right breast proper, HAS-PART, Right mammary gland> is explicitly represented in
the FMA but its inverse relation is missing. In canonical anatomy, the inverse
relations are essentially always valid, although this is not necessarily the case in the
real world [16]. For the sole purpose of aligning ontologies, in order to facilitate the
comparison of paths between anchors across ontologies, we complement the FMA
and GALEN with the inverse relations that are not explicitly represented. For
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example, we generated the relation <Right mammary gland, PART-OF, Right breast
proper>.
Augmentation attempts to represent with relations knowledge that is otherwise
embedded in the concept names. Augmentation is based on linguistic phenomena,
such as the reification of partitive relations. In this case, a relation <P, PART-OF, W> is
created between concepts P (the part) and W (the whole) from a relation <P, IS-A, Part
of W>, where the concept Part of W reifies, i.e., embeds in its name, the PART-OF
relationships to W. For example, <Neck of femur, PART-OF, Joint> was added from the
relation <Neck of femur, IS-A, Component of joint>, where the concept Component of joint
reifies a specialized PART-OF relationship. Examples of augmentation based on other
linguistic phenomena include <Sweat gland, IS-A, Gland> (from the concept name
Sweat gland) and <Extensor muscle of leg, PART-OF, Leg> (from the concept name
Extensor muscle of leg). The semantics of nominal modification generally corresponds
to subsumption (e.g., the head noun gland modified by sweat is a hypernym of gland).
In contrast, the semantics of prepositional clauses introduces by of is not necessarily a
partitive relation (e.g., glass of wine is not part of wine). Here, domain knowledge was
required to assess what relations can be automatically extracted with high accuracy in
the particular context of anatomical terms. We determined that partitive relations
could be accurately created from prepositional clauses introduced by of in anatomical
terms containing no other prepositions.
Inference generates additional semantic relations by applying inference rules to
the existing relations in order to facilitate the comparison of paths between anchors
across ontologies. These inference rules, specific to this alignment, represent limited
reasoning along the PART-OF hierarchy, generating a partitive relation between a
specialized part and the whole or between a part and a more generic whole. For
example, <First tarsometatarsal joint, PART-OF, Foot> was inferred from the relations
<First tarsometatarsal joint, IS-A, Joint of foot> and <Joint of foot, PART-OF, Foot>.
Analogously, <Interphalangeal joint of thumb, PART-OF, Finger> was inferred from the
relations <Interphalangeal joint of thumb, PART-OF, Thumb> and < Thumb, IS-A, Finger>.
With these explicit and implicit semantic relations, the structural validation
identifies structural similarity and conflicts among anchors across ontologies.
Structural similarity, used as positive structural evidence, is defined by the presence
of common hierarchical paths among anchors across ontologies, e.g., <c1, PART-OF,
c2> in one ontology and <c1’, PART-OF, c2’> in another where {c1, c1’} and {c2, c2’} are
anchors across ontologies1. The anchor concepts Cardiac valve in FMA and Valve in
heart in GALEN, presented earlier, received positive structural evidence because they
share hierarchical paths to some of the other anchors across ontologies. For example,
as illustrated in Figure 1, Cardiac valve is related to Heart (PART-OF), to Mitral valve
(INVERSE-IS-A) and to Mitral ring (HAS-PART).
Conflicts, on the other hand, are used as negative structural evidence. The first
type of conflict is defined by the existence of hierarchical paths between the same
anchors across ontologies going in opposite directions, e.g., <c1, PART-OF, c2> in one
ontology and <c1’, HAS-PART, c2’> in another. The second type of conflict is based on
the disjointness of top-level categories across ontologies (i.e., semantic constraints).
1

The transitive closure of hierarchical relation greatly facilitates paths comparison across
ontologies, because complex paths between anchors are represented by a single relation.
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For example, Point in FMA is a kind of Dimensional entity, while Pointing in GALEN is
a Voluntary movement of upper extremity, which is a Process. Dimensional entity and
Process being disjoint top-level categories, the two concepts Point in the FMA and
Pointing in GALEN are considered semantically distinct, which prevents them from
being aligned although they are lexically equivalent (after normalization).

Heart

Heart
Fibrous ring of
mitral valve

Mitral ring

Mitral valve

Mitral valve

N

Cardiac valve

Valve in heart

FMA

Legend

GALEN
lexical mapping

isa
part of

N

Normalization
UMLS synonymy

Figure 1. Structural validation following lexical alignment

1.3

Adaptations made for the evaluation

Extracting FMA and GALEN from OWL Full. In previous alignment experiments
involving the FMA and GALEN, we purposely stayed away form any particular
formalism in order to avoid distorting the source ontologies during the conversion
process. Instead, we simply extracted <concept, relationship, concept> triples from
the two ontologies in their original formalism (frames in Protégé for the FMA and the
description logic language GRAIL for GALEN) using the Application Programming
Interface provided with the ontology. In the OAEI experiment, the FMA and GALEN
were converted into OWL Full by the organizers. Since our alignment approach is not
designed to specifically take advantage of the OWL formalism, we again extracted
concept names and <concept, relationship, concept> triples from the class definitions
in OWL.
More specifically, for the FMA, we used rdf:ID to identify concepts, rdf:label and
Preferred_name to acquire concept names, and rdfs:subClassOf to acquire taxonomic
relations. The various partitive relations represented in the FMA (e.g., part_of,
constitutional_part_of, regional_part_of) were acquired using the corresponding
properties. An inverse property is specified for 29 properties in the OWL file. The
other properties were not used in the alignment.
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Because of the deep nesting exhibited by the GALEN file in OWL, we performed
the extraction not from the OWL file itself, but from the .pont and .pins files resulting
from its conversion into the CLISP format by the OWL plugin in Protégé. The .pins
file contains all the information we needed and is the only one we ended up using.
(This file is available for download at: http://mor.nlm.nih.gov/pubs/supp/2006-oaeisz/OpenGALEN.pins). We used rdf:ID to both identify concepts and acquire concept
names (after tokenization), and rdfs:subClassOf to acquire taxonomic relations. The
various partitive relations represented in GALEN (e.g., isPartOf, isComponentOf,
IsSurfaceDivisionOf) were acquired using the corresponding properties. No inverse
properties are specified in the OWL file. Inverse properties were added manually in
13 cases for alignment purposes. The other properties were not used in the alignment.
Grouping fine-grained partitive relationshipss. For alignment purpose in this
study, we consider as only one PART-OF relationship (with HAS-PART as its inverse) the
various kinds of partitive relationships present in the FMA (e.g., part_of,
constitutional_part_of, regional_part_of) and GALEN (e.g., isPartOf, isComponentOf,
IsSurfaceDivisionOf).
Adding disjointness axioms between top-level classes. In order to identify
semantic mismatches, we added pairwise disjointness axioms between their top-level
classes across the two ontologies. For example, as shown earlier, because we define
Dimensional entity in the FMA and Process in GALEN as being disjoint top-level
categories, Point in FMA – a kind of Dimensional entity – and Pointing in GALEN – a
kind of Process – are prevented from being aligned although they are lexically
equivalent after normalization.

1.5

Link to the set of provided alignments (in align format)

The result of our alignment for the ‘anatomy’ data set is available at:
http://mor.nlm.nih.gov/pubs/supp/2006-oaei-sz/Zhang&Bodenreider.rdf in the format
specified by the OAEI organizers at: http://oaei.ontologymatching.org/2006.

2

Results

The only data set for which we report results is ‘anatomy’. Overall, the lexical
alignment followed by structural validation identified 3,029 pairs of equivalent
concepts in the FMA and GALEN, accounting for about 4% of all FMA concepts and
32% of all GALEN concepts.
Acquiring concept names and relations for the FMA and GALEN. The main
characteristics of the data sets under investigation are listed in Table 1, including the
number of classes, concept names, and types of partitive relationships. The number of
IS-A and partitive relations extracted from the OWL file and generated by
complementation, augmentation and inference is shown in Table 2. Not surprisingly,
in both ontologies, a majority of relations come from inference, which performs
similarly to a transitive closure of the hierarchical relations. Also listed in Table 2 is
the small number of relations removed from the ontologies because they create cycles.

158

Table 1. Main characteristics of the FMA and GALEN
#

FMA

GALEN

Concepts

72,560

9,566

Synonyms

44,597

0

0

1,035

Anonymous concepts
Part-of relationships

7

8

Has-part relationships

7

8

Inter-concept associative relationships

67

13

Datatype properties defined in the owl file

19

2

Table 2. Number of relations in the FMA and GALEN
Types of relations
Explicitly represented is-a
Explicitly represented partitive relations
Explicitly represented associative relations
Complemented inverse-isa
Complemented partitive relations
Complemented associative relations
Removed because of cycles
Augmented
Inferred

FMA
72,560
101,161
48,804
72,560
3,561
11,697
- 40
169,378
5,169,034

GALEN
18,091
12,830
8,341
18,091
4,364
762
-2
29,780
243,436

Total

5,648,715

335,693

Table 3. Results of structural validation for the FMA-GALEN alignment

Positive
evidence

Negative
evidence
No
evidence

Structural evidence
Shared paths to other
anchors(same type)
Shared paths to other anchors
(“compatible”)
Conflicting paths to other
anchors
Semantic disjointness
No paths to other anchors
No shared paths to other
anchors

3,132 anchors
2056
3029

96.7%

22

0.7%

81

2.6%

973
9
13
61
20

Lexical alignment. 3,132 matching anchor concepts were identified lexically,
accounting for about 4.3% of the FMA concepts and 32.7% of GALEN concepts. Of
these, 378 anchors were identified through UMLS synonymy.
Structural validation. For the 3,132 anchors, the presence of paths to other
anchors is searched in both ontologies, as well as the existence of conflicts is
assessed. This information is used for the structural validation of the alignment, the
results of which are summarized in Table 3.
Anchors with positive structural evidence. 96.7% of the anchors receive positive
evidence, most of them sharing hierarchical paths of the same type (e.g., Cardiac valve
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in FMA and Valve in heart in GALEN, presented earlier). An example of shared
“compatible” hierarchical relations is the anchor Pelvic fascia. In both ontologies, this
concept is linked to Visceral pelvic fascia, but, although going in the same direction, the
relationship is INVERSE-ISA in GALEN and HAS-PART in FMA. For alignment purposes,
sharing compatible hierarchical relations is deemed a sufficient condition. Anchors
with positive structural evidence are presented in our result file with “=” as value for
“relation” and 1.0 as value for “measure”.
Anchors with negative structural evidence. About 0.7% of the anchors represent
conflicts between the two ontologies. For example, the relationship between the
anchors Apex of bladder and Urinary bladder is PART-OF in GALEN but HAS-PART in
FMA. Another type of conflict is represented by the semantic incompatibility between
Point (the dimensional entity) in the FMA and Pointing (the process) in GALEN
presented earlier. Anchors with negative structural evidence are presented in our
result file with “!=” as value for “relation” and 1.0 as value for “measure”.
Anchors with no structural evidence. 2.6% of the anchors do not receive any
structural evidence. For example, although linked to Body Cavity (is-a) and Peritoneal
Cavity (inverse-isa) in GALEN, Serous Cavity has no connections to other anchors in
FMA. The absence of any paths to other anchors represents about two thirds of the
cases. The remaining cases correspond to the absence of shared paths to other anchors
across ontologies. For example, although Eyebrow is linked to two anchors in FMA
(e.g., Set of hairs), and two in GALEN (e.g., Face), none of these paths are shared
across ontologies. Anchors with no structural evidence are presented in our result file
with “=” as value for “relation” and 0.5 as value for “measure”.

3

General comments

3.1

Comments on the results

Overall, the results we obtained on this ‘anatomy’ data set are essentially similar to
the results obtained in previous experiments from slightly different versions of these
two large anatomical ontologies [1]. The main difference is that, in the past, we
mapped all of GALEN – not just its anatomy subset – to the FMA, leading to
increased ambiguity between anatomical and non anatomical concept names. In
contrast to what most teams reported at OAEI 2005, for us, this ‘anatomy’ data set
was actually slightly less complex than what we are used to.

3.2

Discussions on the way to improve the proposed system

The strengths and weaknesses of our system have been analyzed in previous papers
[17]. The major difference with other systems is that we take advantage of domain
knowledge throughout the mapping process. For example, we use specific tools and
resources, including normalization techniques developed for biomedical terms and
synonyms from the Unified Medical Language Systems. We also developed
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techniques specific to the anatomical ontologies under investigation in order to
represent explicitly relations implicitly present in these ontologies. These additional
synonyms and relations increase the chances of identifying matches both at the lexical
and structural level. Conversely, because most of these techniques are specific to
anatomical ontologies, our system is unlikely to perform well on other types of
ontologies. Similar techniques would have to be developed for other domains in order
to obtain similar levels of performance. Finally, specifying disjointness between toplevel categories was more useful in previous experiments when all of GALEN was
aligned with the FMA. For example, because we define Anatomical structure in the
FMA and Inert solid structure in GALEN as being disjoint top-level categories, Nail in
FMA – a kind of Anatomical structure – and Nail in GALEN – a kind of Surgical fixation
device – were prevented from being aligned although they are lexically identical.

3.3

Comments on the OAEI 2006 procedure

In our opinion, one of the most controversial aspects of the OAEI procedure is the
decision of the organizers to convert the anatomical data sets under investigation –
the FMA and GALEN – from their original formalism to OWL Full. On the one
hand, the intuition is that having to deal with only one formalism will make it easier
for participants to align these two massive ontologies. On the other, the result of the
conversion is dependent on the original modeling. The FMA’s native environment is
frame-based and makes heavy use of metaclasses [18], while GALEN’s original
formalism is based on the description logic language GRAIL – the GALEN
Representation and Integration Language [19]. The mechanical conversion of these
two ontologies to OWL Full is therefore likely to result in differing representations,
e.g., because of the difference in the use of metaclasses and instances.
In practice, the OAEI participants cannot reliably take advantage of such features
of the underlying representation for identifying equivalent entities across ontologies.
This issue was illustrated by the example given by Kalfoglou & Hu in their attempt to
align the FMA and GALEN in the 2005 OAEI campaign [20]. They specifically
question the mapping established by [17] between Pancreas in FMA and Pancreas in
GALEN on the basis that it “is defined as a class in FMA … whereas in GALEN
(OpenGALEN) [it is defined] as an instance of [the] class "Body Cavity Anatomy"”.
Looking beyond formalism, it is quite clear to domain experts that the entities referred
to by Pancreas in the FMA and GALEN are equivalent. For example, in both
ontologies, they are defined as a kind of organ and have the same parts, including
exocrine and endocrine pancreas, and head, neck, body and tail of pancreas. The
containment relations are slightly different in the FMA (retroperitoneal space) and
GALEN (abdominal cavity), but compatible for alignment purposes.
As shown recently, converting the entire FMA to OWL is a difficult exercise
because it requires some understanding of both the modeling strategy and the domain,
which is beyond what can be expected from the mechanical translation provided by
the “export to OWL” function in Protégé [21]. However, the mechanical conversion
was sufficient for us to reliably extract the information we needed (namely, concept
names and taxonomic and partitive relations). Our point here is converting these two
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ontologies to OWL Full is an overkill and gives the false impression that the
formalism can be relied upon.

3.4

Comments on the OAEI 2006 test cases

In 2005, only two teams participated in the anatomy challenge [20, 22]. Their reports
essentially outline the difficulties encountered along the way, including the large size
of the anatomical ontologies and the transformation of both ontologies from their
native format into OWL Full. Hopefully, more participants will have aligned these
two large ontologies in 2006. While anatomical ontologies represent good data sets
for evaluating alignment strategies, important issues – beyond size and formalism –
remain the absence of a gold standard alignment and the need for domain knowledge.

3.5

Comments on the OAEI 2006 measures

While the format required for reporting results is adequate for point-to-point matches
across ontologies, it is not clear how other kinds of mappings could be reported. For
example, although not reported here, our system can identify group-to-group matches
[4] and so do other systems such as AnchorPrompt [13]. Along the same lines, one
important feature of our system is to identify non-matches, i.e., concepts exhibiting
resemblance at the lexical level, but semantic differences. Such anchors with negative
structural evidence are presented in our result file with “!=” as value for “relation”
and 1.0 as value for “measure”. However, an alternative representation for such nonmatches would be to use “=” as value for “relation” and a negative value (e.g., -1.0)
for “measure”. In this case, the meaning of the value parameter would be somewhat
equivalent to that of a correlation coefficient.
In the absence of a reference mapping, it is difficult to evaluate alignment systems
on this data set. As a biomedical terminology integration resource, the Unified
Medical Language System (UMLS) could provide some elements for evaluating the
mappings. However, unfortunately, neither the FMA nor GALEN is part of the
UMLS. Moreover, the framework for representing anatomical entities in SNOMED
CT – one of the source vocabularies in the UMLS – leads to multiple mappings for
many anatomical terms (ambiguity) [3]. In previous work, we analyzed the mapping
results produced automatically by several systems [17]. Most mappings were
identified by the two systems under investigation, which was reassuring. Analyzing
the differences, i.e., mappings identified by one system but not by the other, provided
interesting insights about the strengths and weaknesses of each system. Crossvalidation among the various systems in competition in the OAEI campaign, would
not provide a definitive evaluation metric, but could help system developers analyze
the mappings specific to their systems and those they missed. The idea of evaluating
the mappings in the context of an application suggested by [20] is very interesting, but
difficult to realize. Since ontology alignment is key to the Semantic Web, a
collaboration with the W3C Semantic Web Health Care and Life Sciences Interest
Group could provide the context for such an evaluation.
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4

Conclusion

Aligning large anatomical ontologies has generated a lot of interest in the
biomedical and computer science communities and successful methods will contribute
to create the biomedical component of the Semantic Web. Despite promising
advances, aligning anatomical ontologies remains challenging, because of the sheer
size of these resources and the need for domain knowledge. Differences in modeling
and representation formalism are also an issue, as well as the lack of a reference
mapping for evaluation purposes. Competitive evaluation campaigns such as OAEI
represent for ontology alignment the same kind of driving force BioCreAtIvE has
been for information extraction in biology [23].
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2:/&7;0$7&+LQWKH2$(,DOLJQPHQWFRQWHVW
6áDZRPLU1LHGEDáD


,QVWLWXWHRI&RPSXWHU6FLHQFH6LOHVLDQ8QLYHUVLW\RI7HFKQRORJ\*OLZLFH3RODQG
6ODZRPLU1LHGEDOD#SROVOSO

$EVWUDFW7KH2:/&7;0$7&+DOJRULWKPLVRQHRIWKHODWHVWGHYHORSPHQWVLQ
WKH GRPDLQ RI RQWRORJ\ PDWFKLQJ ,W LV QH[W VROXWLRQ WKDW UHSUHVHQWV D QHZ
IDPLO\ RI DOJRULWKPV SHUIRUPLQJ VRFDOOHG ³VHPDQWLF PDWFKLQJ´ 7KH SDSHU
SUHVHQWV WKH UHVXOWV RI 2:/&7;0$7&+ REWDLQHG GXULQJ LWV HYDOXDWLRQ LQ WKH
 &DPSDLJQ RUJDQL]HG E\ 2QWRORJ\ $OLJQPHQW (YDOXDWLRQ ,QLWLDWLYH 7KH
UHVXOWV KDYH EHHQ SUHFHGHG E\ D EULHI GHVFULSWLRQ RI WKH DOJRULWKP DQG LWV
LPSOHPHQWDWLRQDQGFRPSOHWHGZLWKVRPHFRQFOXVLRQV

 3UHVHQWDWLRQRIWKHV\VWHP

 6WDWHSXUSRVHJHQHUDOVWDWHPHQW
7KH2:/&7;0$7&+DOJRULWKPKDVEHHQGHVLJQHGWRPDWFK2:/'/RQWRORJLHV>@
,W LV DQ 2:/VSHFLDOL]HG YHUVLRQ RI WKH &7;0$7&+ DOJRULWKP >@ ZKLFK KDV EHHQ
GHFODUHG DV D JHQHUDO DOJRULWKP GHVLJQHG WR ³GLVFRYHU VHPDQWLF UHODWLRQVKLSV DFURVV
GLVWLQFWDQGDXWRQRPRXVJHQHULFVWUXFWXUHV´>@7KHPDLQUHTXLUHPHQWLWLPSRVHVRQ
WKH VWUXFWXUHV EHLQJ PDWFKHG LV WKH QHFHVVLW\ RI ODEHOOLQJ WKHP ZLWK WKH QDWXUDO
ODQJXDJH7KHXQLTXHIHDWXUHWKDWERWKDOJRULWKPVRIIHULVWKDWWKH\SHUIRUPVRFDOOHG
³VHPDQWLF PDWFKLQJ´ >@ DQG DV D UHVXOW DUH DEOH WR UHFRJQL]H D EURDG UDQJH RI
UHODWLRQVKLSV EHWZHHQ PDWFKHG HQWLWLHV LH QRW RQO\ HTXLYDOHQFH EXW DOVR
VXEVXPSWLRQGLVMRLQWQHVVDQGLQWHUVHFWLRQ
7KLVDELOLW\SURYHGWREHYHU\XVHIXOLQWKHGRPDLQRIZHEVHUYLFHVGLVFRYHU\>@
HVSHFLDOO\ LQ WKH VRFDOOHG ³PDWFKPDNLQJ´ RI ZHE VHUYLFHV E\ PHDQV RI 2:/6
6HUYLFH 3URILOHV >@ 7KHUH DUH QXPEHU RI DOJRULWKPV LQ WKLV GRPDLQ HJ WKLV
LPSOHPHQWHGLQ2:/68'',0DWFKPDNHU>@WKDWUHTXLUHNQRZLQJH[DFWO\ZKDW
NLQG RIUHODWLRQVKLSKROGV EHWZHHQWZR RU PRUH JLYHQ2:/ HQWLWLHV,QWKLVFRQWH[W
SDUWLFXODUO\ LQWHUHVWLQJ DUH WZR NLQGV RI UHODWLRQVKLSV LH HTXLYDOHQFH DQG
VXEVXPSWLRQ+RZHYHUWKHDIRUHPHQWLRQHGPDWFKPDNLQJDOJRULWKPVDUHQRWSUHSDUHG
IRUWKHSUREOHP RI RQWRORJLFDO KHWHURJHQHLW\ 7KHLUH[LVWLQJLPSOHPHQWDWLRQVVLPSO\
LJQRUHWKHIDFWWKDW2:/66HUYLFH3URILOHVPLJKWKDYHEHHQGHVFULEHGE\PHDQVRI
2:/ FODVVHV DQG SURSHUWLHV GHILQHG LQ GLIIHUHQW XQUHODWHG RQWRORJLHV $V D UHVXOW
WKHVH LPSOHPHQWDWLRQV DUH QRW DEOH WR PDWFKPDNH GHVFULEHG LQ VXFK D ZD\ ZHE
VHUYLFHV EHFDXVH WKH\ GR QRW UHFRJQL]H KLGGHQ UHODWLRQVKLSV WKDW KROG EHWZHHQ
XQUHODWHG2:/HQWLWLHV
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5HFHQWO\WKHUHKDVEHHQSURSRVHGDVROXWLRQWRWKLVSUREOHP>@WKDWGHSHQGVRQWKH
LGHD RI DGGLQJ LQ WR H[LVWLQJ WRROV D VXSSOHPHQWDU\ PRGXOH WKDW PDWFKHV XQUHODWHG
2:/ HQWLWLHV RQ GHPDQG 7KHPRGXOH LV H[SHFWHG WR EHDEOHWR LQWHUSUHW RQWRORJLHV
PDLQO\ RQ WKH EDVLV RI WKHLU WHUPLQRORJLFDO SDUWV EHFDXVH WKHUH LV QR JXDUDQWHH WKDW
WKHVH RQWRORJLHV ZLOO SURYLGH VXIILFLHQW VHW RI LQVWDQFHV 2Q WKH RWKHU KDQG LW LV
H[SHFWHGWKDWWKHHQWLWLHV RI JLYHQ RQWRORJLHV ZLOOKDYH EHHQ QDPHG ZLWKFRPPRQO\
XVHGZRUGVQRWZLWKVRPHXQLQWHOOLJLEOHV\PEROVRUUDQGRPO\JHQHUDWHGWH[WV:LWK
WKLV PRWLYDWLRQ LQ PLQG WKHUH KDV EHHQ GHYHORSHG WKH 2:/&7;0$7&+ DOJRULWKP
ZKLFK KDV DOUHDG\ EHHQ XVHG LQ RQH RI WKH ODWHVW 2:/6 PDWFKPDNHUV FDOOHG
&REUD0DWFKPDNHU>@
 6SHFLILFWHFKQLTXHVXVHG
2:/&7;0$7&+ VLPLODUO\ DV &7;0$7&+ UHDOL]HV PDWFKLQJ DV D VHULHV RI
FRPSXWDWLRQV RI UHODWLRQVKLSV LQ ZKLFK HDFK FRPSXWDWLRQ LV SHUIRUPHG IRU HYHU\
VLQJOHSDLURIXQIDPLOLDUHQWLWLHVFRPLQJIURPERWKJLYHQVWUXFWXUHV(DFKPDSSLQJLV
FRPSXWHGKHUHLQWZRVWHSV$WILUVWRQHWKHUHDUHEXLOWLQWHUQDOUHSUHVHQWDWLRQVRIERWK
HQWLWLHV E\ PHDQV RI ZKLFK WKH DOJRULWKP VWRUHV UHFRJQL]HG LQWHUSUHWDWLRQV 7KHVH
LQWHUSUHWDWLRQV DUH GHILQHG LQ WKH IRUP RI DSSURSULDWH ORJLFDO IRUPXODV ,Q
2:/&7;0$7&+ WKHUH KDYH EHHQ SURSRVHG GHVFULSWLRQ ORJLFV IRUPXODV ZKLFK DUH
PRUH H[SUHVVLYHWKDQ SURSRVLWLRQDOORJLFV IRUPXODVXVHGLQ RULJLQDO&7;0$7&+7KH
VHFRQGVWHSRIILQGLQJVLQJOHPDSSLQJDPRXQWVWRFRPSXWLQJZKDWUHODWLRQVKLSKROGV
EHWZHHQ SDUWLFXODU HQWLWLHV RQ WKH EDVLV RI WKHLU LQWHUQDO UHSUHVHQWDWLRQV 6LQFH
2:/&7;0$7&+XVHVGHVFULSWLRQORJLFVIRUPXODVWKLVVWHSLQSUDFWLFHLVUHDOL]HGE\
DQ H[WHUQDO '/ UHDVRQHU WKDW LQLWLDOO\ PHUJHV ERWK VHWV RI IRUPXODV LQWR RQH PRGHO
SHUIRUPV FODVVLILFDWLRQ RI LW DQG ILQDOO\ GHWHUPLQHV ZKDW NLQG RI UHODWLRQVKLS KROGV
EHWZHHQFRXQWHUSDUWVIRUWKHSDUWLFXODUHQWLWLHV
$V LW KDV DOUHDG\ EHHQ GHSLFWHG LQ WKH SDSHU >@ WKH HVVHQWLDO LPSDFW RQ WKH ZD\
KRZ LQ WKH &7;0$7&+±EDVHG DOJRULWKPV WKH JLYHQ HQWLWLHV DUH LQWHUSUHWHG KDV WKUHH
OHYHOVRIDYDLODEOHNQRZOHGJH7KH\DUHOH[LFDONQRZOHGJHWKDWGHILQHVPHDQLQJVRI
WKH ZRUGV XVHG LQ WKH HQWLWLHV ODEHOV GRPDLQ NQRZOHGJH WKDW SURYLGHV UHODWLRQV
KROGLQJ EHWZHHQ VHQVHV DVVRFLDWHG ZLWK WKH JLYHQ HQWLWLHV DQG VWUXFWXUDO NQRZOHGJH
WKDW LQ FDVH RI 2:/&7;0$7&+ LV VLPSO\ LQWHUSUHWDWLRQ RI WKH JLYHQ 2:/ PRGHOV
7KHFXUUHQWYHUVLRQRIWKHDOJRULWKPXVHVVROHO\:RUG1HWGLFWLRQDU\>@DVDVRXUFHRI
ERWKOH[LFDODQGGRPDLQNQRZOHGJHDQGWKHUHIRUHLVOLPLWHGWR WKH(QJOLVKODQJXDJH
RQO\ +RZHYHU WKH DOJRULWKP FDQ EH HDVLO\ PRGLILHG LQ RUGHU WR XVH RWKHU WKHVDXUL
)XUWKHUPRUHWKHUHLVDQLQWHQWLRQWRGHYHORSDQHZYHUVLRQRIWKHDOJRULWKPWKDWZLOO
EHDEOHWRXVHRWKHUNLQGVRIVRXUFHVHJJHQHUDONQRZOHGJHRUUHIHUHQFHRQWRORJLHV
OLNHLWKDVEHHQGHVFULEHGLQWKHSURSRVDORIWKH&7;0$7&+DOJRULWKP>@
6LQFHLQWKH2:/VWUXFWXUHVWKHUHFDQEHGLVWLQJXLVKHGWZRSULPDU\HOHPHQWVWKDW
LV 2:/ FODVVHV FRQFHSWV  DQG 2:/ SURSHUWLHV UROHV  WKH 2:/&7;0$7&+
DOJRULWKPUHTXLUHGGHVLJQLQJWZRYDULDQWVRI PDWFKLQJSURFHGXUHV,QERWKFDVHVWKH
JHQHUDOLGHDRIILQGLQJDPDSSLQJLVWKHVDPHKRZHYHUPDWFKLQJRI2:/SURSHUWLHV
LV PRUH FRPSOLFDWHG DQG LQ HIIHFW UHTXLUHV SHUIRUPLQJ GRXEOH TXDQWLW\ RI
FRPSXWDWLRQV ZKLOH ILQGLQJ PDSSLQJV EHWZHHQ 2:/ FODVVHV LV SHUIRUPHG LQ DQ
RULJLQDO RQHVWHS ZD\ $QRWKHU LVVXH DSSHDUHG GXULQJ PDWFKLQJ RI 2:/ RQWRORJLHV
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WKDW QHHGHG WR EH UHVROYHG LQ 2:/&7;0$7&+ ZDV WKH SUREOHP RI KRZ WR ILQG
PDSSLQJV IRU FODVVHV DQG SURSHUWLHV ZKRVH GHILQLWLRQV DUH PXWXDOO\ GHSHQGHQW )RU
WKLV UHDVRQWKHFXUUHQW YHUVLRQ RI WKHDOJRULWKP KDV VLPSOLILHGWKHLVVXH E\ LJQRULQJ
EXLOWLQ UGIVGRPDLQ DQG UGIVUDQJH SURSHUWLHV ,W PHDQV WKDW XVLQJ DQ\ RI
WKHVHUHVWULFWLRQVZLOOQRWDIIHFWWKHPDWFKLQJSURFHVVDWDOO$VDUHVXOWGHILQLWLRQVRI
2:/ SURSHUWLHV DUH QHYHU GHSHQGDQW RQ DQ\ 2:/ FODVVHV DQG WKHUHIRUH
2:/&7;0$7&+PDWFKHVSURSHUWLHVDWILUVWDQGFODVVHVDIWHUZDUGVZKHUHLWFDQXVH
DOUHDG\IRXQGPDSSLQJVEHWZHHQSURSHUWLHVRQZKLFKJLYHQFODVVHVGHSHQG
 $GDSWDWLRQVPDGHIRUWKHHYDOXDWLRQ
6LQFH WKH 2:/&7;0$7&+ JHQHUDWHV PDSSLQJV LQ LWV LQWHUQDO IRUP WKHVH PDSSLQJV
KDYHWREHFRQYHUWHGWRWKHRIILFLDODOLJQPHQWIRUPDWIRUWKHSXUSRVHRI2$(, 
&DPSDLJQ7KLVWDVNKRZHYHUJDYHULVHWRDQRWKHUSUREOHPQDPHO\KRZWRSHUIRUP
D SURSHUFRQYHUVLRQ VRWKHDOJRULWKPUHVXOWVZRXOG EHZHOOFRPSDUDEOHZLWK RWKHUV
$VVXPLQJWKDWDOO RIWKHLQWHUQDOPDSSLQJVDUHWUDQVIRUPHGWRWKHDOLJQPHQWIRUPDW
WKHUH ZRXOG EH SURGXFHG YHU\ ODUJH UHVXOWDQW DOLJQPHQWV GXULQJ WKHVH FRQYHUVLRQV
EHFDXVHIRU HDFK SDLU RIHQWLWLHVFRPLQJIURP GLIIHUHQW RQWRORJLHVWKHUHZRXOGH[LVW
RQHPDSSLQJWXSOH7KXVLWZRXOGGUDVWLFDOO\GHWHULRUDWHSUHFLVLRQUHVXOWVDFKLHYHGE\
WKHDOJRULWKPZLWKRXWJHWWLQJDQ\JDLQLQUHFDOOYDOXHV)RUWKLVUHDVRQLQWKHFXUUHQW
DSSURDFKGXULQJWKHFRQYHUVLRQWKHUHDUHWUDQVIRUPHGRQO\WKRVHPDSSLQJVLQZKLFK
UHFRJQL]HGUHODWLRQVKLSLVHTXLYDOHQFH7KHVHILOWHUHGPDSSLQJVDUHWKHQZULWWHQLQWKH
ILOHVQDPHG³2&0UGI´ DIWHUWKHILUVWOHWWHUVRI2:/&7; 0$7&+ 
$SDUWIURPWKHPWKHUHDUHDOVRFUHDWHGVXSSOHPHQWDU\ILOHVQDPHG³2&0BIXOOUGI´
LQZKLFKWKHUHDUHDGGLWLRQDOO\DOORZHGPDSSLQJVKDYLQJVXEVXPSWLRQUHODWLRQV,WLV
ZRUWKPHQWLRQLQJWKDWDOWKRXJKWKHVHILOHVDUHH[WHQGHGZLWKWKH³BIXOO´VXIIL[WKH\
DFWXDOO\ GR QRW FRQWDLQ DOO WKH PDSSLQJV ,W SUREDEO\ ZRXOG EH PRUH DSSURSULDWH WR
QDPHWKHP³2&0BH[WHQGHGUGI´ZKDWPLJKWEHUHFRQVLGHUHGLQWKHQH[WYHUVLRQVRI
WKHDSSOLFDWLRQ )LQDOO\LWPXVWEHHPSKDVL]HGWKDWWKHVHVXSSOHPHQWDU\ILOHVDUHQRW
WKHSDUWRIVXEPLVVLRQDQGWKH\VHUYHIRULQIRUPDWLYHSXUSRVHVRQO\
 /LQNWRWKHV\VWHPDQGSDUDPHWHUVILOH
7KH 2:/&7;0$7&+ LPSOHPHQWDWLRQ DORQJ ZLWK DOO LWV UHTXLUHG OLEUDULHV DQG
LQIRUPDWLRQKRZWRUXQWKHDSSOLFDWLRQLVDYDLODEOHDWWKHIROORZLQJ85/
KWWSZZZ]RLLQISROVOJOLZLFHSOaQLHGE\NRDHL
 /LQNWRWKHVHWRISURYLGHGDOLJQPHQWV LQDOLJQIRUPDW 
7KHDOLJQPHQWVSURGXFHGE\WKH2:/&7;0$7&+DUHDYDLODEOHRQWKHVDPHZHEVLWH
DVPHQWLRQHGEHIRUHLHWKH\FDQEHIRXQGDW
KWWSZZZ]RLLQISROVOJOLZLFHSOaQLHGE\NRDHL
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 5HVXOWV

 %HQFKPDUNWHVWV
7KHILUVWSDUWRIWKHEHQFKPDUNWHVWV [[ ZDVTXLWHHDV\IRU2:/&7;0$7&+7KH
DOJRULWKP IRXQG DOO WKH UHTXLUHG UHODWLRQVKLSV KRZHYHU DSDUW IURP WKHP LW DOVR
GLVFRYHUHG VRPH DGGLWLRQDO PDSSLQJV WKDW FDXVHG WKH DOJRULWKP¶V SUHFLVLRQ KDV
GHWHULRUDWHGVOLJKWO\7KHVHPDSSLQJDSSHDUHGWREHDQHIIHFWRIWKHFRQIOLFWVEHWZHHQ
VWUXFWXUDONQRZOHGJHJDLQHGIURP2:/RQWRORJLHVDQG GRPDLQNQRZOHGJHSURYLGHG
E\:RUG1HW)RULQVWDQFHWKHUHIHUHQFHRQWRORJ\GHILQHVDQ2:/FODVVQDPHG%RRN
DVDVXEFODVVRI5HIHUHQFHZKLOHLQWKH:RUG1HWRQHRIWKHVHQVHVDVVRFLDWHGZLWK
UHIHUHQFHLVDK\SRQ\PRI DNLQGRI RQHRIWKHVHQVHVDVVRFLDWHGZLWKWKHERRN
$VDUHVXOW2:/&7;0$7&+GHGXFHVZURQJO\WKDWERWKPHDQLQJVDUHHTXLYDOHQW
2WKHU ZRUWK FRQVLGHULQJ DVSHFWV RI LQLWLDO SDUW RI EHQFKPDUN WHVWV DUH WKHLU
GXUDWLRQV 6LQFH WKH DFWXDO PDWFKLQJ LQ 2:/&7;0$7&+ LV SUHFHGHG ZLWK
FODVVLILFDWLRQVRIERWKLQSXWRQWRORJLHVWKHGXUDWLRQRIDOOWKHFRPSXWDWLRQVLVKLJKO\
GHSHQGDQWRQKRZORQJWKHVHFODVVLILFDWLRQVODVW,WLVYHU\QRWLFHDEOHWKDWLQFDVHRI
PDWFKLQJWKHUHIHUHQFHRQWRORJ\ZLWKWKHZLQHRQWRORJ\ WHVW WKHZKROHSURFHVV
WRRN WKH DOJRULWKP DV PDQ\ DV ILYH KRXUV 7KH UHDVRQ ZDV WKDW WKH SUHOLPLQDU\
FODVVLILFDWLRQ RI WKH ZLQH RQWRORJ\ ZDV YHU\ WLPHFRQVXPLQJ ,Q RWKHU FDVHV
PDWFKLQJV ODVWHG FRQVLGHUDEO\ VKRUWHU KRZHYHU WKH\ VWLOO UHTXLUHG DERXW VL[ VHYHQ
PLQXWHV6XFKORQJGXUDWLRQVDUHFRQQHFWHGZLWKWKHIDFWWKDWWKHDOJRULWKPFRPSXWHV
DOO WKH PDSSLQJV IRU HDFK SDLU RI HQWLWLHV FRPLQJ IURP GLIIHUHQW RQWRORJLHV )RU
LQVWDQFHLWKDGWRUHFRJQL]HPRUHWKDQWKUHHWKRXVDQGRIUHODWLRQVKLSVLQFDVHRIWHVW
RQO\
7KHVHFRQGSDUWRIWKHEHQFKPDUNWHVWV [[ FRQILUPHGWKDWWKH2:/&7;0$7&+
DOJRULWKPLVVWULFWO\GHSHQGHQWRQFRUUHFWODEHOOLQJRQWRORJ\HQWLWLHVZLWKWKH QDWXUDO
ODQJXDJHZRUGV,WFDQEHREVHUYHGRQWKHEDVLVRIWKHWHVWVLQZKLFKUHFDOOUHVXOWVDUH
HTXDO RU DOPRVW HTXDO WR ]HUR 6XFK YDOXHV KDYH EHHQ REWDLQHG LQ WHVWV  
DQGDOVRLQ,QWKHVHWHVWVODEHOVRIRQWRORJ\HQWLWLHVKDYH
EHHQ HLWKHU UHSODFHG E\ UDQGRP WH[WV RU E\ WKHLU )UHQFK WUDQVODWLRQV WKHVH
QRQ(QJOLVK WUDQVODWLRQV DUH QRW XQGHUVWDQGDEOH E\ 2:/&7;0$7&+ ZKLFK LV D
:RUG1HWEDVHGV\VWHP 
8QH[SHFWHGO\WKHDOJRULWKPDFKLHYHGDOVRSRRUUHFDOOUHVXOWVLQWKHWHVWVDQG
 LQ ZKLFK V\QRQ\PV KDYH EHHQ XVHG ,W SURYHV WKDW :RUG1HW ZKLFK FXUUHQWO\
IXOILOVDIXQFWLRQRIWKHVRXUFHRIOH[LFDODQGGRPDLQNQRZOHGJHGHILQLWHO\QHHGVWR
EHDLGHGZLWKNQRZOHGJHFRPLQJIURPRWKHUVRXUFHV,WLVDOVRZRUWKPHQWLRQLQJWKDW
LQWKRVHWZRWHVWV DQG WKHPDWFKLQJGXUDWLRQVKDYHLQFUHDVHGUDSLGO\,WLV
IXOO\XQGHUVWDQGDEOHEHFDXVHHDFKV\QRQ\PEULQJVE\PHDQVRILWVODEHOQHZZRUGV
DQG LQ FDVH RI SRO\VHPLHV WKHLU DGGLWLRQDO VHQVHV WR LQWHUQDO IRUPXODV ZKDW FDXVHV
2:/&7;0$7&+WRRSHUDWHRQWKHELJJHULQWHUQDOUHSUHVHQWDWLRQV
7KH QH[W DOWHUDWLRQV PDGH LQ WHVW RQWRORJLHV OLNH UHPRYLQJ LQVWDQFHV  
PRGLI\LQJFRQFHSWV KLHUDUFK\   RU UHPRYLQJ SURSHUWLHV   HWF
GLGQRWVHHPWRDIIHFW2:/&7;0$7&+PDWFKLQJDELOLWLHVRUDIIHFWHGWKHPLQDVPDOO
H[WHQW)XUWKHUPRUHWKHJRRGYDOXHVRISUHFLVLRQDFKLHYHGE\WKHDOJRULWKPLQDOPRVW
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DOO WHVWV RI WKH VHFRQG JURXS FRQILUPHG WKH DXWKRU LQ WKH FRQYLFWLRQ WKDW
2:/&7;0$7&+FDQEHXVHIXOQRWRQO\LQPDWFKPDNLQJRI:HE6HUYLFHVEXWDOVRLQ
RWKHUDSSOLFDWLRQVWKDWUHTXLUHVRSKLVWLFDWHGRQWRORJ\PDWFKLQJ
7KHODVWSDUWRIEHQFKPDUNWHVWV [[ FRQVLVWHGRIUHDORQWRORJLHVDQGSURYHGWKDW
WKHUHVXOWVDFKLHYHGLQSUHYLRXVWZRSDUWVZHUHQRWWKH RXWFRPH RIVSHFLDOWXQLQJRI
WKH DOJRULWKP WR WKH WKHLU VHWV RI V\QWKHWLF RQWRORJLHV 7KH REWDLQHG SUHFLVLRQV RI
DERXW  DQG WKH UHFDOOV RI DERXW  DOORZ GHVFULELQJ WKH 2:/&7;0$7&+
DOJRULWKPDVDVROLGDQGUREXVWVROXWLRQLQWKHGRPDLQRIRQWRORJ\PDWFKLQJ
 'LUHFWRU\DQGFRQIHUHQFHWHVWV
7KH 2:/&7;0$7&+ DOJRULWKP PDQDJHG WR SHUIRUP DOO WKH GLUHFWRU\ WHVWV ZLWKRXW
DQ\VHULRXVSUREOHPV6LQFHWKH\DUHEOLQGWHVWVDQGWKHUHDUHQRWUHIHUHQFHPDSSLQJV
DYDLODEOH IRU WKLV PRPHQW LW LV GLIILFXOW WR FRPPHQW REWDLQHG UHVXOWV 7KH VLPLODU
VLWXDWLRQ RI ODFNLQJ UHIHUHQFH PDSSLQJV DULVHV LQ UHIHUHQFH WR WKH FRQIHUHQFH WHVWV
KRZHYHULQWKLVFDVHVRPHRIWKHRQWRORJLHVKDYHQRWEHHQPDWFKHG
)LUVWO\WZRRXWRIWHQFRQIHUHQFHRQWRORJLHV FRQILRXVRZO2SHQ&RQIRZO 
WXUQHG RXW WR EH LQ 2:/ )XOO ,W JHQHUDOO\ ZDV LPSRVVLEOH IRU 2:/&7;0$7&+ WR
GHDO ZLWK WKHP VLQFH WKH DOJRULWKP LV GHVLJQHG WR PDWFKLQJ 2:/ '/ RQWRORJLHV
)XUWKHUPRUH WKH DOJRULWKP KDG XQH[SHFWHG SUREOHPV ZLWK LQWHUSUHWLQJ ,$67('
RQWRORJ\ LDVWHGRZO HYHQLWZDVLQ2:/'/7KHUHDVRQIRUWKLVZDVWKHIDFW
WKDW WKH 3HOOHW UHDVRQHU >@ ZKLFK LV XVHG E\ WKH FXUUHQW LPSOHPHQWDWLRQ RI
2:/&7;0$7&+ FRXOG QRW FODVVLI\WKLV RQWRORJ\LQ D UHDVRQDEOH WLPH +RZHYHULW
PXVWEHVDLGWKDWWKHUHZDVQRWXVHGWKHODWHVWVWDEOHYHUVLRQRI3HOOHWEXWLWVQLJKWO\
EXLOG IURP  6LQFH LW LV UHTXLUHG IRU HYHU\ RQWRORJ\ WR EH FODVVLILHG
EHIRUH DFWXDO PDWFKLQJ EHJLQV 2:/&7;0$7&+ QHYHU FRXOG HYHQ KDYH VWDUWHG WR
PDWFK DQ\WKLQJ ZLWK ,$67(' RQWRORJ\ 3HOOHW LV DOVR WR EODPH IRU WKH IDFW WKDW
2:/&7;0$7&+ FRXOG QRW PDWFK VLJNGGRZO ZLWK FPWRZO 7KLV LV WKH RQO\
FDVH H[FOXGLQJ ,$67(' RQWRORJ\ ZKHQ WKH 2:/&7;0$7&+ DOJRULWKP FRXOG QRW
KDQGOHPDWFKLQJWZRSURSHU2:/'/RQWRORJLHV

 &RQFOXVLRQ
,Q WKH SDSHU WKHUH KDV EHHQ SUHVHQWHG WKH UHVXOWV RI WKH 2:/&7;0$7&+ DOJRULWKP
REWDLQHG GXULQJ LWV HYDOXDWLRQ LQ WKH 2$(,  &DPSDLJQ 7KHVH UHVXOWV DOORZ
VWDWLQJ WKDW WKH H[DPLQHG DOJRULWKP LV D UHOLDEOH VROXWLRQ IRU PDWFKLQJ 2:/ '/
RQWRORJLHV +RZHYHU WKH HYDOXDWLRQ WKDW KDV EHHQ FDUULHG RXW GLG QRW WDNH LQWR
FRQVLGHUDWLRQVDOOWKHDVSHFWVRIWKHH[DPLQHGVROXWLRQLQSDUWLFXODULWVVSHFLDODELOLW\
WR SHUIRUP VHPDQWLF PDWFKLQJ 6LQFH DOPRVW DOO RI WKH SURYLGHG UHIHUHQFH PDSSLQJV
KDYH RQO\ HTXLYDOHQFH UHODWLRQVKLSV LW ZDV LPSRVVLEOH WR DVVHVV RWKHU NLQGV RI
PDSSLQJV UHFRJQL]HG E\ 2:/&7;0$7&+ )XUWKHUPRUH WKH UHIHUHQFH VHW RI
UHODWLRQVKLSVZDVSUHSDUHGEDVHGRQWKHDVVXPSWLRQWKDWDOOWKHH[DPLQHGDOJRULWKPV
ZLOO FRPSXWH RQHWRRQH PDSSLQJV ZKLOH 2:/&7;0$7&+ JHQHUDWHV D VHW RI
PDSSLQJ WXSOHV ZLWK WKH QP PXOWLSOLFLW\ 7KHVH WZR HVVHQWLDO SUREOHPV UHTXLUH
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H[WHQGLQJ WKH FXUUHQW HYDOXDWLRQ DSSURDFK VR LW ZLOO EH SRVVLEOH WR FRUUHFWO\ DVVHVV
UHVXOWV RI WKH DOJRULWKPV WKDW SHUIRUP VHPDQWLF PDWFKLQJ 2EYLRXVO\ LW ZLOO HQWDLO
DOWHUDWLRQVLQWKHSURSRVHGVHWRIWHVWRQWRORJLHVDVZHOO
'HVSLWH WKHVH VKRUWFRPLQJV RI WKH HYDOXDWLRQ PHWKRG WKH DOJRULWKP VWLOO QHHGV
VRPHIXUWKHULPSURYHPHQWV$WILUVWWKHUHLVDQHHGWRUHILQHWKHPHWKRGVRIREWDLQLQJ
OH[LFDODQGGRPDLQNQRZOHGJH$VLWKDVDOUHDG\EHHQPHQWLRQHGWKHUHLVDVXFFHVVRU
RI&7;0$7&+WKDWDOORZVXVLQJUHIHUHQFHRQWRORJLHVDVDVRXUFHRIGRPDLQNQRZOHGJH
>@2WKHUDVSHFWRILPSURYHPHQWVFRQFHUQVWKHDOJRULWKP¶VHIILFLHQF\,WLVFXUUHQWO\
FRQVLGHUHG GLVWULEXWLQJ FRPSXWDWLRQV RI VLQJOH PDSSLQJV WR RWKHU PDFKLQHV DQG
LQWURGXFLQJLWHUDWLYHPHWKRGRIPDWFKLQJSURFHGXUHVRLWZRXOGDOORZIDVWSUXQLQJWKH
SDLUVRIHQWLWLHVWKDWDUHGHILQLWHO\QRWFRUUHODWHG

5HIHUHQFHV
>@%RRWK ' +DDV + 0F&DEH ) 1HZFRPHU ( &KDPSLRQ 0 )HUULV & 2UFKDUG '
:HE6HUYLFHV$UFKLWHFWXUH  
 KWWSZZZZRUJ75127(ZVDUFK
>@%RXTXHW 3 6HUDILQL / =DQRELQL 6 6HPDQWLF FRRUGLQDWLRQ D QHZ DSSURDFK DQG DQ
DSSOLFDWLRQ,Q)HQVHO'6\FDUD.30\ORSRXORV- HGV  7KH 6HPDQWLF :HE 
,6:&3URFHHGLQJV/HFWXUH1RWHVLQ&RPSXWHU6FLHQFH9RO6SULQJHU%HUOLQ
+HLGHOEHUJ  ±
>@%RXTXHW 3 6HUDILQL / =DQRELQL 6 %HQHUHFHWWL 0 $Q DOJRULWKP IRU VHPDQWLF
FRRUGLQDWLRQ ,Q 3URFHHGLQJV RI WKH 6HPDQWLF ,QWHJUDWLRQ :RUNVKRS DW WKH 6HFRQG
,QWHUQDWLRQDO6HPDQWLF:HE&RQIHUHQFH6DQLEHO,VODQG)ORULGD86$  
>@*LXQFKLJOLD)6KYDLNR36HPDQWLF0DWFKLQJ7KH.QRZOHGJH(QJLQHHULQJ5HYLHZ9RO
    
>@0DUWLQ ' 3DROXFFL 0 0F,OUDLWK 6 %XUVWHLQ 0 0F'HUPRWW ' 0F*XLQQHVV '
3DUVLD % 3D\QH 7 6DERX 0 6RODQNL 0 6ULQLYDVDQ 1 6\FDUD . %ULQJLQJ
6HPDQWLFVWR:HE6HUYLFHV7KH2:/6$SSURDFK,Q3URFHHGLQJVRIWKHVW,QWHUQDWLRQDO
:RUNVKRS RQ 6HPDQWLF :HE 6HUYLFHV DQG :HE 3URFHVV &RPSRVLWLRQ 6DQ 'LHJR
&DOLIRUQLD86$  
>@0LOOHU *$ %HFNZLWK5)HOOEDXP& *URVV'0LOOHU .,QWURGXFWLRQ WR :RUG1HW
$Q2QOLQH/H[LFDO'DWDEDVH,QWHUQDWLRQDO-RXUQDORI/H[LFRJUDSK\    
>@1LHGEDáD 6 7RZDUGV 6HPDQWLF 0DWFKLQJ RI 2:/6 6HUYLFH 3URILOHV ,Q 3URFHHGLQJV RI
,QWHUQDWLRQDO :RUNVKRS RQ&RQWURO DQG ,QIRUPDWLRQ 7HFKQRORJ\ 2VWUDYD &]HFK5HSXEOLF
 
>@1LHGEDáD 6 2:/&7;0$7&+ $OJRU\WP VHPDQW\F]QHJR GRSDVRZ\ZDQLD RQWRORJLL 2:/
2:/&7;0$7&+ $OJRULWKP IRU 6HPDQWLF 0DWFKLQJ RI 2:/ 2QWRORJLHV LQ 3ROLVK  ,Q
3URFHHGLQJV RI QG &RQIHUHQFH RQ %D]\ 'DQ\FK $SOLNDFMH L 6\VWHP\ 8VWURĔ 3RODQG
 
>@1LHGEDáD 6 2GNU\ZDQLH VHPDQW\F]Q\FK XVáXJ :HE 6HUYLFH Z ĞURGRZLVNX
QLHVNRMDU]RQ\FKRQWRORJLL2:/ 6HPDQWLF:HE6HUYLFHV'LVFRYHU\LQWKH(QYLURQPHQWRI
8QIDPLOLDU 2QWRORJLHV LQ 3ROLVK  ,Q 3URFHHGLQJV RI WK &RQIHUHQFH RQ 6LHFL
.RPSXWHURZH=DNRSDQH3RODQG  
>@3DROXFFL 0 .DZDPXUD 7 3D\QH 75 6\FDUD .3 6HPDQWLF 0DWFKLQJ RI :HE
6HUYLFHV &DSDELOLWLHV ,Q 3URFHHGLQJV RI WKH VW ,QWHUQDWLRQDO 6HPDQWLF :HE &RQIHUHQFH
6DUGLQLD,WDO\  
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>@6FHIIHU 6 6HUDILQL / =DQRELQL 6 6HPDQWLF &RRUGLQDWLRQ RI +LHUDUFKLFDO
&ODVVLILFDWLRQV ZLWK $WWULEXWHV 7HFKQLFDO 5HSRUW QR  'HSDUWPHQW RI ,QIRUPDWLRQ DQG
&RPPXQLFDWLRQ7HFKQRORJ\8QLYHUVLW\RI7UHQWR,WDO\  
>@6LULQ ( 3DUVLD % *UDX %& .DO\DQSXU $ .DW] < 3HOOHW $ 3UDFWLFDO 2:/'/
5HDVRQHU 7HFKQLFDO 5HSRUW  8QLYHUVLW\ RI 0DU\ODQG ,QVWLWXWH IRU $GYDQFHG
&RPSXWHU6WXGLHV  

$SSHQGL[5DZUHVXOWV

0DWUL[RIUHVXOWV
7KH IROORZLQJ UHVXOWV KDYH EHHQ DFKLHYHG E\ WKH 2:/&7;0$7&+ -DYD 
LPSOHPHQWDWLRQWKDWZDVXVLQJWKHIROORZLQJH[WHUQDOOLEUDULHV3HOOHW2:/UHDVRQHU
QLJKWO\ EXLOG IURP   DQG DOO LWV GHSHQGDQWV -HQD  DQG DOO LWV
GHSHQGDQWV LQFOXGHGLQ3HOOHWSDFNDJH -DYD:RUG1HW/LEUDU\DQGLWVGHSHQGDQW
7KDQNV WR WKH -:1/ OLEUDU\ 2:/&7;0$7&+ ZDV DEOH WR FRPPXQLFDWH ZLWK
:RUG1HW  ZKLFK LV DOVR UHTXLUHG E\ WKH DSSOLFDWLRQ 7KH SUHVHQWHG EHORZ WLPH
YDOXHV ZHUH REWDLQHG RQ D GXDOSURFHVVRU PDFKLQH [,QWHO ;HRQ  *+]  ZLWK
*% 5$0 DQG :LQGRZV 6HUYHU LQVWDOOHG RQ LW 7KH 2:/&7;0$7&+
DSSOLFDWLRQZDVH[HFXWHGLQWKH³-DYD 70 5XQWLPH(QYLURQPHQW6WDQGDUG(GLWLRQ
EXLOG BE ´ ZLWK 0% RILQLWLDOKHDS VSDFH DQG 0% RI PD[LPXP
KHDSVSDFH+RZHYHUWKHREWDLQHGWLPHYDOXHVDUHVRPHZKDWDSSUR[LPDWHVLQFHWKH
UHIHUHQFHRQWRORJ\ZDVLQLWLDOO\FODVVLILHGMXVWRQFH QRWLQHYHU\WHVW DQGPRUHRYHU
WKH KRVW VHUYHU ZDV QRW GHGLFDWHG WR SHUIRUPLQJ RQWRORJ\ PDWFKLQJ WDVNV RQO\ 7KH
SUHVHQWHG YDOXHV RI SUHFLVLRQ DQG UHFDOO KDYH EHHQ FRPSXWHG E\ GHVLJQHG IRU WKLV
SXUSRVH WKH ³2QWRORJ\ DOLJQPHQW $3, DQG LPSOHPHQWDWLRQ´ WRRO YHUVLRQ  IURP
 UHFRPPHQGHGE\2$(,
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PRIOR System: Results for OAEI 2006
Ming Mao, Yefei Peng
University of Pittsburgh, Pittsburgh, PA, USA
{mingmao,ypeng}@mail.sis.pitt.edu

Abstract. This paper summarizes the results of PRIOR system, which is an
ontology mapping system based on Profile pRopagation and InfOrmation
Retrieval techniques, for OAEI 2006 campaign. The PRIOR system exploits
both linguistic and structural information to map small ontologies, and
integrates Indri search engine to process large ontologies. The preliminary
results of the experiments for four tasks (i.e. benchmark, web directories,
anatomy and food) are presented. A discussion of the results and future work
are given at the end.

1

Presentation of the system

1.1

State, purpose, general statement

The World Wide Web (WWW) makes a large number of digital resources publicly
accessible. However, finding relevant information, i.e. searching for digital resources
from various sources and manually organizing them for relevance, becomes more and
more intractable. Semantic interoperability research is aimed at enabling different
information systems to communicate information consistently with the intended
meaning. Ontology mapping is one critical mechanism to achieve semantic
interoperability.
Different communities have proposed different approaches to ontology mapping. The
techniques that have been applied to solve mapping problems include linguistic
analysis of terms [5][11], comparison of graphs corresponding to the structures [11],
mapping to a common reference ontology [4], use of heuristics that look for specific
patterns in the concepts definitions [10][8][12][9], and machine-learning techniques
[7][2][3][1].
Our approach begins with the belief that the combination of linguistic analysis and
graph theory will lead to successful mapping. It explores information from two
perspectives, linguistic and structural, to determine the correspondences that identify
similar elements in different ontologies. In an ontology, linguistic information is the
descriptive information, such as name (i.e. ID), label, comment and property
restriction, of a concept (i.e. class, individual and property). Structural information
refers to relationships between concepts in the ontology. Such relationships include
hierarchy relation, inverse relation and so on. Since the filed of information retrieval
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is highly relevant to ontology mapping, we also explore using classic information
retrieval method to support the mapping of large ontologies. Figure 1 depicts the
architecture of PRIOR system. The details of the approach are explained in next
section.

Figure 1 The architecture of PRIOR system

1.2

Specific techniques used

We introduce the term “profile”. Similar to the virtual document used in Falcon-AO
system [11], the profile of a concept is a combination of all linguistic information of
the concept, i.e. the profile of a concept = the concept’s name + label + comment +
property restriction + other descriptive information. The Profile Enrichment is a
process of using a profile to represent a concept in the ontology, and thus enrich its
information. The purpose of profile enrichment is based on the observation that
though a name is always used to represent a concept, sometimes the information
carried in a name is restricted. While, other descriptive information such as comments
may contain words that better convey the meaning of the concept.
The Profile Propagation exploits the neighboring information of each concept. That is,
we pass the profile of the ancestors, children or siblings of the concept to the profile
of the concept itself. The reason why we do profile propagation is based on the
observation that if we see the taxonomic tree of an ontology as the index of a book,
the super class in the ontology reflects the “context” of its subclasses and each
subclass is the “content” of its super class. The process of profile propagation can be

VNnew =

w( N , N ')VN '

N '∈S
, where N and N’ represent two concepts
represented as:
in the ontologies, S represents the set of all concepts in the ontologies, VNnew
represents the new profile vector of the concept N, VN’ represents the profile vector of
the concept N’, and w(N, N’) is a function that assigns different weights to the
neighbors of the concept according to the distance between them. Two principles to
assign the weight are applied: 1) The closer the two concepts are, the higher weight
will be assigned, i.e. the weight of a parent is higher than the weight of a grandparents
and the weight of a child is higher than the weight of a grandchild. 2) The weight of a
parent is higher than the weight of a child and the weight of a child is higher than the
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weight of a sibling. This is because children inherit all characteristics of the parent
and may extend some characteristics that parent doe not have, and sibling is usually a
complementary of the concept.
For small ontologies, the Profile Mapper compares each concept of the ontologies by
computing cosine similarity of the profile of each concept. Simultaneously, the String
Mapper computes the similarity between the names of different concepts using
Levenshtein distance. The profile similarity and the name string similarity are further
integrated to obtain final similarities between concepts. However, if the ontology is
too large, calculating the similarity matrix will require too many computing resources
and it is time consuming. Based on the understanding that ontology mapping is also
an information retrieval task, we turn to classic information retrieval method to solve
the problem. Specifically, we integrated indri1 search engine into PRIOR system.
First, the Indri Mapper uses Indri to index profiles of concepts in ontology A. Then
queries are generated based on the profiles of the concepts in ontology B. After
storing the top-ranked results returned by the queries, we switch two ontologies, i.e.
this time ontology B is indexed and queries are generated based on ontology A. The
Indri Mapper will pass two sets of search results to the Mapping Extractor.
Having the similarity matrix obtained from small ontologies or Indri search results
from large ontologies, the Mapping Extractor extracts all candidates of matched
concepts and output the results in desired format.
1.3

Adaptations made for the evaluation

We didn’t do any major adaptations in order to align the OAEI campaign ontologies.
However, for food test, we treat <skos:broader> and <skos:narrower> as parent and
child relations.
1.4

Link to the system and parameters file

The system is available at: http://www.sis.pitt.edu/~mingmao/om06/
1.5

Link to the set of provided alignments (in align format)

The
result
file
can
be
http://www.sis.pitt.edu/~mingmao/om06/result.zip

2

downloaded

from

Results

In this section we present the results of alignment experiments on OAEI 2006
campaign. All tests are run on a stand-alone PC running Fedora 4 operating system.

1

http://www.lemurproject.org/indri
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The PC has Pentium 4, 3.0GHz processor, 1G memory, 100GB Serial ATA hard disk
and SUN JAVA VM 1.5.0_06.
2.1

benchmark

The benchmark tests can be divided into two types. Test 101-266 are systematically
generated from reference ontology, in which some information are discarded, and test
301-304 are real bibliographic ontologies. Since our approach is relied on the
linguistic information, we obtain high precision and recall where the test ontologies
contain the same names (or name conventions) and/or comments as the reference
ontology (i.e. test 101, 103, 104, 203, 204, 208, 221-247). However our approach fails
in the recall where both name and comments are replaced or missing in the test
ontologies (i.e. test 202, 248-266). For tests 201, 206-207 and 210, though the class
name has been “removed” or expressed in another language, we can find some
matched classed and properties due to the information of comments and instances. For
tests 205 and 209 having name synonyms, the performance of our approach is not
good because we do not use thesaurus. For real ontologies 301-304, they cover the
same domain as reference ontology using similar descriptive information and
different structural information. The result of these real tests shows the average
performance of our approach is around 80%. The full result of all tests can be found
in Appendix.
2.2

directory

The directory real world case consists of aligning web sites directory. It has 4640
elementary tests. Each of them is represented by pairs of OWL ontologies, where
classification relation is modeled as OWL subClassOf. Therefore all OWL ontologies
are taxonomies, i.e., they contain only classes (without Object and Data properties)
connected with subclass relation. We use the same set of parameters and approach as
those of benchmark test to obtain alignment results.
2.3

anatomy

The anatomy task is to find alignment between classes in two medical ontologies,
FMA ontology and OpenGALEN ontology. FMA has 72559 classes and
OpenGALEN has 9564 classes. Due to the huge size of the ontologies, we use Indri
approach. Finally 2583 pairs of candidates have been found within 9 minutes.
2.3

food

The food thesaurus mapping task requires to create alignment between the SKOS
version of the United Nations Food and Agriculture Organization (FAO) AGROVOC
thesaurus, which has around 16000 terms and is expressed in multilingual, and the
United States National Agricultural Library (NAL) Agricultural thesaurus, which has
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around 41000 terms and is expressed in monolingual. AGROVOC has 28179
concepts, and NAL has 41594 concepts. Due to the similar reason as anatomy task
that the size of food thesaurus is too large, we use Indri approach. Finally 11511 pairs
of candidates have been found within 73 minutes. Although “narrowMatch” and
“broadMatch” are allowed, we can only get “exactMatch”.

3

General comments

3.1

Comments on the results

Since our approach relies on linguistic information such as name, label, comment, and
other descriptive information, it can not handle pure graph matching task, like test
248-266 in benchmarks. Also we do not use external resources like WorldNet to
process synonyms, which we believe is important in real cases. Furthermore, some
ontology like AGROVOC contains labels in foreign languages; currently we do not
use this type of information.
We use Alignment API to parse ontologies and generate alignments. When processing
FMA ontology in anatomy test, the API reads each owl:Class as a class first and then
as an individual one more time. In all properties of a class, only “ID” and “label” are
assigned to the class, all other properties such as “part” and “constitutional_part” are
assigned to the individual. Since only classes are alignment candidates, we miss all
information in individual.
3.2

Discussions on the way to improve the proposed system

One possible improvement is to integrate external resources to increase recall. For
instance, WordNet can be integrated to process synonyms and dictionaries can be
used to process foreign languages. Another possible improvement is to find out a
better way to adjust the propagation weights. It’s possible to train the weights with
some training data.
3.3

Comments on the OAEI 2006 test cases

The ontologies in anatomy and food tests are very large and in a different format (i.e.
SKOS, Protégé exported RDF) other than benchmark tests. It will be better to have a
small part of ontology as training ontology, for which alignments are provided to
participants. So that participants can train their approach on this training ontology.
We also would like to see the OAEI 2006 campaign to be the first one to provide
reference alignment for real word large scale ontologies so that different approaches
can be judged in systematic way.
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3.4

Comments on the OAEI 2006 measures

Considering the mapping relations in food track, the evaluation process is more
complex. If concept A is an “exactMatch” to concept B, and concept C is a “broader”
concept of B, then we can say concept A and C has a “broadMatch” relation. First we
don’t know whether A-exactMatch-B and A-broadMatch-C will both appear in
reference alignment. Second, if they both appear in reference alignment, but only AexactMatch-B mapping is in an answer alignment, how do we calculate recall
regarding A-broadMatch-C mapping?

4

Conclusion

In this paper, we briefly present a system for ontology mapping – PRIOR system, in
which we explore linguistic and structural information and profile propagation
method to process small ontologies. We also integrate classic information retrieval
method to process large ontologies. The preliminary results are carefully analyzed and
some future work are discussed.
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Appendix: Raw results

Matrix of results
#
101
102
103
104
201
202
203
204
205
206
207
208
209
210
221
222
223
224
225
228
230
231*
232
233
236
237
238
239
240
241
246

Name
Reference alignment
Irrelevant ontology
Language generalization
Language restriction
No names
No names, no comments
No comments (was misspelling)
Naming conventions
Synonyms
Translation

No specialisation
Flatenned hierarchy
Expanded hierarchy
No instance
No restrictions
No properties
Flattened classes
Expanded classes
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Prec.
1
0.00
1
1
0.94
0.6
1
1
0.63
0.96
0.96
1
0.53
0.94
1
1
1
1
1
1
0.94
1
1
1
1
1
1
0.97
0.97
1
0.97

Rec.
1
NaN
1
1
0.32
0.03
1
0.94
0.42
0.7
0.7
0.93
0.3
0.53
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

247
248
249
250
251
252
253
254
257
258
259
260
261
262
265
266
301
302
303
304

Individual is empty

Real: BibTeX/MIT
Real: BibTeX/UMBC
Real: Karlsruhe
Real: INRIA
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0.97
0.33
0.6
1
0.6
0.5
0.33
NaN
1
0.6
0.5
0.5
0.5
NaN
0.5
0.5
0.92
0.86
0.68
0.95

1
0.01
0.03
0.06
0.03
0.03
0.01
0
0.06
0.03
0.03
0.03
0.03
0
0.03
0.03
0.74
0.63
0.82
0.96

Result of Ontology Alignment with RiMOM at OAEI’06
Yi Li, Juanzi Li, Duo Zhang, and Jie Tang
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Abstract. In this report, we briefly describe our system RiMOM and its
underlying techniques. Given two ontologies, RiMOM intends to combine
multiple strategies, aiming at finding the “optimal” alignments from the source
ontology to the target one. RiMOM integrates multiple strategies: edit-distance
based strategy, statistical-learning based strategy, and three similaritypropagation based strategies. Each strategy is defined based on one kind of
ontological-information/approach. RiMOM conducts alignment finding as
follows. It first estimates two factors respectively approximately representing
the structure similarity and the label similarity of the two ontologies. The two
factors are used in strategy selection to determine which strategies will be used
in the alignment task. Then, we apply the selected strategies to find the
alignment independently and combine the alignment results. Finally we employ
the alignment refinement to prune “unbelievable” alignments. This report
presents our results based on the evaluation. We also share our thoughts on the
experiment design, showing specific strengths and weaknesses of our approach.

1.

PRESENTATION OF THE SYSTEM

Ontology alignment is the key point to reach interoperability over ontologies. In
semantic web environment, ontologies are usually distributed and heterogeneous and
it is necessary to find the mapping between them before processing across them. In
recent years, much research work has been conducted for finding the alignment of
ontologies [1] [4].
RiMOM is a tool for ontology alignment by combining different strategies, aiming
at finding the “optimal” alignment results [5]. Each strategy is defined based on one
kind of information or one type of approach. In our current version, there are five
strategies defined: edit-distance based strategy, statistical-learning based strategy, and
three similarity-propagation based strategies (including concept-to-concept
propagation strategy (CCP), property-to-property propagation strategy (PPP), and
concept-to-property propagation strategy (CPP)).
1.1

State, purpose, general statement

We here define ontology alignment as a directional one. Given an alignment from
ontology O1 to O2, we call ontology O1 as source ontology and O2 as target ontology.
We call the process of finding the alignment from O1 to O2 as (Ontology) alignment
discovery or alignment finding.
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Challenges for automating ontology alignment include: 1) how to automatically
find alignments of high quality; 2) how to find the alignments efficiently; 3) how to
make full use of the user interaction, since entirely automatic alignment is usually not
possible; 4) how to automatically adjust the strategies for finding the alignments in a
specific task, since the characteristics of the ontologies to be aligned are different in
different tasks; 5) how to ease parameterizing, as the accuracy of alignments may
vary largely with different parameters.
In this campaign, we focus on dealing with the problems of 1), 2), and 4) with our
system RiMOM.
1.2

Specific techniques used

There are six major steps in the alignment process of RiMOM:
1) Similarity factors estimation. Given two ontologies, it estimates two similarity
factors, which respectively approximately represent the structure similarity and the
label similarity of the two ontologies. The two factors are used in the next step of
strategy selection.
2) Strategy selection. The basic idea of strategy selection is if two ontologies have
high label similarity factor, then RiMOM will rely more on linguistic based strategies;
while if the two ontologies have high structure similarity factor, then we will employ
similarity-propagation based strategies on them. See Section 1.2.2 for details.
3) Strategy execution. We employ the selected strategies to find the alignment
independently. Each strategy outputs an alignment result.
4) Alignment combination. It combines the alignment results obtained by the
selected strategies. The combination is conducted by a linear-interpolation method.
5) Similarity propagation. If the two ontologies have high structure similarity
factor, RiMOM employs an algorithm called similarity propagation to refine the
found alignments and to find new alignments that can not be found using the other
strategies. Similarity propagation makes use of structure information.
6) Alignment refinement. It refines the alignment results from the previous steps.
We defined several heuristic rules to remove the “unbelievable” alignments.
1.2.1 Multiple strategies
The strategies defined in RiMOM can be classified into two categories: linguistic
based strategies and structure based strategies.
1. Linguistic based strategies
RiMOM contains two kinds of linguistic based strategies: edit-distance based
strategy and statistical-learning based strategy. In our current version of RiMOM, for
the statistical-learning based strategy, we use the classification method of K-Nearest
Neighbor (KNN). For facilitating the description, we hereafter write the two strategies
as ED and KNN.
In ED, we calculate the edit distance between labels of two entities. In KNN, we
formalize the problem of alignment as a problem of text classification. We view
e2ęO2 as a class and its label, comment, and instances as a ‘document’ of the class.
The text in a ‘document’ is tokenized into words. Then we employ stemming and stop
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words removing on the words and view the remains as features to train a text
classification model. We also add some other general features which prove to be very
helpful. For a concept, the features include: the number of its sub concepts, the
number of properties it has, and the depth of the concept from “OWL:Thing”.
For finding the alignment, we use the same method to generate a ‘document’ for a
concept e1ęO1 and also add the general features as that in building the classification
model. Then we use the trained classification model to identify which class the
document should be classified. In this way, we are able to find which entity in O2 is
the most possible one for an entity e1ęO1 to be aligned.
The two strategies can be used for finding alignments independently. They can also
be used together. In the latter case, we combine alignments of different strategies by:
(1)
¦ k 1...n wkV Mapk e1 , e2
Map e1 , e2
¦ k 1...n wk
where e1ęO1 and e2ęO2; Mapk(e1,e2) is the alignment score obtained by strategy k.
wk is the weight of strategy k. ı is a sigmoid function, which is defined as

V x

1/ 1  e5 x D

, where Į is tentatively set as 0.5.

2. Structure based strategies
The structure information in ontologies is useful for finding the alignments
especially when two ontologies share the common/similar structure. According to the
propagation theory [2], we define three structure based strategies in RiMOM, namely
concept-to-concept propagation strategy (CCP), property-to-property propagation
strategy (PPP), and concept-to-property propagation strategy (CPP).
Intuition of the propagation based method is that if two entities are aligned, their
super-concepts may also be aligned. The basic idea of the method is to propagate the
similarity of two entities to entity pairs with some kinds of relationship with them, for
example, subClassOf, superClassOf, siblingClassOf, subPropertyOf, superPropertyOf,
range, and domain (superClassOf is not defined in OWL, it is viewed as the converse
relationship of subClassOf. Likewise for superPropertyOf. siblingClassOf is not
defined also in OWL. It means that the two concepts have the same super concept).
The idea is inspired by the algorithm of similarity flooding proposed for schema
matching [3]. We extended the algorithm and adaptively used them in the three
structure based strategies. Details of the method will be reported elsewhere.
In CCP, we propagate similarities of concepts pair across the concept hierarchical
structure. In PPP, we propagate similarities of property pair across the property
hierarchy. In CPP, we propagate similarities of concepts pair to their corresponding
property pair, and vice versa.
The structure based strategies are employed after the linguistic based strategies.
They can be used to adjust the alignments and find new alignments.
1.2.2 Similarity factors estimation
Our preliminary experiments show that the multi-strategy based alignment does not
always outperform its single-strategy counterpart. We then consider three questions:
(1) for a new, unseen mapping task, should we select a multi-strategy based solution
or just one single-strategy based solution? (2) if the task is suitable to use multiple
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strategies, then which strategies should be selected so as to obtain better alignment
results? (3) the method for strategy selection needs to be efficient. This is important
because for aligning large-scale ontologies, the efficiency may be a critical problem.
We propose to deal with the problems by using similarity factors estimation.
Given two ontologies: source ontology O1 and target ontology O2, we calculate two
approximate similarity factors: structure similarity factor and label similarity factor.
We define structure similarity factor as:
(2)
# common _ concept
F _ SS

max(# nonleaf _ c1 , # nonleaf _ c2 )

where #nonleaf_c1 indicates the number of concepts in O1 that has sub concepts.
Likewise for #nonleaf_c2. #common_concept is calculated as follows: if concepts
c1ęO1 and c2ęO2 have the same number of sub concepts and they are in the same
depth from the concept “owl:Thing”, we add one to #common_concept. After
enumerated all pair, we obtain the final score of #common_concept. Intuition of the
factor is that the larger the structure similarity factor, the more similar the structures
of the two ontologies are.
The label similarity factor is defined as:
(3)
# same _ label
F _ LS

max(# c1 , # c2 )

where #c1 and #c2 respectively represent the number of concepts in O1 and O2.
#same_label represents the number of pairs of concepts {( c1, c2)|c1ęO1 and c2ęO2}
that have the same label.
The two factors are defined simply and not used to accurately represent the real
“similarities” of structures and labels. However, they can approximately indicate the
characteristics of the two ontologies. Moreover, they can be calculated efficiently.
So far, we carried out the strategy selection by heuristic rules. For example, if the
structure similarity factor F_SS is lower than 0.25, then RiMOM suppresses the CCP
and PPP strategies. However, the CPP will always be used in the alignment process.
1.3

Adaptations made for the evaluation

No special adaptations have been made. However, some parameters are tuned and set
in the experiments. For example, for strategies combination (cf. equation 1), we set
the weight of ED as 0.5 and that of KNN as 1. For strategy selection, we define 0.25
as the threshold to determine whether CCP and PPP will be suppressed or not. We
also define 0.2 as threshold to determine whether ED will be suppressed or not.
1.4

Link to the system, parameters file, and provided alignments

Our system RiMOM (including the parameters file) can be found at
http://keg.cs.tsinghua.edu.cn/project/RiMOM/. For details of the approach, see [5].
The
alignment
results
of
the
campaign
are
available
at
http://keg.cs.tsinghua.edu.cn/project/RiMOM/OAEI2006/.
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2

Results

RiMOM has been implemented in Java. We use OWL-API to parse the RDF and
OWL files. The experiments were carried out on a Server running Windows 2003
with two Dual-Core Intel Xeon processors (2.8 GHz) and 3-gigabyte memory. All the
alignments outputted by RiMOM are based on the same parameters.
2.1

Benchmark

2.1.1 Tests 101-104
The tests 101, 103, and 104 are basic tests for ontology alignment. The source
ontologies contain concepts and properties with the same names as those in the
reference ontologies.
Both linguistic based strategies and structure based strategies were employed for
finding the alignment (because both label similarity and structure similarity factors
exceed the thresholds), however, as linguistic based strategies can easily find most of
the alignments, the structure based strategies took little effect to the final results. In
test 102, RiMOM outputs no alignment.
In the three tests (excluding test 102), both precision and recall are 1.0. The
average time cost is 3.36s.
2.1.2 Tests 201-210
Tests 201 through 210 have high structure similarity factor (equal to 1.0) with the
reference ontology. Some of the tests have high label similarity factor (e.g. test 203),
some have synonym labels with the reference ontology (e.g. test 205 and 209), and
some others have low label similarity factor (e.g. tests 201, 202, 206, 207, and 210).
Using the strategies selection method, we are able to apply different strategies in
the different tests. For example, for test 201, where label of concepts and properties
are replaced by a random ones, ED is suppressed and KNN and the structure based
strategies are active. Using KNN, we can find some matched concept pairs and
property pairs. Then based on the matched pairs, we utilize the structure based
strategies to find the other alignments that cannot be found by KNN.
In the ten tests, precision ranges from 0.88 to 1.0 and recall stays between 0.82 and
1.0. The average time cost is 2.638s.
2.1.3 Tests 221~247
For most of these tests the structures are changed, which means that the structure
similarity factors are low, however the label similarity factors are very high.
For tests that have low structure similarity factors, we suppress the structured
based strategies, for example, tests 221, 232, 233, and 241. (Note: CPP is still active.)
For tests that have both high label similarity factor and structure similarity factor,
both linguistic based strategies and structure based strategies were employed,
although structure based strategies made little contribution.
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In these tests, precision ranges from 0.94 to 1.0 and recall equals to 1.0. The
average time cost is 1.99s.
2.1.4 Tests 248~266
These tests were the most challenging ones to our approach. Labels and comments
have been removed and structures have also been changed as well. In this case, both
label similarity factor and structure similarity factor between the source ontologies
and the reference ontology are low. For most of the tests, we found that KNN is the
most useful one and the other strategies take little effects. In tests 249, 250, and 257,
the structure based strategies took effect to help improve the final alignments.
In these tests, precision ranges from 0.73 to 1.0 and recall stays between 0.27 and
0.82. The average time cost is 1.59s.
2.1.5 Tests 301~304
In tests 301-304, the source ontologies are from real world, modeled by different
institutions but for the same domain of bibliographic metadata. The real-world tests
combine the difficulties of the previous tests.
In the tests, based on the strategy selection method, both linguistic based strategies
and structure based strategies were employed except the test 301, where we only
applied linguistic based strategies.
In these tests, precision ranges from 0.77 to 0.9 and recall stays between 0.69 and
0.97. The average time cost is 3.14s.
2.2

directory

The directory ontologies are organized as a taxonomy with sub-sumption hierarchies.
We use two methods to obtain the alignment results. The first one was obtained by
using RiMOM with the same set of parameters as the ones for benchmark test. Both
linguistic based strategies and structure based strategies were employed in this task.
The results seem to be not ideal.
The other alignment result was obtained by a specific version of RiMOM, called
RiMOM-directory. In RiMOM-directory, except ED and KNN, we also integrate
another strategy based on Wordnet, one of the most popular thesauruses (called as
Wordnet hereafter). Because in directory alignment, there are many synonym words
used in the labels, Wordnet is expected to be useful. We also made some other
adaptation, for example, for structure based strategies we only use CCP, as there is no
property and instances in the directory data (also in CCP, we only consider the
relationship “OWL:subClassOf”).
We obtained three alignment results using RiMOM-directory with different
strategies: 1) linguistic based strategies (including ED, KNN, and Wordnet) only. In
this case, the precision, recall, and F1-measure are 0.36, 0.33, and 0.35 respectively; 2)
both linguistic based strategies and the CCP strategy (with only one iteration of
propagation). The precision, recall, and F1-measure are 0.39, 0.40, and 0.40
respectively; 3) same setting as that in 2) but with n iterations. The precision, recall,
and F1-measure are 0.38, 0.40, and 0.39 respectively.
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2.3

anatomy

RiMOM met problems in parsing the anatomy ontologies and finally outputs no
alignments.
2.4

food

The ontologies in the food test are large and RiMOM suppressed the structure based
strategies and applied only a simple version of the linguistic based strategies for
finding the alignment.

3

General comments

3.1

Comments on the results

An objective and comprehensive comment on strengths or weakness requires the
comparison with other participants, which are not available so far (will be available
before the workshop). Here, we share some thoughts about the results.
Strengths
From experimental results, we see that RiMOM can achieve high performance
when the ontologies to be aligned have similar linguistic information or similar
structure information. Some concluding remarks are summarized as follows:
1) Linguistic information (including label of concepts and properties) is important
and help to align most of the entities.
2) Structure information can be used to improve the alignments, in particular when
linguistic information is missing.
3) Strategy selection is important. In different alignment tasks, the ontologies to be
aligned have different characteristics, it would be particularly helpful to find the
characteristics of the ontologies and apply correspondingly strategies on them.
4) Alignment refinement is helpful. In refinement, we removed the unbelievable
alignments, which improves the precision in many tests.
5) RiMOM can find the alignment quickly. The time costs range from 0.69s to
6.70s in the benchmark tests.
Weakness
1) RiMOM cannot deal with large-scale ontologies. The biggest problem here is
that our structure base strategies cannot efficiently do the propagation in the large
graph (by viewing the ontology as a graph).
2) We met problems when dealing with the anatomy ontologies.
3) We note that parameter setting is very important. We have found that using
different parameter settings, with the exactly same approach, the alignment results
may differ largely. So far, we tuned the parameters manually. It is not adaptable in
particular when the ontologies are very large, which means that tuning different
parameters to find the best ones is not possible.
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3.2

Discussions on the way to improve the proposed system

Possible improvements are corresponded to the related weaknesses in the previous
section.
1) Our proposal is to partition the large ontologies into small slices and then
employ the structure based strategies on the slices.
2) Efforts are being made to integrate a more powerful parser into our system.
3) Our thinking is to use a supervised machine learning method to find the optimal
parameters based on some training data sets.
3.3

Comments on the OAEI 2006 test cases

The benchmark tests indicate very interesting general results on how the alignment
approach behaves. These tests are really useful, as a good underlying test base, for
evaluating and improving the alignment algorithm and system.
For future work, it might be interesting to add some tests to evaluate the time cost
of systems, as for large-scale ontology alignment, the issue of efficiency may be
critical.

4

Conclusion

In this report, we have briefly introduced our approach and the tool, that is called
RiMOM, for finding ontology alignment. We have presented the alignment process of
RiMOM and explained each step. We applied the tool to the test data and the
experimental results show that our proposed approach can achieve high performance
quickly. We summarized the strengths and the weaknesses of our proposed approach
and gave possible improvement for the system in the future work.
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Appendix: Raw results
The following results were obtained in the evaluation runs.
Matrix of results
#
101
102
103
104
201
202
203
204
205
206
207
208
209
210
221
222
223
224
225
228
230
231
232
233
236
237
238
239
240
241
246
247
248
249
250
251
252
253
254
257
258
259
260

Name
Reference alignment
Irrelevat ontology
Language generalization
Language restriction
No names
No names, no comments
No comments
Naming conventions
Synonyms
Translation




No specialisation
Flatenned hierachy
Expanded hierarchy
No instance
No restrictions
No properties
Flatenned classes























Prec.
1.00
N/A
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
0.98
0.88
0.99
1.00
1.00
1.00
1.00
1.00
1.00
0.94
1.00
1.00
1.00
1.00
0.99
1.00
0.97
0.97
1.00
0.97
0.97
1.00
1.00
1.00
0.74
0.84
1.00
1.00
1.00
0.73
0.84
0.87
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Rec.
1.00
N/A
1.00
1.00
1.00
0.82
1.00
1.00
0.99
0.99
0.99
0.98
0.87
0.89
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
0.81
0.82
0.55
0.59
0.71
0.81
0.27
0.55
0.59
0.71
0.45

Time
4.72s

2.84s
2.52s
1.98s
1.56s
2.53s
2.72s
3.88s
5.16s
2.27s
2.48s
1.88s
1.92s
2.28s
2.58s
4.83s
2.75s
2.66s
1.00s
2.19s
3.00s
2.13s
0.77s
0.94s
2.42s
3.52s
1.08s
1.06s
0.69s
1.06s
1.02s
2.03s
1.74s
0.92s
1.80s
4.80s
1.61s
0.72s
0.89s
2.19s
2.17s
1.03s

261
262
265
266
301
302
303
304





BibTeX/MIT
BibTeX/UMBC
Karlsruhe
INRIA

0.82
1.00
0.87
0.82
0.82
0.77
0.77
0.90
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0.27
0.27
0.45
0.27
0.74
0.69
0.84
0.97

1.33s
0.69s
1.03s
0.92s
1.78s
1.73s
6.70s
2.36s

When usual structural alignment techniques
don’t apply
Chantal Reynaud1 and Brigitte Safar1
University of Paris Sud-CNRS (LRI), INRIA (Futurs),
LRI, Building 490, 91405 Orsay Cedex, France
{chantal.reynaud, brigitte.safar}@lri.fr
http://www.lri.fr/~cr
Abstract. This paper deals with taxonomy alignment. It presents structural techniques of an alignment method suitable with a dissymmetry in
the structure of the mapped taxonomies. The aim is to allow a uniform
access to documents belonging to a same application domain, assuming
retrieval of documents is supported by taxonomies.

1

Introduction

Our work focuses on taxonomy alignment techniques. Indeed, we assume that
the description of the content of most todays information systems is often not
very much speciﬁed and is based on very simple ontologies reduced to classiﬁcation structures, i.e. taxonomies. Moreover, we suppose that the structures
of the taxonomies that have to be aligned are heterogeneous and dissymmetric, one taxonomy being deep whereas the other one is ﬂat. In this context, the
approaches which relied on OWL data representations exploiting all the ontology language features don’t apply. Similarity of two entities cannot be identiﬁed
based on their similar properties or on the status of their respective parents
and siblings, because these data are not available. We can only use the following
available data: labels of concepts in both taxonomies, the structure of the deeper
taxonomy and external linguistic resources such as WordNet.
The contribution of this paper is a mapping process composed of a sequence of
various techniques designed to make best use of the characteristics of the taxonomies: very specialized taxonomies with only sub-class links, concepts with
labels which are expressions composed of a lot of words, words common to a
lot of labels. We classify the found mappings into two groups according to their
relevance: probable mappings and potential mappings to be conﬁrmed. The mapping process is generic, usable across application areas. It has been evaluated on
real-world taxonomies and on test taxonomies extracted from a repository about
ontology matching [6]. Experiments showed that the proposed techniques give
very relevant mappings when the aligned taxonomies have the same characteristics as the taxonomies having motivated our approach.

2

The alignment approach

The objective of our approach is to generate mappings between taxonomies. For
us, a taxonomy is a pair (C, HC ) consisting of a set of concepts C arranged in a
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subsumption hierarchy HC . A concept is only deﬁned by two elements: a label
and subclass relations. The label is a string which can be an expression composed of several words. Subclass relations establish links with other concepts.
It is the single semantic association used in the hierarchy. A taxonomy is generally represented by an acyclic graph where concepts are nodes connected by
directed edges corresponding to subclass links. Given two structurally dissymmetric taxonomies, the objective is to map the concepts of the less structured
one, the source taxonomy TS , with concepts of the more structured one, the
target taxonomy TT . The alignment process is oriented from TS to TT . The goal
is to ﬁnd one-to-one mappings. Relations can be of two kinds: equivalence (isEq)
and subclass (isA). So, for each concept cS in TS , we try to ﬁnd a corresponding
concept, cT in TT , linked to cS with an equivalence or a subclass relation.
Alignment is based on the Lin similarity measure [1] computed between
each concept cS in TS and all the concepts in TT . This measure compares the
tri-grams of the labels and has been adapted to take into account the importance
of words inside expressions. From the measurements we compute M C, the set of
mapping candidates of a concept cS in TS . M C includes concepts of TT which
have a high similarity value with cS (only the three most similar concepts b1 ,
b2 , b3 are retained) and Inc, the set of concepts of TT with a label included
in the label of cS . Various techniques (terminological and structural cf.Fig.1)
are then applied in sequence to select the most relevant concept among all the
mapping candidates [3]. We are going to show that the most relevant concept
is not necessarily the one with the highest similarity measure. Terminological
T axoM ap(TS , TT )
1. For each cS ∈ TS do
2.
For each cT ∈ TT do SimLinLike (cS , cT )
3.
M C ← MappingCandidates(cS )
4.
If TerminologicalTechniques(cS , M C) then stop
5.
Else StructuralTechniques(cS , M C)
Fig. 1. The Alignment process

techniques are executed ﬁrst. In default of place, they will not be detailed here.
These techniques lead to mappings which are generally reliable but not always
suﬃciently numerous. Therefore, they are completed by the structural mappings
described in the next section. These latter techniques deﬁne a mapping as a
correspondence between close concepts. If the suggested mapping from cS to cT
is wrong, then the right mapping will be a relation from cS to cT , with cT close
to cT in the taxonomy. It is a guide for the user who will not have to browse the
whole target taxonomy when studying the results of the system.

3

Exploiting structural features

The two techniques presented in this section are structure based techniques
leading to the discovery of subclass mappings. The ﬁrst technique is performed
on TT whose structure is supposed to be the deepest. Then we use W ordN et
[2], exploiting its structure and its semantic relations.
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3.1

Exploiting the structure of the target taxonomy: ST RT

This technique, denoted ST RT , works on M C, the set of mapping candidates of
a concept cS in TS . The idea is to exploit the location of the elements of M C in
TT . Their proximity in the graph is considered to be a semantic proximity. We
therefore try to identify the sub-graph rooted in a node associated to a concept
which is not too general and such that this sub-graph groups a maximum of
nodes of M C. It will represent a relevant context shared by most of the mapping
candidates. We then consider that the involved concept cS may be mapped with a
node of this sub-graph. ST RT relies on the computation of the Lowest Common
Ancestor, LCA, of a set of nodes in a graph, which is the node of greatest depth
which is an ancestor of all the nodes of the set. Our goal is to ﬁnd a LCA
of the elements of M C which is not too high in the taxonomy. However the
LCA node of a set of elements is all quite high in the graph since the elements
are very distant from each other. We propose a measure, the relative density
(DR), to evaluate sub-graphs grouping nodes of a sub-set of M C. For each subgraph rooted in Anc, the LCA node, and grouping M CAnc nodes, we compute
DR(Anc).
DR(Anc) relies on three criteria: (1) the number of elements in M CAnc ,
(2) SimLin Like , the similarity between the elements in M CAnc and cS ,(3) the
distance as the number of edges on the paths from each element of M CAnc to
Anc.

The sub-graph rooted in the Anc with the highest DR is considered to be the
most relevant. CMaxAnc , the node of this sub-graph with the highest similarity
measure, will be the candidate selected for the mapping. If it belongs to Inc,
the set of concepts with a label included into the label of cS , it is suggested as
a possible parent of the involved concept cS . Otherwise, CMaxAnc is proposed
as a possible sibling and its parent (not necessarily Anc) will be suggested as
a possible parent of cS . As an example, Fig. 2 represents the sub-graph of TT
grouping the elements of M C = {b1 , b2 , b3 } ∪ Inc = {beef } for cS = beef adipose
tissue. The node Fresh meat is the LCA for all the elements of M C with a

Fig. 2. Common ancestors and relative density

distance of 7. However, beef is the LCA of three mapping candidates {beef , b2 ,
b3 } with a distance of only 2. DR(beef) is the highest (cf.Fig.2). beef connective
tissue is the node of this sub-graph with the highest similarity value to cS . So beef
adipose tissue will be a sibling of beef connective tissue and linked to beef with a
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subclass relation. Note that this technique avoids mappings with concepts with
a little higher similarity measure but meaningful in a context diﬀerent from the
one common to most of the M C (as b1 in the example).
3.2

Exploiting the structure of W ordN et: ST RW

The techniques seen up till now are not enough if the concepts are similar semantically but not syntactically. So, at that point, we propose to run ST RW . ST RW
relies on the hyperonymy/hyponymy W ordN et structure to ﬁnd the concept of
TT semantically similar to each concept of TS not yet mapped. ST RW will be
able to map, for example, cantaloupe with watermelon which are not synonyms
but two specializations of melon.
Running ST RW assumes that the application root node, denoted rootA , has
already been identiﬁed. It is the most specialized concept in W ordN et which generalizes all the concepts contained in the involved application domain. ST RW
searches WordNet for the hypernyms of each term of TS not yet mapped and of
each term of TT (according to all their senses) until rootA is reached. For example, the result of a search on cantaloupe is two sets of hypernyms corresponding
to two diﬀerent senses.
Sense 1: cantaloupe →sweet melon →melon →gourd →plant → organism →Living thing
Sense 2: cantaloupe →sweet melon →melon →edible fruit →green goods → food

Fig. 3. A sub-graph of Twn where cantaloupe and watermelon are related

Only the paths from the invoked terms to rootA will be selected because they
represent the only senses which are accurate for the application (sense 2 in the
example, the application root node being food ). So a sub-tree, denoted Twn , is
obtained. It is composed of all the terms and the relations of the retained paths
(cf.Fig.3). For each concept cS , ST RW selects in Twn the most similar concept
belonging to TT using W u&P almer’s measure [5].

According to the simW &P measure, the concept that is the most similar to
a node cS is its parent. Moreover, we showed in [3] that the similarity is higher
between cS and any of its siblings or any of the descendants close to its siblings
than between cS and its grandparent, until a depth p that can be computed
for each node cS in function of its depth in the tree. In the same way, we can
compute the depth p’ from which the similarity of the great-grandparent must be
considered, and so on. Using these properties, we proposed an eﬃcient strategy
in [3] which does not require the computation of many similarity measurements.
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4

Experiments and Discussion

Two kinds of experiments have been performed. First, experiments have been
made in the setting of the e.dot project1 , on two real-world taxonomies in the
ﬁeld of predictive microbiology. Second, we applied our techniques on test taxonomies [6]. The latter are not structurally dissymmetric and cover a large domain. The application conditions of the techniques are not achieved but our objective is to make these tests in order to sketch some ideas to do improvements
and to widen the scope of our approach. These experiments have shown where
our speciﬁc strengths and weaknesses are. Whatever taxonomy we aligned, our
approach was able to retrieve almost all the equivalence mappings given with the
taxonomies. Furthermore, its strong point is to propose as a bonus a lot of other
mappings (subclass mappings). Some mappings have a high precision and are
then certain (likely mappings generated by the terminological techniques). Other
ones (potential mappings generated by the structural techniques) are less certain
(low precision) and have to be validated. This conﬁrms the order in the application of our techniques. Concerning the structural techniques, ST RT proved to
be very useful and leads to relevant mappings when concepts have labels composed of a lot of words and when some words are common to many labels. On
the opposite, ST RW is all the more appropriate since the application domain is
small. The real-world taxonomies which have motivated our approach gather all
these characteristics, unlike the others. Better results are then obtained.

5

Conclusion

We described two structural techniques to align structurally asymmetric taxonomies. These techniques are original because diﬀerent from a search of structural similarity in models. They are executed to suggest additional mappings.
These mappings are not certain but they can be a good complement, if human
involvement is possible, as experiments showed. We will continue this work by
adapting and extending our techniques according to the experiment results. Our
ﬁrst objective is to be able to align taxonomies relative to larger application
domains.
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Objective: To investigate the feasibility of deriving an indirect alignment between two ontologies from the two direct alignments of these ontologies to a reference ontology. The three
anatomical ontologies under investigation are the Adult Mouse Anatomical Dictionary (MA),
the NCI Thesaurus (NCI) and the Foundational Model of Anatomy (FMA). Methods: The direct alignment employs a combination of lexical and structural similarity. The indirect alignment simply derives mappings from direct alignments to the reference ontology. Each of the
three ontologies is used, in turn, as the reference and evaluated against the other two ontologies. Results: Number of direct mappings identified: MA-NCI: 715, MA-FMA: 1,353 and
NCI-FMA: 2,173. Number of indirect mappings identified through the reference: FMA: 703,
NCI: 771 and MA: 741. Mappings specific to direct and indirect alignments are presented and
discussed. Conclusions: This study confirms the feasibility of aligning two ontologies
through a reference ontology. We also show that both the number of concepts and the number
of concept names in the reference ontology are important parameters determining the suitability of an ontology to serve as a reference for deriving indirect mappings.

1

Introduction

Mappings among ontologies constitute an enabling resource for applications such as knowledge
sharing and application system communication. In particular, such mappings represent a crucial
component of the Semantic Web in which the semantic annotation of resources will inevitably
draw on multiple ontologies [1]. In previous work, we developed methods for aligning ontologies
of anatomy, including the Foundational Model of Anatomy and the Adult Mouse Anatomical
Dictionary, as well as the representation of anatomical entities in broader ontologies covering
anatomy (GALEN, NCI Thesaurus and SNOMED CT) [2, 3].
While most ontology alignment techniques result in direct, pairwise mappings between ontologies, we have also demonstrated the feasibility of using one ontology as the reference in order to
derive indirect mappings between two ontologies themselves mapped to this reference. More specifically, we developed an indirect mapping between the NCI Thesaurus and the Adult Mouse
Anatomical Dictionary using the Foundational Model of Anatomy as the reference ontology [4].
The indirect mapping through the FMA was evaluated not only against the direct mapping between NCI and MA, but also against a gold standard alignment established manually between
these two ontologies. The main finding of this previous study is that 91% of the matches identified
by the direct alignment were present in the indirect alignment. Additionally, a small number of
matches not present in the direct alignment were identified indirectly. Such additional matches
come from additional synonyms and relations provided by the FMA that are not present in MA or
NCI. In contrast, some matches are specific to the direct alignment, i.e., could not be discovered
through the indirect alignment. Differing coverage and differing representation were identified as
the causes for failure to find these mappings indirectly.
While encouraging, these results also raised the following question. Would we achieve a similar
performance if NCI or MA – not FMA – were used as the reference ontology for deriving indirect
mappings between the other two ontologies? The objective of this study is to examine this issue,
and more generally, to assess the suitability of ontologies to serve as reference in an indirect
alignment setting. To this end, we create three variants of our original experiment, using each of
the three ontologies, in turn, as the reference to derive indirect matches between the other two.
Ontology matching is an active field of research. It is beyond the scope of this paper to give a
detailed account of the various approaches proposed for aligning ontologies. For a survey of such
techniques, the interested reader is referred to [5-9]. The most common approach to aligning ontologies is to create direct point-to-point mappings between concepts across ontologies, using a
combination of lexical and structural methods (e.g., [10]). However, the role of reference ontologies in ontology alignment is also discussed in the literature. [11] suggests that a better solution for
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creating, integrating and maintaining multiple local ontologies is to adopt a global reference ontology and a group of mapping rules between them. IF-MAP [12] is an ontology mapping system
whose goal is to generate an isomorphism between local ontologies (populated with instances by
different communities) and a reference ontologies (unpopulated). In contrast to this approach, we
propose to map the “local ontologies” not only to the reference, but also to themselves, through the
reference. More formally, we use the direct mappings of two ontologies O1 and O2 to a reference
domain ontology OR to derive an indirect mapping between O1 and O2. [13] proposes a similar
approach, but for database integration purposes. Their system builds matchings between local
database schemas and a reference ontology, and then composes these matchings to form mappings
between schemas. Analogously, TAMBIS (Transparent Access to Multiple Bioinformatics Information Sources) uses ontologies to form a global schema over multiple heterogeneous resources
[14]. Here the ontology forms a mechanism for building queries using a common ontological form
which is mapped to each of the underlying resources. More recently, both [15] and [16] addressed
the related issue of missing background knowledge in ontology matching. The former proposes a
fully automatic solution by using semantic matching iteratively, while the latter first aligns the two
ontologies with the background ontology, and then uses the structure of background knowledge to
derive semantic relationships between the two ontologies.

3

Materials

The Adult Mouse Anatomical Dictionary (MA) is a structured controlled vocabulary describing
the anatomical structure of the adult mouse [17]. It comprises 2,404 concepts. Each concept has
one name (e.g., Head/neck and Adrenal artery). Additionally, 240 concepts have a total of 259
synonyms (e.g., Limb has synonym Extremity). The ontology is represented as a directed acyclic
graph whose edges represent the relationships IS-A and PART-OF. Every concept is connected to
others through IS-A or PART-OF relationships. The version used in this study was downloaded on
December 22, 2004 (under the name Mus adult gross anatomy in the Open Biomedical Ontologies 1 ).
The NCI Thesaurus (NCI) provides standard vocabularies for cancer research [18] and its
anatomy class describes naturally occurring human biological structures, fluids and substances.
The ontology is available in the Ontology Web Language (OWL). There are 4,410 anatomical
concepts (accounting for about 12% of all NCI concepts). Every concept has a preferred name
(e.g., Abdominal esophagus). 1,207 concepts have a total of 2,371 synonyms (e.g., Orbit has synonym Eye socket). Except for the root (Anatomic Structure, System, or Substance), every anatomical
concept has at least one IS-A relationship to another concept. In addition, anatomical concepts are
also connected by a PART-OF relationship (named ANATOMIC STRUCTURE IS PHYSICAL PART OF).
The version used in this study is version 04.09a (September 10, 2004).
The Foundational Model of Anatomy (FMA) is an evolving ontology with an objective to
conceptualize the physical objects and spaces that constitute the human body [19]. The underlying
data model for FMA is a frame-based structure implemented with Protégé. 71,202 concepts cover
the entire range of macroscopic, microscopic and subcellular canonical anatomy. In addition to
preferred terms, 52,713 synonyms are provided (e.g., concept Uterine tube has synonym Oviduct).
Every concept (except for the root) stands in a unique IS-A relation to other concepts. Additionally,
concepts are connected by seven kinds of PART-OF relationships (e.g., constitutional part of, regional part of) and their inverses. For the purpose of this study, we considered as only one PARTOF relationship (with HAS-PART as its inverse) the various kinds of partitive relationships present in
FMA. The version used in this study was downloaded on December 2, 2004.

4

Methods

We compare the direct alignment between two ontologies O1 and O2 to the indirect alignment
automatically generated from mapping both O1 and O2 to OR, the reference ontology. In practice,
we perform: 1) three direct alignments O1-O2, O1-OR and O2-OR; 2) the indirect alignment between
O1 and O2 through their direct alignments with OR; and 3) a comparison of the direct alignment
O1-O2 to the indirect alignment obtained through OR. In [4], the FMA was selected as OR, and MA

1

http://obo.sourceforge.net/
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and NCI as O1 and O2, respectively. In the present study, we examine the following two variants:
NCI (OR) with MA (O1) and FMA (O2), and MA (OR) with NCI (O1) and FMA (O2).
4.1

Direct Alignment

Our approach to aligning two ontologies directly first compares terms across ontologies lexically
in order to identify one-to-one concept matches. The second step is the identification of structural
matches. The interested reader is referred to [3] for additional precisions about our method.
The lexical alignment compares two ontologies at the term level, by exact match and after
normalization. Both preferred terms and synonyms in the two ontologies are used in the alignment.
For example, the concepts Heart valve in MA and Cardiac valve (synonym: Heart valve) in FMA
are identified as a match. Moreover, synonymy is used to identify additional matches. For example, Cardiac valve in NCI and Heart valve in MA, although lexically different, are considered a
match because they name the same anatomical concept in the Unified Medical Language System®
(UMLS®) [20].
The structural alignment first acquires the inter-concept hierarchical relationships, IS-A and
PART-OF, and their inverses, INVERSE-ISA and HAS-PART, respectively. Missing relations are generated through complementation, augmentation and inference techniques [3]. Once all relations are
represented consistently, the structural alignment is applied to the matches resulting from the lexical alignment in order to identify similar hierarchical paths to other matches across ontologies. For
example, the match concepts Heart valve in MA and Cardiac valve in FMA exhibit similar hierarchical paths to other matches in these two ontologies, including paths to Heart (PART-OF) and to
Aortic valve and Mitral valve (INVERSE-ISA). Such structural similarity is used as positive evidence
for the alignment. Instead of similar paths, one match may exhibit paths to other matches in opposite directions in the two ontologies. Such paths suggest a structural conflict across ontologies. For
example, in MA Pericardial cavity stands in a HAS-PART relation to Pericardium, while in the
FMA Pericardial cavity is defined as a part of Pericardial sac, which is part of Pericardium.
These conflicts are used as negative evidence for the alignment, indicating the semantic incompatibility between concepts across ontologies in spite of their lexical resemblance.
4.2

Indirect Alignment through a Reference

When a concept cR from OR is aligned with both a concept c1 from O1 ({O1: c1, OR: cR}) and a
concept c2 from O2 ({O2: c2, OR: cR}), the concepts c1 and c2 are automatically aligned ({O1: c1, O2:
c2}). The direct alignment MA-FMA identifies the match {MA: Heart valve, FMA: Cardiac valve
(synonym: Heart valve)}, supported by positive evidence. The direct alignment NCI-FMA identifies {NCI: Cardiac valve, FMA: Cardiac valve}, also supported by positive evidence. Therefore,
{MA: Heart valve, NCI: Cardiac valve} is derived automatically, through the FMA concept Cardiac valve, and supported by positive evidence in both direct alignments.

5

Results

Results for three direct alignments are summarized in section A of Table 1. The alignment NCIFMA yielded the largest number of matches (2,173) and MA-NCI the smallest (715). A very small
number of conflicts was identified in the two direct alignments to FMA; none in the direct MANCI alignment. In the three direct alignments, a vast majority of the matches (> 90%) was supported by positive structural evidence. No evidence (positive or negative) was found for 5-9% of
the matches in three direct alignments. For example, although Elbow joint has relations to other
matches in both MA (e.g., PART-OF Forelimb) and NCI (e.g., PART-OF Skeletal system), none of
these paths are shared.
Results for the three indirect alignments are summarized in section B of Table 1. 703 matches
between MA and NCI, 771 between MA and FMA, and 741 between NCI and FMA were automatically obtained from using FMA, NCI and MA as a reference, respectively. The majority of the
three indirect alignments (88-92%) received positive evidence in both corresponding direct alignments they were derived from. 7-12% of them received no evidence and 0.4-1% received negative
evidence in at least one of the direct alignments.
Taking the three ontologies pairwise, we compared the matches obtained in their direct alignment to the matches resulting from their indirect alignment through the reference. The results of
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these three comparisons are summarized in section C of Table 1. For MA-NCI, 654 matches are
shared by both alignments, leaving 61 matches specific to the direct alignment (accounting for
8.5% of the direct matches) and 49 specific to the indirect alignment through the FMA. For MAFMA, 708 matches are shared by both alignments, leaving 645 matches specific to the direct
alignment (accounting for 47.7 % of the direct matches) and 63 specific to the indirect alignment
through the NCI. For NCI-FMA, 710 matches are shared by both alignments, leaving 1,463
matches specific to the direct alignment (accounting for 67.3% of the direct matches) and 31 specific to the indirect alignment through the MA.
88-89% of the shared matches in the three groups received positive structural evidence in all
three direct alignments, e.g., {MA: Heart valve, FMA: Cardiac valve} in MA-FMA. Moreover,
about 10-11% of the shared matches in the three groups received no evidence in at least one of the
three direct alignments. For example, although linked to other matches in MA (e.g., HAS-PART
Lung) and FMA (e.g., HAS-PART Ear), Body has no hierarchical paths to any other matches in NCI.
This is why the matches of Body received no evidence in the two direct alignments MA-NCI and
NCI-FMA, while receiving positive evidence in direct alignment MA-FMA. Lastly, nearly 1% of
the shared matches in the three groups received negative evidence in one of the three direct alignments. For example, although a concept Nephron exists in the three ontologies, the corresponding
match received negative evidence in the direct MA-FMA alignment (i.e., links to Renal tubule
(synonym: Uriniferous tubule) through HAS-PART in MA but links to Uriniferous tubule through
PART-OF in FMA), while receiving positive evidence in both direct alignments MA-NCI and NCIFMA. Domain knowledge is required to evaluate such matches.
Table 1. Number of matches in the direct and indirect alignments

A

Direct alignment

B

Indirect alignment

C

Shared by direct & indirect alignment
Specific to direct alignment

MA – NCI

MA - FMA

NCI - FMA

715 matches
(91.3% positive evi.)

1,353 matches
(94.8% positive evi.)

2,173 matches
(90.1% positive evi.)

FMA as reference

NCI as reference

MA as reference

703 matches
(92% positive evi.)

771 matches
(88.1% positive evi.)

741 matches
(87.6% positive evi.)

654 matches
61 matches

708 matches
645 matches

710 matches
1,463 matches

49 matches

63 matches

31 matches

91.5%

52.3%%

32.7%

Specific to indirect alignment
D

6

Shared / direct alignment

Discussion

Alignment through a reference ontology is feasible and efficient. This study confirms the feasibility and efficiency of aligning two ontologies through a reference ontology. The proportion of
matches from the direct alignment also identified in the indirect alignment is particularly good
(91.5%) in the alignment MA-NCI with FMA as the reference. Assuming a good reference ontology is available, alignment through a reference is cost-effective: aligning n ontologies requires
n(n-1)/2 pairwise mappings, but only n-1 mappings to a reference ontology. For five ontologies –
which is a small number by Semantic Web standards – the difference already represents a 60%
economy (4 vs. 10).
Suitability as a reference Ontology: Size matters. As shown in section D of Table 1, using
the FMA as a reference resulted in the identification of a vast majority (91.5%) of the direct
matches between MA and NCI. The large size of the FMA and its comprehensive set of synonyms
contributed to this high percentage of mappings [4]. In contrast, when using NCI or MA as the
reference in indirect alignment, only a fraction of the direct matches could be identified. Only one
half (52.3%) of the corresponding direct matches were identified through the NCI and one-third
(32.7%) through the MA as a reference. These findings confirm our intuition that ontologies offering a small number of concepts and a limited number of names for each concept are less suitable
as a reference for deriving an indirect alignment between two ontologies. In the case of MA, for
example, there are only 2,404 concepts and 2,663 names in comparison to over 70,000 concepts
and 120,000 names in the FMA.
Every ontology, large or small, contributes specific indirect matches. Regardless of its size,
as shown in section C of Table 1, every ontology contributes specific indirect matches, i.e.,
matches that are not identified in the direct alignment. For example, using MA as a reference generated 31 specific matches, of which 19 received positive evidence in both direct alignments. For
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example, Glomerular capillary in NCI was not mapped directly to Glomerulus in FMA because
the two terms are not synonyms in either ontology. However, the match {NCI: Glomerular capillary, FMA: Glomerulus} was identified indirectly when using the MA as a reference because
Glomerulus and Glomerular capillaries are synonyms in MA. The match also received positive
evidence in both direct alignments MA-NCI and MA-FMA. This indicates that the MA synonyms,
although in relatively small number, play a significant role in the identification of mappings across
two larger ontologies.
In summary, the most important finding of this study is that deriving an indirect alignment
through a reference ontology is not only feasible, but also reasonably efficient. Moreover, this
study confirms the intuition that both the number of concepts and the number of concept names in
the reference ontology are important parameters determining the suitability of an ontology to serve
as a reference for deriving indirect mappings. These findings are compatible with Burgun’s “desiderata for domain reference ontologies in biomedicine”, including good lexical coverage, good
coverage in terms of relations and compatibility with standards [21].
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Abstract. Bayesian networks (BNs) can capture interdependencies among
ontology mapping methods and thus possibly improve the way they
are combined. Experiments on ontologies from the OAEI collection are
shown, and the possibility of modelling explicit mapping patterns in
combination with methods is discussed.

1

Introduction

Most existing systems for ontology mapping combine various methods for achieving higher performance in terms of recall and precision. Our approach relies on
Bayesian networks (BNs) as well-known formal technique that can capture interdependencies among random variables. A Bayesian network (BN) [3] is a directed acyclic graph with attached local probability distributions. Nodes in the
graph represent random variables with mutually exclusive and exhaustive sets of
values (states). Edges in the graph represents direct interdependences between
two random variables. We believe that this approach can bring additional beneﬁts compared to ad hoc combination of methods, mainly resulting from better
adaptability (training from data within a well-established formal framework).
Two approaches that use BNs for Ontology Mapping have recently been reported. The ﬁrst is OMEN [4], which mainly serves for enhancing existing mappings. Its input are results of another mapping tool, while its output are more
precise mappings as well as and new mappings. Nodes in the BN represent pairs
of concepts that can potentially be mapped. Edges follow the taxonomy given in
original ontologies. The network structure thus mimics that of ontologies themselves, though heuristics for graph pruning are employed in this transformation.
For constructing conditional probability tables (CPTs) for each node meta-rules
are used, such as : “if two nodes match and so do two arrows coming out of these
nodes then the probability that nodes at the other end of the arrows match is
increased”. The second project, BayesOWL ([5]), is rather a framework for ontology mapping than a mapping method per se. The probabilistic ontological
information is assumed to be learnt (in forms of probabilistic constraints) from
web data using a text-classiﬁcation-based learner; this information is translated
to BNs. Mappings among concepts from two diﬀerent ontologies then can be
discovered using so-called evidential reasoning across two BNs.

206

Fig. 1. Example of mapping pattern across two ontologies

2

Modelling Dependencies among Mapping Methods

Our approach diﬀers from prior approaches in the sense that we don’t apply
BN modelling to ontologies or their mappings themselves but rather to diﬀerent
mapping methods. The BNs are assumed to contain nodes (or sub-networks) representing the results of individual methods plus one representing the ﬁnal output.
This will allow us not only to combine the methods (in the probabilistic framework) but also to talk about conditionally in/dependent methods, a minimal
required subset of methods and the like. The mapping methods can have varying degree of granularity: we focus on low-level methods, understood as mapping
justiﬁcations. Moreover, in the work-in-progress part of our research, we account
for mapping patterns encompassing small structural fragments of ontologies. The
patterns will capture, to some degree, similar information as OMEN meta-rules,
we however prefer to model them directly within the BN formalism.
We distinguish among families of methods (string-based, linguistic-resourcebased, graph-based, logic-based etc.) sharing some generic principle and input
resources. Each family encompasses multiple low-level methods; for example, a
string-based method can be built upon diverse string distance measures. We
dedicate a separate node of the BN to each low-level method, viewed here as
mapping justiﬁcation. We believe that such methods are a meaningful target
for BN modelling, as their statistical dependencies are likely to reﬂect plausible
relationships even interpretable by a human.
The notion of mapping pattern is a natural counterpart to that of intraontology (‘design’) pattern [1]. Mapping patterns have been implicitly proposed
by Ghidini & Seraﬁni [2], who even consider mappings among diﬀerent modelling
constructs (such as concept-to-relation). A mapping pattern is, essentially, a
structure containing some (at least one) constructs from each of the two (or
more) ontologies plus some (candidate) mapping among them. The simplest
mapping pattern only connects one concept from each of the two ontologies. An
example of a bit more complex mapping pattern is in Figure 1. The left-hand
side (class A) is from O1 and the right-hand side (class B and its subclass X) is
from O2 . We try to map class A simultaneously to class B and to class X.
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The input to the process of BN training for ontology mapping are positive and
negative examples with results of individual methods (‘mapping justiﬁcations’),
and possibly also the network structure, unless we want to learn it as well. The
positive examples correspond to pairs for which mapping has previously been
established, while the negative ones are (all or a subset of) pairs that have been
identiﬁed as non-matching. Then CPTs and possibly the structure are learnt. In
the phase of using the trained BN, the mapping justiﬁcations for unseen cases
(pairs of concepts) are counted and inserted into the BN as evidence. The result
of alignment is calculated via propagation of this evidence.

3

Experiments

For experiments we choose ontologies from the OntoFarm collection (http:
//nb.vse.cz/~svabo/oaei2006/), which is currently part of the OAEI 2006
setting. It models the domain of conference organisation; individual ontologies
were designed independently by diﬀerent people and based on diﬀerent resources:
personal experience with conference organisation, conference web pages or conference organisation support tools.
We restricted the ﬁrst experiments to ten string distance measures implemented in the SecondString library (http://secondstring.sourceforge.net/:
Levenshtein, Jaro, Jaccard, Char-Jaccard, Smith-Waterman, Monge-Elkan, SLIM,
TokenFelligiSunter, UnSmoothedJS and TFIDF. Because of the local nature
of distance string measures, capturing context by means of mapping patterns
does not seem to bring great beneﬁts; we thus only focused on the combination
of low-level methods. We extracted classes from two ontologies (ekaw.owl and
ConfOf.owl). Our training data consist of 798 pairs, of which 149 were manually labelled as positives and 649 as negatives. They were ‘semi-randomly’ picked
from diﬀerent parts of the ontology; the overall number of possible pairs would
be about 2500 (the product of concept counts in both ontologies). The results
were transformed from the [0, 1] scale to two categories: ‘true’ if the value is over
0.5 and ‘false’ if the value is lower or equal to 0.5.
To learn the BN we use the Hugin tool (http://www.hugin.com/): the structure was trained using the NPC method and CPTs were trained using the EM
algorithm. We learnt two Bayesian networks in this way. The ﬁrst one has been
enforced the naive Bayesian structure, which assumes independence of methods;
only the CPTs were learned from data. For the second network, we also learnt
the structure; in this way we could also explore interdependencies among lowlevel methods. The learnt structure is in Figure 2. From the structure and the
deﬁntion of so-called Markov blanket [3] we can conclude that if we know the
mapping justiﬁcations of TFIDF, Smith-Waterman, Jaccard, Jaro, and SLIM,
other methods do not matter. Methods unrelated to some other method (TokenFelligiSunter and UnSmoothedJS) are not in the BN at all.
To evaluate the performance of each proposed Bayesian classiﬁer we used the
one-leave-out method. For the naive Bayesian classiﬁer, we got the best result
with probability threshold 80%: 73% precision, 60% recall (F-measure was then
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Fig. 2. BN - automatically learnt structure

Fig. 3. Fragment of BN reﬂecting the mapping pattern from Fig. 1

0.66) and 88% accuracy. For the Bayesian classiﬁer with learnt structure we
got 84% precision, 53% recall (F-measure was 0.65) and 89% accuracy as best
result, for whatever threshold between 40% and 70%. Both our classiﬁers outperform trivial classiﬁers that always predict true or false, respectively. Overall,
the Bayesian classiﬁer with learnt structure outperformed the naive Bayesian
classiﬁer. On the other hand, the best individual method (Jaccard) performed
the same as the Bayesian classiﬁer with learnt structure (84% precision, 53% of
recall and 89% accuracy) with threshold around 50%. By this result, we can say
that the combination (using BN) of string distance measures does not bring a
direct beneﬁt. However, the (second) Bayesian classiﬁer is less sensitive to the
change of threshold, while Jaccard moves towards 100% precision but rather low
recall of 23% as soon as the threshold increases to 60%.
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4

Conclusions and Future Work

We suggested to use low-level methods as ‘mapping justiﬁcations’ in order to
train a Bayesian network on a sample of mappings to produce new mappings.
Results of preliminary experiments with string distance measures as low-level
methods are not entirely convincing in terms of performance, which can be explained by strong correlation among these methods; this correlation was actually
discovered when learning the BN structure. The main role of this initial phase
of research was to gain deeper insight into the problems addressed. The possibility to model explicit mapping patterns in combination with methods was also
studied but not yet reﬂected in experiments.
In the future, we plan to employ, in the role of mapping justiﬁcations, not
only string-based (low-level) techniques, but also e.g. graph-based or thesauribased techniques. A more challenging task is however to design BNs reﬂecting the
structure of patterns. Each method (and the ﬁnal result) will be represented with
a set of nodes corresponding to the given pattern. For example, a fragment of
BN reﬂecting the mapping pattern from Fig. 1 is depicted in Fig. 3. It considers
not only the equivalence relation but also the (proper) subsumption relation,
and has four nodes that represent the alignment of each pair and each relation
(equivalence of A and B, equivalence of A and X, subsumption of A and B and
subsumption of A and X). align1 represents the equivalence mapping between A
and B. align1sub represents the subsumption mapping between A a B (B ⊃ A).
align2 represents the equivalence mapping between A a X. Finally, align2sub
represents the subsumption mapping between A a X (A ⊃ X). Edges then
should automatically be learnt for the pairs of nodes align1 and align2sub,
and align2 and align1sub, respectively, due to strict dependencies.
We thank Jiřı́ Vomlel for his assistance with Bayesian Networks. The research
was partially supported by the IGA VSE grants no.26/05 “Methods and tools
for ontological engineering”, no.12/06 “Integration of approaches to ontological
engineering: design patterns, mapping and mining”, and by the Knowledge Web
Network of Excellence (IST FP6-507482).
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Abstract. During the last years we are witnessing how the use of keywords has become the standard input when searching the Web. As opposite to the syntactic searches performed by traditional web search engines, the current research challenge is a semantics-guided information
retrieval. The increasing pools of ontologies available on the Web can
help to discover the semantics of user keywords and this information is
priceless for many tasks, including new semantic search engines.
In this paper we propose a system that takes as input a list of keywords
provided by the user and discovers their possible meanings by consulting the knowledge represented by many (heterogeneous and distributed)
ontologies. These keyword senses are semantically enriched with the synonym terms found during the ontology matching process: A synonymy
measure based on statistics techniques and ontological similarity is used
to integrate senses that are similar enough.

Keywords: Ontology matching for information integration

1

Introduction

Although keyword-based search is a widely used technique for information retrieval, traditional techniques do not consider the speciﬁc semantics assigned by
the user: the same keywords can be used by diﬀerent users with the purpose
of accessing to diﬀerent information. Furthermore, the syntactic-based search
engines are very inﬂuenced by the enormous amount of information about popular issues on the Web, i.e., the keyword “java”: Java as programming language
eclipses the rest of possible senses (the Indonesian island, a coﬀee plant, diﬀerent
US cities, etc). However, ontologies (which oﬀer a formal, explicit speciﬁcation
of a shared conceptualization [5]) can be used to make the semantics of user
keywords explicit without ambiguity. The more ontologies consulted, the more
chances to ﬁnd the semantics assigned to keywords by the user.
In this paper, we propose a system that takes as input a list of plain keywords provided by the user, discovers their semantics in run-time and obtains a
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list of senses extracted from diﬀerent ontology pools; it deals with the possible
overlapping among senses. The main steps of our approach are summarized in
the following:
1. Extraction of Keyword Senses. First, the user keywords are normalized by
a preprocessing step (e.g., rewriting them in lowercase, removing hyphens,
etc.), and in order to discover the semantics of the user keywords, the system
accesses to the shared knowledge stored in diﬀerent ontology pools available
on the Web. The extracted senses are semantically enriched with the ontological senses of their synonyms (which are obtained from the ontology
pool), whenever the system evaluates that the synonym senses matches to
the semantics of the corresponding keyword sense.
2. Alignment of Senses. This process uses an incremental algorithm for the
alignment of the diﬀerent keyword senses in order to remove the possible
semantics redundancy among them. Senses are merged when the estimated
synonymy probability between them is above a certain threshold. The synonymy measure combines a standard string distance metric with a structural
similarity measure that is based on vector space techniques. Thus the result
is a set of diﬀerent possible senses for each user keyword.
For eﬃciency purposes, the system uses sampling and other statistic techniques, as well as parallel processing, whenever possible. The output of our system can be the input for a disambiguation process across keywords [4] or used
to retrieve data once the keyword semantics is known.
The rest of this paper is as follows. In Section 2 we show how the possible
senses of each keyword are obtained and semantically enriched with their synonym senses. In Section 3 we describe the algorithm that computes the synonymy
probability in order to integrate senses when a certain threshold is achieved. Finally, conclusions and future work appear in Section 4.

2

Extraction of Keyword Senses

In this section we provide the details that show the contribution of this paper in
the task of automatically retrieving the possible senses for a set of user keywords.
In order to ﬁnd the ontological terms that match those keywords, the system
accesses to Swoogle [2], other remote lexical resources as WordNet [8] and other
ontologies not indexed by Swoogle are used as well. We advocate using a pool of
ontologies instead of just a single one, like WordNet (as many works do [6, 7]),
because many technical or subject-speciﬁc senses cannot be found in WordNet.
The system builds a sense for each URI obtained with the information retrieved from matching terms in the ontology pool [1]. In our approach, a sense
of a keyword k, denoted by sk , is a tuple sk = <s, grph, descr, pop, syndgr>,
where s is the list of synonym names1 of keyword k, grph describes the sense
1

To extract from an ontology the synonyms of a class, property or individual, the
primitives equivalentClass, equivalentProperty and sameIndividualAs are used, respectively.
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sk by means of the hierarchical graph of hypernyms and hyponyms of synonym
terms found in one or more ontologies, descr is a description in natural language
of such a sense, and pop and syndgr measure the degree of popularity of this
sense (pop is the number of times it appears in the ontology pool and syndgr is
the integrated percentage of synonymy degree). Thus, senses are built with the
information retrieved from matching terms in the ontology pool [1].
As matching terms could be ontology classes, properties or individuals, three
lists of possible senses are associated with each keyword k: Skclass , Skprop and
Skindv . In Figure 1 we show an example of some senses found in the ontology
pool for the user keyword “star”. The system ﬁnds in WordNet two matchings
of keyword “star” as concept/class (s1 and s2), and one matching in the Travel
Ontology2 as property of class “hotel” (s3). Notice that each sense is initialized
with a popularity=1 and a synonymy degree=1.

celestial body
class
s1star =

< {WN#star}, star "(astronomy) a celestial body of hot gases that...", 1, 1 >
binary star ... supernova
actor

class
s2star =

< {WN#star, WN#lead, WN#principal}, star , "an actor who plays a principal role", 1, 1 >
co−star ... film star
domain (hotel)

prop

s3star = < {TravelOntology#star}, star , "", 1, 1 >

Fig. 1. Some senses of keyword “star” extracted from the ontology pool

Each keyword sense is enhanced incrementally with the synonyms terms extracted from the ontology pool. Therefore our system takes advantage of the
shared ontologies available on the Web and semantically enriches the keyword
senses with senses extracted from their synonyms. The synonym names are stored
in the sense structure shown before, which gets upgraded everytime the sense is
integrated with a (very similar) sense coming from other ontology. In order to
evaluate the semantic similarity between the sense of a keyword and their synonyms, the system performs a sense alignment process (detailed in Section 3)
which determines whether the semantics of the keyword sense and each synonym
sense found represent the same semantic or not. After discarding the synonym
senses that do not enrich the corresponding keyword sense, the result is a list of
diﬀerent possible senses for each keyword.
This process can be limited in time; obtaining the senses is executed in parallel for each keyword; within that task, the semantic enrichment of each keyword
sense with its synonym senses is performed in parallel too.
2

http://learn.tsinghua.edu.cn:8080/2003214945/travelontology.owl
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3

Alignment of Senses

We explain in this section the sense alignment process, which is used in two
situations by our system: 1) to check which synonym senses represent the same
semantics as their keyword senses, and 2) to avoid redundancy in the list of
possible senses of each user keyword. However both tasks share a common goal:
to ﬁnd when two given senses represent very similar semantics; in that case they
will be considered synonyms and both senses will be integrated3 .
In order to decide if two senses must be integrated (as a single sense) or
not, the system computes their synonymy probability. Thus the system avoid
redundancy among the possible senses of a keyword. At present, several solutions
to determine the matching among ontological terms of distinct ontologies have
been proposed, see [9] for recent surveys. Our approach computes coeﬃcients
of synonymy degree in the [0,1] range, however other approaches as semantic
matching [3] can be used as well.
The synonymy measure used relies on both linguistic and structural characteristics of ontologies. The following steps are performed: 1) an initial computation using linguistic similarity, which consider labels as strings, 2) a recursive
computation using structural similarity, which exploits the semantics of terms
(ontological context) until a certain depth, and 3) the above values are combined
to obtain the resultant synonymy measure.
Our proposal for sense alignment is not just a comparison between two senses
but an iterative process, which improves the quality and eﬃciency of ontology
matching and enables the reuse of new discovered senses. In other words, each
new integrated sense must be considered as candidate to integrate with the
rest. For the same reason, new senses that do not integrate are stored because
they could become the missing semantic gap between two senses. Although this
method is costly (we limit its execution time), it performs a much better ontology
alignment among senses. Due to space limitations, we do not detail this process.
In a variety of approaches, the similarity measure is only calculated among
ontological terms that plays as classes. However, unlike another works, we propose a way to obtain the synonymy probability according to the type of senses
that we compare. Details about this process is available in [1] as it not the main
goal of this paper.

4

Conclusions

In this paper we have presented a semantics-guided approach to discover the possible senses for a set of keywords, by searching and extracting relevant knowledge
from diﬀerent ontology pools; ontology matching and synonymy estimation techniques are used to merge senses considered similar enough. The main features
of our proposal are the following:
3

The integration process that we propose can be found in [1].
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1. It uses an iterative approach to retrieve from diﬀerent knowledge repositories
the possible senses of each user keyword, in a parallel manner. A sense is
represented basically as the (multi)ontological context of a term, and the
system is able to deal with senses corresponding to diﬀerent kind of ontology
terms (classes, properties, and individuals).
2. It considers not only the senses corresponding to ontology terms syntactically
matching the user keywords but also the senses of ontology terms matching
the synonyms of the user keywords, recursively, in order to semantically
enrich the keyword senses retrieved within a certain synonymy threshold.
3. It measures the synonymy degree between two senses by considering their
linguistic and structural similarity. Statistical techniques like sampling and
parallel processing are used to improve the performance of this process.
We believe that this technique to ﬁnd out the semantic diﬀerent between
senses (subsets of ontologies) can be applied to many ﬁelds. As example, we are
currently working on using the retrieved senses to generate queries expressed in
a knowledge representation language to retrieve data corresponding to the user
keywords.
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Abstract. This paper focuses on P2P based data management and semantic mediation. We propose an approach based on a P2P for semantic
interoperability of information sources that aims to combine the advantages of semantic mediation and peer-to-peer systems. It is based on a
pure P2P with super peer architecture consisting of two types of peers.
The super peer contains a reference ontology, which provides a common ontology (CO) of the domain. The peer contains export schema
(ES), which represent local data. The approach based on semantic agreement between CO and ES, which called half agreement (HA). The halfagreements utilize for discovery sources and exchange information among
peers.

1

Introduction

Eﬀective information and services sharing in distributed such as P2P based environments raises many challenges, including discovery and localization of resources, exchange over heterogeneous sources, and query processing. Traditional
approach does not scale well when applied in dynamic distributed environments
and has many drawbacks related to the large numbers of sources.
Several applications of P2P networks can be distinguished, ranging from
content sharing applications (e.g. Napster, Gnutella) to distributed computing
applications (e.g. SETI@home, Avaki) and development support platforms (e.g.
JXTA). Generally, two main categories of P2P systems can be distinguished.
Unstructured P2P systems organize peers in networked spaces. Each peer controls and maintains its shared data. User queries are based on (1) centralized
directory models where one or more servers are used to record and locate data,
or (2) a query routing model that essentially ﬂoods the network to determine
relevant peers that are likely to contain the requested data. By contrast, structured P2P architectures organize data in a key spaces divided into segments.
User queries are based on a Distributed Hashing Table (DHT) built on the top
of the overlay structure of peers.
Survey on schema matching [1, 2] explained the general approach of schema
matching based on terminology, structural and semantic. Kolfoglou [3] delivered
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state of the art ontology mapping, which consider some component in framework,
methods, tools, translators, mediators, techniques and theoretical.
We propose an approach based on a P2P for information interoperability that
aims to combine the advantages of semantic agreement and peer-to-peer systems.
Main our contribution is how to create and implement peer semantic agreement
for discovery process. The main diﬀerence of our approach to Remindin [4] and
expertise-based [5] is in calculation of related peers based on similarity of halfagreement (semantic agreement) by calculating BindingValue.
The paper is organized as follows: section 2 presents the peer agreement based
semantic approach. Section 3 presents an example. Finally, section 4 concludes
the paper.

2
2.1

Peer Agreement Approach
Overview

A P2P system
=< P, A > is a set P = {P1 , ..., Pn } of peers and a set A
of agreements. Two types of peers can be distinguished in the approach. First,
Super peers (SP) are used to maintain common ontology of a community. Peers
(PP) represent another type of peers that provide or search information.
Figure 1 depicts the general processes of information exchange at P2P as
follow: (1) publish: peers can publish their description of the features of the data.
In our approach, the publishing will introduce with preprocessing which called
half agreement. (2) request: a peer send a request to ﬁnd appropriate sources for
his query. The searching based on relevant advertisement among the currently
available peers. The peer can broadcast his half agreement to candidate peers
and calculate similarity concept between query and sources. (3) bind: interest
parties can create mapping composition based on their half agreement.
2.2

Semantic Similarity of concepts

Our approach utilizes available approaches that based on:
– Label Matching, a label has a part value of semantic, which presented at
taxonomy model such as WordNet [6]. There are two steps at label matching
[7]. First, a language preprocessing step is used to transform the labels into
words prior to linguistic analysis. For example, this step can be used to
expand abbreviations and reduce article such as the, a. Next, the labels are
matched by determining relations between them. This can be done based on
WordNet relations. The WordNet [8] is a brad coverage lexical network of
English words. Wu-Palmer (WUP) and Jiang-Conrath (JNC) methods are
utilized for the WordNet and combined with threshold value.
– Internal structure, a ’language’ attribute [9, 10] is property label of the language such as owl:cardinality, rdfs:label. The similarity value between two
entities is derived by the ratio between numbers of similar properties over
the maximal number of both entities.
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Fig. 1. Publish, Request and Bind in P2P

– The external structure takes into account the position of a concept in a
hierarchy. The method refers to upward cotopic distance [11] which compares
the similarity of the set of superclasses.
2.3

Semantic Agreement

i
,
An agreement unit deﬁnes one-to-one or one-to-many mappings between (CCO
j
i
i
{CES }) where CCO is an ontology and CES is an export schema concept. An
agreement unit encapsulates three main components that are described by RDF/
OWL schemas: (1) an ontology concept, (2) a fragment of an export schema, and
(3) the logical mapping function that link the two components. Set of agreement
unit is called half-agreement. Full agreement is a composition of half agreement
between two peers. A half-agreement unit is represented as tuple:
m
n
n
ID
, typem
>
< SM CID , {COSP
SP } , {ESP P , typeP P } , μ

(1)

where SM CID is a unique agreement identiﬁer; m=1..mmax , is the number of
m
is the m-th concept of the super peer; typem
concepts of a Super Peer; COSP
SP
m
is the type of COSP
which can be class or property; ESPn P is the n-th concept
of the export schema of PP; typeiP P is the type of ESPn P which can be a class
or a property; n=1...nmax is the number of concepts in the peer; μID is a logical
mapping function for resolving semantic heterogeneities between the super peer
and the peer.
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Fig. 2. Peer contents (fragments of ontology and export schema)

2.4

Discovery Resources

Discovery appropriate peers, which can respond a query is important issues. In
our approach, the discovery processhas steps as follow: (1) a peer that requests
information can utilize metadata information at super peer. The main purpose
to get list of active peers. (2) Then, the peer as request sends his half agreement
to the selected peers as sources. The sources peer will calculate BindingValue
between their half agreements to half agreement of the peer. The calculation
is based on similarity of concept. (3) Result of calculation matchmaking will
be sent from sources to the peer. Refer to second step the request peer can
ask to appropriate class and his properties. (4) After third step, appropriate
sources peers have been selected, then request peers send a query to sources
using mapping composition of two half agreement.
Result of half agreement between P Pn to SP can be utilized to make direct
mapping between peers. The approach of mapping composition based on inverse
mapping as follow: ΩES1 →ES2 = Ω1 ∗ Ω2 −1 . Result of mapping composition is
called full agreement unit.

3

Example

This example illustrates the steps for discovery sources using the general strategy
of the agreement unit approach. Consider the peers PP1 and PP2 as providers
and the fragments of ontology and export schemas shown in ﬁgure 2. Furthermore, assume that the two peers characterize roads diﬀerently. One peer PP1
classiﬁes road according to speed limit while peer PP2 characterizes road according to size of road. Now consider a peer which characterizes roads by type
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(primary, secondary and so on) and which queries both peers PP1 and PP2 for
a list of secondary street in an area. After developing of half agreement and look
at meta information at super peer, the peer as request send his half agreement
to PP1 and PP2. PP1 and PP2 calculate BindingValue. BindingV alue = /π,
where  = number of similar concept between request and provider peer, π =
number of concept at request peer. PP2 will be selected as the interest parties because BindingValue of PP2 higher than threshold value (BindingValue of
PP1=0/1, BindingValue of PP2=1/1). Result of discover can be continued to
develop mapping composition and query process.

4

Conclusion

XMLS, RDFS and OWL and other ontology developments oﬀer facility to enrich
semantic description at P2P environment. We proposed a semantic agreement
approach based on concept similarity values that take into account the place of
a concept in a hierarchy and its structure consisting of directly linked properties
and concepts. We utilize available approach of semantic mapping to develop half
agreement. Result of half agreement can be utilized for discovery resources, mapping of concept between peers and handling of query to exchange information.
In the future work, we will focus on ﬁnalizing the architecture and prototype
system to enhance negotiations between provider peer and a peer

References
1. Rahm, E., Bernstein, P.A.: A Survey of Approaches to Automatic Schema Matching. The VLDB Journal 10 (2001) 334–250
2. Shvaiko, P., Euzenat, J.: A survey of schema-based matching approaches. J. Data
Semantics IV 3730 (2005) 146–171
3. Kalfoglou, Y., Schorlemmer, M.: Ontology Mapping: The State of the Art. In:
Semantic Interoperability and Integration. (2005)
4. Tempich, C., Staab, S., Wranik, A.: Remindin’: semantic query routing in peer-topeer networks based on social metaphors. In Feldman, S.I., Uretsky, M., Najork,
M., Wills, C.E., eds.: WWW, ACM (2004) 640–649
5. Siebes, R., Haase, P., Harmelen, F.v.: Expertise-Based Peer Selection. In: Semantic
Web and Peer-to-Peer Decentralized Management and Exchange of Knowledge and
Information. Springer (2006) 125–142
6. Lin, D.: An information-theoretic deﬁnition of similarity. In Shavlik, J.W., ed.:
ICML, Morgan Kaufmann (1998) 296–304
7. Giunchiglia, F., Shvaiko, P.: Semantic Matching. Technical Report DIT-03-013,
University of TN (2003)
8. Budanitsky, A., Hirst, G.: Evaluating wordnet-based measures of lexical semantic
relatedness. Computational Linguistics 32(1) (2006) 13–47
9. Euzenat, J., Valtech, P.: Similarity-Based Ontology Alignment in OWL-Lite. In:
ECAI. (2004) 333–337
10. Bach, T.L., Dieng-Kuntz, R.: Measuring Similarity of Elements in OWL DL Ontologie. Technical Report ACACIA Project, INRIA Sophia Antipolis (2002)
11. Euzenat, J., Le Bach, T., Barasa, J., etc: D2.2.3: State of the art on ontology
alignment. Technical Report IST-2004-507482, knowledgeweb (2004)

220

An Ontology Mapping Algorithm between
Heterogeneous Product Classification Taxonomies
Wooju Kim1, Sangun Park2, Siri Bang3, and Sunghwan Lee4
1,3,4

Department of Information and Industrial Systems Engineering, College of Engineering,
Yonsei University, 134, Shin-Chon Dong, Seoul, South Korea
{wkim@yonsei.ac.kr,feeljazz@nate.com,siri27@nate.com}
2
The u-City Research Institute, Yonsei University, 134, Shin-Chon Dong,
Seoul, South Korea {sangun.park@gmail.com}

Abstract. Research on ontology merging and mapping is one of the most important issues in the Semantic Web because ontologies are developed and used
by various sites and organizations respectively. Electronic commerce is the area
that require ontology mapping on product comparison over different product
classification taxonomies of various shopping malls. But, a strict mapping strategy may lead a customer’s configuration to search failure. Therefore we suggest a mapping algorithm for product matching that can provide more products
by increasing sensitivity with reasonable decrease of specificity. We performed
a comparative evaluation between our algorithm and PROMPT with 6 experimental sets.
Keywords: Semantic Web, Ontology Mapping, e-Commerce, Information Retrieval

1 Introduction
Research on ontology merging and mapping is one of the most important issues in the
Semantic Web environment because ontologies are developed and used by various
sites and organizations respectively. In electronic commerce area, each shopping mall
has its own vocabulary and product hierarchy that cause a semantic interoperability
problem [8]. Gathering and merging product information from tremendous shopping
malls in most product comparison sites depends on manual work by human. But, it is
extremely inefficient to manage promptly changing information about products. That
is, electronics commerce is the domain which essentially needs automatic ontology
mapping on product names and attributes for efficient product search over multiple
shopping malls.
Most research on ontology mapping [1][3] focuses on precision because incorrect
matching among different ontologies can cause severe problems. PROMPT [5] is one
of the approaches that adopt such conservative strategies with exact matching. But,
product search in comparison shopping requires more flexible mapping between
user’s configuration and products. According to the Boston Consulting Group [7],
48% of all users have experienced unsatisfactory search results on desired products
and 28% of all product purchase tryouts could not reach purchase because of search
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failure. A strict mapping strategy that may involve search failure is not desirable
because customers want rich information on products. Therefore, our research objective is to increase the number of matched products with the customer’s configuration
in automatic product mapping compared to the other ontology mapping approaches.
This can be achieved by increasing recall rate with reasonable decrease in precision.

2 Sensitivity and Precision
Precision can be calculated by dividing the number of correctly matched terms by the
number of all matched terms [2]. Therefore, if one wants to enhance precision, the
best way is to minimize incorrectly matched terms. That is the reason that most approaches of ontology mapping adopt conservative and strict strategies. Meanwhile,
sensitivity divides the number of correctly matched terms by the number of terms that
should be matched [2]. Strict matching strategies try to increase precision as much as
possible in spite of low sensitivity. But, those strict strategies are not desirable in
comparison shopping as we mentioned in Section 1. Specificity is used with sensitivity together for classification performance measures and calculated by dividing the
number of correctly not matched terms by the number of terms that should not be
matched [2]. If we try to increase sensitivity by matching more products, specificity
can be worse because correctly non-matched terms will decrease. Therefore, we use
sensitivity and specificity in the performance evaluation and comparison of our algorithm and PROMPT.
Then, how to increase sensitivity compared to exact matching? The easiest way is
using synonyms from WordNet [4]. By matching all synonyms of the given product,
we can match more products and increase the chance of matching more correct products. But, it can also decrease precision. So, using synonym alone is not recommendable. In WordNet, a word has different senses and each sense has its own synonyms.
If we can choose an appropriate sense of the given product from WordNet, it is possible to prevent precision from dropping too much by narrowing the synonym range.
In this paper, we propose an ontology mapping algorithm for product matching based
on above idea.

3 Product Matching through Ontology Mapping
3.1 Word Sense Disambiguation for Product Categories
Selection of an appropriate sense for a given product is important in order to keep
precision at a reasonable level. If we use synonyms of all senses of the product, it will
decrease precision because incorrect matching can increase. But, word sense disambiguation can enhance precision. The basic idea of word sense disambiguation is
comparing a product hierarchy and hypernym hierarchies of senses of the product in
WordNet. The sense notebook that is a computer has a different hypernym hierarchy
with that of a book for notes as shown in Fig. 1. By comparing the product hierarchy
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of ODP (Open Directory Project) [6] in the left column of Fig. 1 and hypernym hierarchies in WordNet of the right column, we can choose a proper sense for notebook.
The first step of disambiguation is searching for hypernyms from a hierarchy of a
sense that match with upper categories of the product as shown in the formula (1).
CS() returns a set of hypernyms that match to a given upper category x from a given
sense hierarchy p.

cs x, p

{h | h  SYNSETS x and h  hypernyms p }

(1)

where x is an upper category of the product hierarchy

Fig. 1. A Product Hierarchy of ODP and Corresponding Hypernym Hierarchies in WordNet

The next step is calculating a measure represents the similarity between an upper
category and a sense. If a matching hypernym is close to the sense, then the similarity
is high because a closer hypernym is more important. The function hypernymproximity() returns the similarity by calculating a minimum distance between the matching
hypernym and the base node of the sense in the hypernym hierarchy as shown in (2).

hypernymproximity ( x , p )

1

°
® Min _ dist (cs ( x , p ), base)
°̄
0

if cs ( x , p ) z I
otherwise

½
°
¾
°¿

(2)

The last step is calculating similarity between a product and senses. The function
pathproximity() adds all hyperproximity of a given sense and divides it by the number
of nodes of the product hierarchy as shown in (3).

¦ hypernymproximity x, p

pathproximity ( p )

xupper _ categories base

n
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(3)

3.2 Generation of Candidates for the Best Matching Category Path
Once we found an exact sense for the product from WordNet, the next step is to
search for the candidates for the best matching category path from a target ontology.
After the completion of search, we need to delete redundant categories of the product.
To do this, the algorithm generates serial hierarchies of the categories by extracting
all upper categories.
3.3 Choice of the Best Matching Product Category
To choose the best matching product category, we designed two measures for the
calculation of similarities between the given product hierarchy and candidates. One is
co-occurrence and the other is order-consistency. The measure, co-occurrence is the
ratio of the number of common categories between a source hierarchy and a target
hierarchy to the number of categories of the target hierarchy. However, cooccurrence is not enough to represent similarity because co-occurrence cannot measure orders of categories in the hierarchy. The other measure, order-consistency compares this order of categories. The final similarity between a source product and a
target product is the average of co-occurrence and order-consistency. We choose a
threshold on the similarity to determine whether we match the source product with
the target product or not. We expect that the matching result will be changed by controlling not only the ratio of co-occurrence and order-consistency to the similarity but
also the threshold.

4 Empirical Evaluation and Results
In this section, we compare the mapping results between our algorithm and PROMPT.
PROMPT compares two different taxonomies and automatically recommends the
matching terms by using synonyms [5].
To conduct an experiment, we selected two well-known shopping malls –
Amazon.com and Buy.com – and ODP [6]. We constructed product ontologies from
Amazon.com, Buy.com, and ODP respectively for our experiment. The product ontology of Amazon.com consists of 136 nodes, Buy.com consists of 225 nodes, and
ODP consists of 133 nodes. A set of the experiment consists of one source ontology
and one target ontology. Therefore, there are 6 sets in the experiment.
Table 1. Performance Results on Sensitivity and Specificity
Experimental Set
Amazon Æ Buy
Amazon Æ ODP
Buy Æ Amazon
Buy Æ ODP
ODP Æ Amazon
ODP Æ Buy
Average

Sensitivity
Our Algorithm
PROMPT
96.9%
61.7%
93.3%
25.7%
93.5%
56.0%
97.2%
40.6%
92.9%
36.0%
85.7%
60.9%
93.3%
46.8%
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Specificity
Our Algorithm
PROMPT
56.4%
91.1%
78.9%
84.5%
61.0%
94.8%
69.5%
89.6%
50.5%
88.1%
70.5%
84.7%
64.5%
88.8%

Table 1 shows the performance results on sensitivity and specificity. On average,
sensitivity of our algorithm is better than PROMPT by 46.5% and worse by 24.3%. It
shows that our objective is successfully achieved. The maximum and minimum differences of sensitivity are 67.6% and 24.8% respectively while the maximum and
minimum differences of specificity are -37.6% and -5.6% respectively.

5 Conclusion
In this paper, we proposed an ontology mapping algorithm that provides efficient
product matching between heterogeneous product classifications. And we performed
a comparative evaluation between our algorithm and PROMPT with 6 experimental
sets. The experiment results showed that our algorithm is more effective than
PROMPT in product comparison of the electronic commerce domain.
There is an interesting future research issue. Sensitivity and specificity can be
changed by controlling not only the ratio of co-occurrence and order-consistency to
the similarity but also the threshold as we described in Section 3. We expect that we
can find the optimal values of the parameters – the ratio and the threshold. We are
planning to conduct experiments finding the optimal values.
Acknowledgments. This research was funded mainly by the Ministry of Information
and Communication in Republic of KOREA - National Project (Project management
of Institute for Information Technology Advancement).
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7LP0XVJURYH
7H[W'LJJHU,QF
9LQH\DUG7RZQ&HQWHU
0RUJDQ+LOO&$86$
WPXVJURYH#WH[WGLJJHUFRP

$EVWUDFW $ GRFXPHQW WD[RQRP\ DOLJQPHQW PHWKRG UHO\LQJ RQ GRFXPHQW
JORVVHVDQGXWLOL]LQJDVRIWRQWRORJ\ H[SDQVLRQHQDEOHVXVWRGHYLVHVRPHDOO
QHZ KLHUDUFKLFDO OHDI QRGHV IRU WKH SXUSRVH RI EHWWHU DOLJQLQJ D SOXUDOLW\ RI
GRFXPHQWWD[RQRPLHV

 ,QWURGXFWLRQ
,QRXUSDVWZRUNRIPDSSLQJGLIIHUHQWGRFXPHQWWD[RQRPLHVZHIUHTXHQWO\ZHUHOHIW
ZLWKVRPH³LVRODWHGQRGHV´LHFDWHJRULHVRIGRFXPHQWVVHHPLQJWRKDYHQRFRUUHODWH
LQWKHRWKHUWD[RQRPLHV$QH[DPSOHZDVLQWKH$UFKHU\FDWHJRU\RQ<DKRRWKHVXE
FDWHJRU\RI³.\XGR´ WUDGLWLRQDO-DSDQHVHDUFKHU\ 7KHUHZDVQRHTXLYDOHQWWRWKLV
FDWHJRU\ RQ'02=RU$ERXWFRPWKHWZR WD[RQRPLHVZHZHUHKRSLQJWRFRUUHODWH
+RZHYHU D VRIW RQWRORJ\ H[SDQVLRQ ZH KDG GHYLVHG WR DVVLVW LQ WKH PDSSLQJ
PHDQZKLOHSURGXFHGQXPHURXVFDQGLGDWHRQWRORJ\QRGHVVXFKDV³FRDFKLQJWUDLQLQJ´
RU ³FRPSHWLWLRQVWRXUQDPHQWV´ DQG LQ WKLV SDUWLFXODU FDVH ³WUDGLWLRQDO DUFKHU\´
:KLOH QRW D QRGH LQ DQ\ RI WKUHH UHIHUHQFH WD[RQRPLHV ³WUDGLWLRQDO DUFKHU\´
QRQHWKHOHVV DSSOLHG WR D JUHDW QXPEHU RI GRFXPHQWV LQ DOO WKUHH DQG HVSHFLDOO\ LQ
<DKRR¶V³.\XGR´FDWHJRU\+DYLQJXVHG'02=DVRXU³PDVWHUWD[RQRP\´ZHQRW
RQO\ DGGHG³WUDGLWLRQDODUFKHU\´WRLW EXW GHYLVHGD PHWKRG RIDXWRPDWLFDOO\ DGGLQJ
HYHU\ RWKHU VLPLODU H[DPSOH ZLWK WKH UHVXOW RI DGGLQJ WKHVH QHZ QRGHV 7UDGLWLRQDO
$UFKHU\&RDFKLQJ 7UDLQLQJ(TXLSPHQW *HDU6WRULHV 'LVFXVVLRQ
7KH ILUVW RI WKHVH ³WUDGLWLRQDO DUFKHU\´ LQFOXGHG DV D FKLOG QRGH  DOO WKH .\XGR
GRFXPHQWVSOXVQXPHURXVGRFXPHQWVIURPWKHRWKHUWZRLQGLFHVDOORIZKLFKSHUWDLQ
WR WUDGLWLRQDO IRUPV RI DUFKHU\  6LQFH WKHUH DUH RWKHU WUDGLWLRQDO IRUPV RI DUFKHU\
VXFK DV PHGLHYDO (XURSHDQ IRUPV  EHVLGHV .\XGR LW PDGH VHQVH WKDW .\XGR EH
VXEVXPHGLQWKH QHZQRGH :HIRXQGWKDW LWZDVUDWKHUVWUDLJKWIRUZDUGWR GHYLVH D
KHXULVWLFIRUDXWRPDWLQJWKLVDGGLWLRQRIQRGHVDFFRUGLQJWRWKHIROORZLQJKHXULVWLF
 )LQGDQH[SDQGHGFRQFHSWWKDWLVLQVWDQWLDWHGGLVSURSRUWLRQDWHO\LQWKH
GRFXPHQWJORVVHVRIDQXQPDSSHGQRGH
 7HVWLIWKDWQRGHLVLQVWDQWLDWHGDOVRLQQXPHURXVGRFXPHQWVQRWFODVVLILHGDW
DOHDIQRGHLQDSOXUDOLW\RIWD[RQRPLHV
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 ,IVXFKDQRGHLVIRXQGWKHQFUHDWHDQHZQRGHZLWKWKDWFRQFHSWDQGSODFH
WKHUHOHYDQWGRFXPHQWVXQGHULW
,Q RUGHU WR H[SODLQ KRZ WKLV ZDV DFFRPSOLVKHG ZH ZLOO RXWOLQH   RXU JHQHUDO
DSSURDFK WR WD[RQRP\ QRGH DOLJQPHQW E\ VHPDQWLF UHVHPEODQFH   RXU FRQFHSWLRQ
RI D VRIW RQWRORJ\ H[SDQVLRQ   WKH ZD\ LQ ZKLFK UHVXOWV RI WKH VRIW RQWRORJ\
H[SDQVLRQFDQEHOHYHUDJHGWRFUHDWHQHZQRGHVDVGHVFULEHGDERYH

 7D[RQRP\DOLJQPHQWE\VHPDQWLFUHVHPEODQFH
2QH DSSURDFK WR WD[RQRP\ DOLJQPHQW LV WKH LQWHQVLRQDO PHWKRG ZKLFK H[DPLQHV
WKH VHPDQWLFV RI WKH QDPHV RI WKH QRGHV DQG WKH WLWOHV RI GRFXPHQWV DV ZHOO DV WKH
JORVVHV DSSOLHG WR WKRVH GRFXPHQWV E\ WKH WD[RQRP\ HGLWRUV  :H DSSOLHG VXFK D
PHWKRGWRKXPDQFUDIWHGGRFXPHQWWD[RQRPLHVEHDULQJVKRUWJORVVHV7KHVHJORVVHV
DUH PHDQW WR VXPPDUL]H ZKDW WKH GRFXPHQWV DUH DERXW DQG ZKDW GLIIHUHQWLDWHV HDFK
RQHIURPRWKHUVLQWKHVDPHWRSLFKHQFHWKH\DUHREYLRXVO\YDOXDEOHWRRXUWDVN
:HWDNHWKHFRQWHQWZRUGVRIWKHGRFXPHQWWLWOHVDQGJORVVHVDVZHOODVELJUDPV
FRQWDLQLQJDWRSLFZRUGLQDQ\GHULYHGIRUP HJLQWKHDUFKHU\FDWHJRU\ZHZRXOG
WDNH ³ILHOG DUFKHU\´ DQG ³DUFKHU¶V XQLRQ´ LQ DGGLWLRQ WR VLQJOH ZRUGV VXFK DV
³DUURZV´DQG³ERZV´ :HWKHQFKHFNWRVHHZKLFKRIWKHVHPD\EHFORVHO\UHODWHG
E\ VHPDQWLF UHVHPEODQFH  )RU PHDVXULQJ VHPDQWLF UHVHPEODQFH ZH WHVW IRU
³VHPDQWLFSUR[LPLW\´LQ:RUG1HWZKLFKZHGHILQHDVKDYLQJDPD[LPXPGLVWDQFHRI
LQWKH:RUG1HWKLHUDUFK\ZLWKWKHDGGLWLRQDOOLPLWDWLRQV
2QO\V\QRQ\PVK\SRQ\PVK\SHUQ\PVDQGVLVWHUWHUPVDUHWREHFRQVLGHUHG
6LVWHUWHUPVDUHFRQVLGHUHGSUR[LPDWHRQO\LIWKH\VKDUHPXOWLSOHFRQWHQWZRUGV
LQWKHLUJORVVHVDQGRUH[DPSOHVHQWHQFHVLQ:RUG1HW
+\SHUQ\PVDUHLQFOXGHGRQO\LIWKH\DUHDWOHDVWOHYHOVGRZQLQWKH:RUG1HW
KLHUDUFK\IURPWKHURRW
1RWH WKDW WKLV LV VLPLODU WR /HDFRFN   LQ WKDW LW FRQVLGHUV WKH GHSWK RI WKH
WD[RQRP\ DV FRXQWLQJ WRZDUG VHPDQWLF QHDUQHVV WKRXJK RXU LPSOHPHQWDWLRQ LV
KHXULVWLFUDWKHUWKDQVWDWLVWLFDO 6LQFHRXUDSSOLFDWLRQLVWR:HEGRFXPHQWVZHIRXQG
LWQHFHVVDU\WRLJQRUHFHUWDLQZRUGVWKDWDUHH[FHVVLYHO\IUHTXHQWDFURVVDOOFDWHJRULHV
DQG KHQFHQRW XVHIXOVXFKDV³SKRWRV´³FRQWDFWGHWDLOV´³VLWH PDS´HWF  7DEOH 
VKRZVDQRXWOLQHRIRQHRIRXUFDVHVWXGLHV
7DEOH&RPSDULVRQRI$UFKHU\LQ'02=<DKRRDQG$ERXWFRP
'02=
&KDWV )RUXPV
&OXEV $VVRFLDWLRQV
(TXLSPHQW0DQXIDFWXUHUV
)RU.LGVDQG7HHQV
*XLGHV 'LUHFWRULHV
1HZV 0HGLD
3HUVRQDO3DJHV
7RXUQDPHQWV (YHQWV

<DKRR
%RZ+XQWLQJ
&OXEV 2UJDQL]DWLRQV
&RPSHWLWLRQV
*HDU ,QVWUXFWLRQ
.\XGR
0DJD]LQHV
1DWLRQDO7HDPV
:HE'LUHFWRULHV

$ERXWFRP
6KRSIRU$UFKHU\ %RZKXQWLQJ*HDU
$UFKHU\ %RZKXQWLQJ*HDU0DQXIDFWXUHUV
$UFKHU\ %RZKXQWLQJ2UJDQL]DWLRQV


7KH UHVXOW RI RXU PHWKRG LV IRU H[DPSOH WKDW ³FOXEV´ DQG ³RUJDQL]DWLRQV´ DUH
WUHDWHG DV HTXLYDOHQW WHUPV  7KLV KDSSHQV E\ PHDQV RI D VLPSOH SHUFHQWDJH PDWFK
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VFRULQJ RI WKH FRQWHQW ZRUGV LQ QRGH QDPHV  )RU H[DPSOH WKH SDLU RI ³(TXLSPHQW
0DQXIDFWXUHUV´DQG³$UFKHU\DQG%RZKXQWLQJ*HDU0DQXIDFWXUHUV´UHFHLYHVDVFRUH
RI  RZLQJ WR WKH IROORZLQJ IDFWV  )LUVW ³$UFKHU\´ LV RPLWWHG EHFDXVH LW LV WKH
VDPH DV WKH RYHUDUFKLQJ WRSLF RI ³$UFKHU\´ DQG KHQFH LPSOLFLW LQ DOO QRGH QDPHV
6HFRQGWKHVWRSZRUG³DQG´LVGLVFDUGHG7KLUG³JHDU´LVPDWFKHGWR³HTXLSPHQW´DV
D K\SHUQ\P  7KDW OHDYHV ILYH ZRUGV WRWDO ZLWK RQO\ RQH RI WKHP ³ERZKXQWLQJ´ 
ODFNLQJ D PDWFK KHQFH WKH VFRUH RI     %\ WULDO DQG HUURU ZH GHFLGHG 
ZDVVXIILFLHQWIRUDOLJQPHQW
7KH YLUWXH RI WKLV VLPSOH QRGH QDPH UHVHPEODQFH WHVW LV WKDW LW OHWV XV DOLJQ IRU
H[DPSOH³&OXEVDQG2UJDQL]DWLRQV´ ZLWK³&OXEVDQG $VVRFLDWLRQV´LQWZR GLIIHUHQW
WD[RQRPLHV  +RZHYHU LW OHDYHV XV ZLWK WKH GLIIHUHQW SUREOHP RI WKH QXPHURXV
GRFXPHQWV QRW DVVLJQHG D OHDI QRGH  ,Q RWKHU ZRUGV LQ DOO WKUHH LQGLFHV PDQ\
GRFXPHQWV ZHUH VLPSO\ FODVVLILHG LQ ³$UFKHU\´ ZLWKRXW EHLQJ DVVLJQHG WR D VXE
FDWHJRU\ ,QVRPHFDVHVWKLVVHHPVFRUUHFW LQ WKDW WKH GRFXPHQWVLQ TXHVWLRQZHUH
YHU\ JHQHUDO DUFKHU\ GRFXPHQWV RU ZHEVLWHV  QRW EHORQJLQJ WR DQ\ SDUWLFXODU VXE
FODVV%XWLQPDQ\RWKHUFDVHVLWVHHPHGWKDWDQRGHLQDGLIIHUHQWWD[RQRP\ZDVD
QDWXUDOSODFHIRUVXFKGRFXPHQWV)RUH[DPSOHDZHEVLWHRISHUVRQDODQHFGRWHVDQG
FRPELQHG ZLWK IHHGEDFN IURP RWKHUV ZDV FODVVLILHG LQ RQH WD[RQRP\ VLPSO\ DV DQ
³DUFKHU\´GRFXPHQWEXWLWZRXOGKDYHIRXQGDSHUIHFWKRPHLQ³&KDWVDQG)RUXPV´
7KLVGHIHDWVWD[RQRP\DOLJQPHQWLQWKDWLWLVLPSOLHGWKDWQRQHRIWKHGRFXPHQWVLQ
WKHRQHWD[RQRP\ZRXOGEHORQJLQ³&KDWV )RUXPV´RIWKHRWKHU±DQG\HWPDQ\RI
WKHPGLG
7KLVW\SHRISUHGLFDPHQWZDVODWHUUHVROYHGLQVRPHFDVHVE\WKHUHVXOWVRIDVRIW
RQWRORJ\H[SDQVLRQRIDOOWKUHHWD[RQRPLHV,QRWKHUZRUGVDIWHUKDYLQJHQULFKHGWKH
RQWRORJLFDOFKDUDFWHUL]DWLRQRIHDFKVSHFLILFOHDIQRGHZHFRXOGRIWHQDOLJQLWZLWKDQ
DSSURSULDWH VXEVHW RI WKH GRFXPHQWV OXPSHG WRJHWKHU LQ D PRUH JHQHUDO WRSLF RI D
GLIIHUHQWWD[RQRP\

 6RIW RQWRORJ\ H[SDQVLRQ RI GRFXPHQW WD[RQRP\ OHDI QRGHV
XVLQJ:RUG1HW
)RUWKLVH[HUFLVHZHZHQWEDFNWRRXUH[WUDFWHGZRUGVDQGELJUDPV HJ³FDOHQGDU´
DQG ³ILHOG DUFKHU\´ HWF  H[DPLQHG WKHLU :RUG1HW JORVVHV DQG H[DPSOH VHQWHQFHV
DQGFRPSDUHGWKHPZLWKFROORFDWLRQVDQGSKUDVHVLQWKHGRFXPHQWJORVVHVDQGIRXQG
WKH IROORZLQJ WR KROG WUXH LI WZR ZRUGV ZHUH IUHTXHQWO\ SDLUHG FROORFDWHG DIWHU
VNLSSLQJQRQFRQWHQWZRUGV LQWKHWD[RQRP\GRFXPHQWJORVVHVDQGDOVRZHUHIRXQG
LQHDFKRWKHU¶V:RUG1HWJORVVHVWKH\ZHUHZLWKRXWH[FHSWLRQ LQRXUFDVHVWXGLHV 
JHQXLQHO\ UHODWHG DQG RI RQWRORJLFDO LPSRUW LQ WKH FDWHJRU\  2XU RSHUDWLRQDO
GHILQLWLRQ RI ³IUHTXHQW´ ZDV KDYLQJ DW OHDVW RQH RFFXUUHQFH LQ DOO WKUHH WD[RQRPLHV
DQGKDYLQJPXOWLSOHRFFXUUHQFHV RUPRUH LQDWOHDVWWZRRIWKUHHWD[RQRPLHV
7KLVWHFKQLTXHKDVVLPLODULWLHVWR %HQHYHQWDQR DQG 0DUWLQ LQWKDWLW
HPSOR\V:RUG1HWWRGHYHORSRQH¶VWD[RQRP\DQGRURQWRORJ\7KHGLIIHUHQFHLVWKDW
ZHDUHGULYLQJWKHSURFHVVE\UHIHUHQFHWRWKHJORVVHVDOUHDG\FUHDWHGE\HGLWRUVRIWKH
YDULRXVWD[RQRPLHV2XUSURFHGXUHGHULYHGWKHIROORZLQJVRIWFRQFHSWVLQ$UFKHU\
>FDOHQGDUVFKHGXOH@KDYLQJDUHODWLRQWR>HYHQW@
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7LP0XVJURYH

>WRXUQDPHQWFRPSHWLWLRQ@KDYLQJUHODWLRQVWRERWK>UHVXOWV@DQG>VWDQGLQJV@
>RXWGRRU@KDYLQJDUHODWLRQWR>UDQJHV@
>ERZ@KDYLQJUHODWLRQVWR>FURVVERZ@>FRPSRXQGERZ@DQG>ORQJERZ@
:H FDOO WKHVH ³FRQFHSWV´ UDWKHU WKDQ PHUHO\ ³ZRUG RFFXUUHQFHV´ LQ YLHZ RI WKH
IROORZLQJ HDFK LV EDVHG RQ D VPDOO ZHE RI VLPLODU ZRUGV HJ
³FDOHQGDU´_´VFKHGXOH´  HDFK KDV DQ DGGLWLRQDO ZRUG UHODWLRQ ³HYHQWV´ HWF  DOO DUH
FRQWH[WXDOL]HG WR WKH ORFDO WRSLF RI  $UFKHU\  7KH WRWDOLW\ RI DOO VXFK H[WUDFWHG
FRQFHSWV ZH FDOO D ³VRIW RQWRORJ\´ LQ WKDW LW GHOLQHDWHV UDZ PDWHULDOV RI WKH ORFDO
RQWRORJ\EXWREYLRXVO\IDOOVVKRUWRIDIRUPDOUHSUHVHQWDWLRQRIWKHUHODWLRQVEHWZHHQ
WKHFRQFHSWVVXFKDVWKRVHGLVFXVVHGLQ *DXULQR 
1H[W ZKHQ FKHFNHG WKH QRQOHDIQRGH GRFXPHQWV¶ JORVVHV IRU WKH SUHVHQFH RI
WKHVHFRQFHSWV,IWKH\PDWFKHGWKHQZHPRYHGWKHPWRWKHQHZO\FUHDWHGQRGH)RU
H[DPSOHVHYHUDOGRFXPHQWVZLWKJORVVHVFRQWDLQLQJ³GLVFXVVLRQ´DQG³VWRULHV´IRXQG
WKHLUZD\ LQWR³6WRULHV 'LVFXVVLRQ´ ,QWKHHQG RI  GRFXPHQWVZHUHWKXV
³PLJUDWHGGRZQZDUG´WRDOHDIQRGHZLWKWKHUHVXOWWKDWRQLQVSHFWLRQLWVHHPHGWKH
DOLJQPHQW EHWZHHQ WD[RQRPLHV ZDV PRUH FRPSOHWH DQG LQWHQVLRQDOO\ XQHTXLYRFDO
7KLV LOOXVWUDWHV WKDW WD[RQRP\ DOLJQPHQW FDQQRW EH GLYRUFHG IURP LVVXHV RI
WD[RQRPLFDOVFRSHDQGDGHTXDF\,IRQHWD[RQRP\ODFNVWKHVFRSHRUJUDQXODULW\RI
DQRWKHUWKHQWKHRQO\ZD\WRDFKLHYHSURSHUDOLJQPHQWLVWRVRUWWKURXJKVRPHRIWKH
LWHPVLQWKHOHVVJUDQXODUWD[RQRP\VRDVWR³PXOWLSO\DOLJQ´LWWRRWKHUQRGHV

 (PHUJHQW1RGHV
)LQDOO\ ZH UHDFKHG WKH UHVXOW WKDW FHUWDLQ RI RXU VRIW RQWRORJ\ FRQFHSWV HPEUDFH
RWKHUZLVHLVRODWHGQRGHVRIRQHWD[RQRP\WRJHWKHUZLWKQRQOHDIQRGHGRFXPHQWVRI
DQRWKHU  $ FOHDU H[DPSOH ZDV WKH WRSLF PHQWLRQHG HDUOLHU ³.\XGR´ 2XU VRIW
RQWRORJ\ H[SDQVLRQ KDGGHULYHGD³WUDGLWLRQDODUFKHU\´DV DELJUDP7KLVZDV YHU\
GHQVHLQWKH.\XGRFDWHJRU\ RFFXUULQJLQDOOEXWRQHRILWVLWHPV ZKLOHEHLQJIRXQG
DOVRLQQRQOHDIQRGHGRFXPHQWVLQ'02=LQFOXGLQJ
'RQDGRQL$UFKHU\6XSSOLHURIWUDGLWLRQDODUFKHU\HTXLSPHQWLQ,WDO\«
7KH$UFKHU\&HQWUH6SHFLDOLVWVLQILHOGWUDGLWLRQDODQGUHHQDFWPHQWDUFKHU\«
3HUULV$UFKHU\5HFXUYHFRPSRXQGDQGWUDGLWLRQDODUFKHU\HTXLSPHQW«
2XUSURFHGXUHZDVWRXVHWKHFRQFHSWVWULQJDVDQHZQRGHQDPH LQVHUWLQJ³DQG´
EHWZHHQ ZRUGV WKDW KDG EHHQ IRXQG VHSDUDWHO\ UDWKHU WKDQ GLUHFWO\ FROORFDWHG  DQG
LQFOXGLQJDVDFKLOGQRGHWKHRULJLQDOO\LVRODWHGQRGH6RRXUPDVWHUWD[RQRP\QRZ
LQFOXGHG ³$UFKHU\7UDGLWLRQDO $UFKHU\.\XGR´ ZLWK VHYHUDO '02= GRFXPHQWV
SODFHG LQ WKH QHZ QRGH ³WUDGLWLRQDO DUFKHU\´ 7KLV VDWLVILHG XV DV EHLQJ D IDU EHWWHU
DOLJQPHQW WKDQ ZH ZRXOG KDYH ZLWKRXW WKH QHZ QRGH .\XGR GRFXPHQWV QRZ KDG D
FORVHU SDUHQW WKDQ MXVW EHLQJ D GLUHFW FKLOG RI ³$UFKHU\´  $QG WKH QHZ LQWHUVWLWLDO
QRGHRI³WUDGLWLRQDODUFKHU\´IXQFWLRQVWRH[SODLQZKHUH³.\XGR´EHORQJV:HWKLQN
WKH VDPH RI ³6WRULHV DQG 'LVFXVVLRQ´ LQWURGXFHG DV D SDUHQW RI ³&KDW DQG )RUXPV´
DQG RI³&RDFKLQJDQG 7UDLQLQJ´DVD SDUHQWIRU³,QVWUXFWLRQ´ GRFXPHQWVWKDW<DKRR
KDGPL[HGZLWK³*HDU´7DEOHVKRZVWKHRYHUDOODOLJQPHQWUHVXOWV
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6WRULHV 'LVFXVVLRQ
&KDWV )RUXPV

&KDWV )RUXPV

<DKRR
*ORVVHV ZLWK
GLVFXVVLRQ
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*ORVVHV ZLWK VWRULHV
GLVFXVVLRQ
$UFKHU\  %RZKXQWLQJ
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*HDU
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.\XGR

*ORVVHVZLWKWUDGLWLRQDO

&RDFKLQJ 7UDLQLQJ
7UDGLWLRQDO$UFKHU\
.\XGR

'02=

VWRULHV


5HJDUGLQJ DFFXUDF\ WKH LQWURGXFWLRQ RI QHZ QRGHV FDUULHG MXVW RQH PLVFODVVLILHG
GRFXPHQW ZKLFK KDG EHHQ PLVFODVVLILHG DOUHDG\ RQ RI WKH WKLUG SDUW\ LQGLFHV  ,Q
JHQHUDO WKH DFFXUDF\ RI WKLV PHWKRG VKRXOG EH DV JRRG DV WKH DFFXUDF\ RI WKH
FODVVLILFDWLRQ RI WKH SDUWLFLSDQW WD[RQRPLHV  +RZHYHU ZH DUH FRQFHUQHG DERXW WKH
QDPLQJ RI WKH QHZO\ FUHDWHG QRGHV  ,Q WKH $UFKHU\ FDVH DERYH DOO WKH QDPHV UHDG
QLFHO\ EXWZKHQZHGLG6RFFHURQHQRGHUHFHLYHGWKHQDPH³,QVWUXFWLQJ´ZKHQZH
ZRXOGSUHIHUWRVHH³,QVWUXFWLRQ´)XUWKHUZRUNFRXOGEHGRQHRQQRGHQDPLQJ

 &RQFOXVLRQV
(GLWRULDOO\FUHDWHGGRFXPHQWJORVVHVDUHDERRQWRWD[RQRP\DOLJQPHQWLQWKDWWKH\
FRQVWLWXWHDULFKUHVRXUFHWRJXLGHVHPDQWLFUHVHPEODQFHDQDO\VLVDQGKDYHWKHDGGHG
ERQXVZKHQVRIWRQWRORJ\H[SDQVLRQLVDSSOLHGYLD:RUG1HWRIHQDEOLQJXVWRFUHDWH
QHZLQWHUVWLWLDOQRGHVIRUDPRUHFRPSOHWHDQGXQHTXLYRFDODOLJQPHQWRIWD[RQRPLHV

5HIHUHQFHV
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0DUWLQ7%HQ$]YLQH%HKUDG$VVDGLDQ$FTXLVLWLRQRI6RIW7D[RQRPLHV,308


230

FORPM: Boosting Users’ Eﬀect on Ontology Matching
Dunwei Wen1,2 , Xiaohu Fan1 , Fuhua Lin2
1
School of Information Science and Engineering,
Central South University, Changsha, Hunan 410083, China
dwwen@mail.csu.edu.cn, fanxiaohu17@gmail.com
2
School of Computing and Information Systems,
Athabasca University, Athabasca, Alberta T9S 3A3, Canada
{dunweiw, oscarl}@athabascau.ca

Abstract. In this paper, we attempt to view the ontology matching task from an
information gaining angle. In our opinions, the information used for matching
mainly comes from the matching tools as well as the human experts. With this
understanding, we believe that by making good use of user eﬀorts, we can also
accelerate the matching process. Hence we present a prototype system named
FORPM. First, it ranks the entities of the ontology. Important entities are chosen
as centroids to form fragments. Then, users can use those centroids’ information
to estimate the content of the fragments and initially match them. Finally, automatic matching is carried out among those matched fragments. Experiment results obtained so far show that with a few user eﬀorts, our approach signiﬁcantly
improves the matching eﬃciency while the loss of accuracy is acceptable.

1 Motivation
Ontology matching aims at ﬁnding semantic relationships between entities of diﬀerent
ontologies for solving the interoperation problem. From the viewpoint of information
theory, we view a matching problem Δ as a process of information gaining with uncertainty Ω(Δ). Let ϕ denotes the information obtained by the matching tool (from ontology
itself as well as external source like WordNet), ω denotes the information provided by
users in the validation step (we hold the same kind of opinions with [1] that fully automatic ontology matching is still impossible). To obtain matching results of high quality,
we believe that the following equation has to be satisﬁed:
ω + ϕ ≥ Ω(Δ).

(1)

On one hand, to our best knowledge, recently numerous researches have been focused on how to maximize ϕ and made great progresses. On the other hand, we believe
that the human users, especially the domain experts are capable of discovering complex relationships, such as more general (⊇), less general (⊆) etc., between candidate
pairs. This extra information, however, is always ignored and human eﬀort is simply
used in the validation step to judge simple relations such as matching or not matching.
With these understandings, our work is aiming at making good use of the information
provided by users, thus accelerating the matching process.
In this paper we propose: 1) an information theory based model for concept ranking
and centroid extraction; 2) a clustering algorithm for ontology partitioning. To test our
approch, we also introduce a prototype system called FORPM.
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2 FORPM (Framework for Ontology Ranking, Partitioning and
Matching)
FORPM is implemented with Java under JDK 5.0 and Eclipse 3.1.2. The system architecture is shown below in Fig 1. First, two ontologies are input and then transformed
into DAG (Directed Acyclic Graph), where the “is-a” relations are transformed into arcs
and concepts are transformed into nodes. After the four main process steps in the dash
line, the result and a reference-mapping ﬁle are sent to the evaluation module, in which
the evaluation results are generated automatically and presented to the user.

Fig. 1. System Overview

Step 1: Entity Ranking Based on our observation, the amount of information provided by a user equals the sum of the amount of information Ii provided in T times of
the user’s validation.

ω=
Ii .
(2)
{i|i∈[1,T ],i∈N}

If we assume that the cost of the user’s every validation be the same, then one intuitive way to improve the matching eﬃciency is to maximize Ii wisely. Hence fundamental to our ranking approach is the ability to measure how much information is conveyed
in a node thereby giving a sense of how much information the computer would “gain”
by being informed about a discovered matching pair.
In information theory [2], the amount of information contained in an event is measured by the negative logarithm of the probability of occurrence of the event. Thus if
χ is an event that has possible outcome values x1 , x2 , ..., xn occurring with probabilities
pr1 , pr2 , ..., prn , the amount of information gained or uncertainty removed by knowing
that has the outcome xi is given by:
I (χ = xi ) = − log (pri ) .
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(3)

Based on this we can build a model to measure the amount of information of a node
in an ontology graph by considering the concept as an event and “is-a” relations as its
outcomes. Assume that in the ontology graph G(Arcs, Nodes), where Arcs is the set of
all “is-a” relations and Nodes is the set of all concepts in ontology O. Then for any arc
ai ∈ Arcs, its probability is given by


1
.
(4)
Pr (χ = ai ) =
|arcsi |
Here |arcsi | is the number of arcs connecting with Node ni . Thus the amount of information contained in arc ai is:
I (χ = ai ) = − log (χ = ai ) .
If we have a node ni ∈ Nodes, then the amount of information contained in n i is:

I(ai ).
I (ni ) =

(5)

(6)

ai ∈arcsi

We use the amount of information to rank nodes. The node contains the most amount
of information is deﬁned as an information center.
Deﬁnition 1 (Information Center/Centroid Node). Let G(N, A) be an ontology graph,
N be the node set, A be the arcs set, then node Ic ∈ N is an information center if for any
node ni ∈ N:
I (Ic ) ≥ I (ni ) .
(7)
Step 2: IFC (Information Flooding theory based Clustering)
The goal of this step is to form fragments from centroids. We noticed that in the “isa” hierarchy tree, semantic similarity between two concepts often decays as the distance
between them increases. In our work, we deﬁne an information ﬂooding function to
measure how strong a source node could aﬀect a target node.
Deﬁnition 2 (Information Flood). Let G (N, A) be an ontology graph, n i , n j ∈N, we
deﬁne the information ﬂood from ni to n j as:




(8)
In f oFlood ni , n j = F Disti j I (ni ) .
Where I(ni ) is the information contained in ni , F(Disti j ) is a quadratic experiential
decay function to simulate the attenuation of similarity deﬁned as
F(Disti j ) =

1
.
a × Disti2j + b × Disti j + c

(9)

and Disti j is the number of arcs between node n j and node n j in the “is-a” relation
hierarchy tree. In our experiment, we have a = 0.25; b = 0.5; c = 0.
Deﬁnition 3 (Fragment). Let O be an Ontology, G i (N, A) be a graph representing part
of O, where N is the node set, A is the arc set. Let dList be the set of all centroid nodes
in O. If for any d j ∈ dList and all nk ∈ N, we have di ∈ dList which satisﬁes



(10)
In f oFlood (di , nk ) ≥ Max In f oFlood d j , nk .
Then we say G i is a fragment f(di ,mi ) with mi as its size and di as its centroid node.
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Table 1. IFC (Information Flooding theory based Clustering)
Procedure (G, Max, Min)
for each node in Graph G
Ranking nodes, the ﬁrst Max nodes with highest rank are centroids;
end
while the centroid list does not change or iteration times < SetValue
Compute the InfoFlood(ni ,n j ) from centroids to other normal nodes;
Assign normal nodes to centroids which maximize the InfoFlood(ni,nj);
Form the fragments set F;
Recalculate the centroids list;
end
end

We brieﬂy describe the partitioning algorithm in Table 1. The algorithm receives two
parameters, Max, the upper bound of the number of the fragment, and Min, the lower
bound of the size of the fragment. We set a max iteration number to ensure the stop of
the algorithm. Also a merge algorithm is implemented to deal with the fragments whose
size is below the lower bound.
Step 3: Manual Matching.
In this step, users use those centroid nodes to estimate the content of the fragments
and then match them manually. A centroid node may have more than one counterparts
with relations such as equivalence (=), more general(⊇), less general(⊆), mismatch (⊥)
and overlapping (∩). Two centroids are considered semantically matched [3] if the relation between them is not mismatch.
Step 4: Automatic Matching.
Two fragments are viewed as matched if their centroids are semantically matched,
the remaining matching work between two matched fragments is the same as a normal
task but of smaller sizes. Various approaches could be adopted here to ﬁnish the task.
In FORPM, we employ the same string-based tech in [4] for demonstration.

3 Evaluation and Discussion
In our experiment, we adopted a dataset from [4]. The Russia1a contains 151 concepts
while Russia1b contains 162 concepts, with 64 human conﬁrmed mappings (concepts
only). We used F-Measure [cf.4] and Cost (see blow) as quility metrics.
Cost =

#Compare T imes
.
#Found Marched Pairs

(11)

In FORPM, users can tune the system by changing the value of Max and Min in
step2. We can see in Fig. 2 that the more fragments there are, the more likely users
are to make right judgememts which lower the cost. Meanwhile more human work is
required (The user has to do Max*Max times validations at most). According to our
experience, it seems that the program performs best when the parameter Max is set
between 5% ∼ 10% of the total number of the concepts.
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Fig. 2. FORPM with diﬀerent Max (Min = 4)

4 Concluding Remarks
In this paper, we have proposed an information gaining theory based framework for
ontology matching. We have shown that with a few user eﬀorts, our approach is eﬀective
in reducing the matching complexity.
Our work is inspired by data mining technology. We gain our idea of information
model from [5]. Our tool refers to [6]’s work in implementation, while [7] propose
an automatic block based matching approach. Both [7] and our tool employ a ranking
step to label the blocks. However, [7]’s rank step is after the partitioning step, while in
FORPM, ranking step is ﬁrstly carried out since we employ an extraction-like clustering
algorithm.
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1PVQ/CUC6WVQTKPI5[UVGOFGFKECVGFVQ1PVQNQI[
/CVEJKPI
/KTGNNC*W\C/QWPKTC*CT\CNNCJ(TCPEM[6TKEJGV


.+0#Ō7PKXGTUKV[QH0CPVGU
.CDQTCVQKTGFŏ+PHQTOCVKSWGFG0CPVGU#VNCPVKSWG (4'%045 
6GCOn-PQYNGFIGCPF&GEKUKQP
TWGFGNCJQWUUKPKÂTGŌ$20CPVGU(TCPEG
]OKTGNNCJW\COQWPKTCJCT\CNNCJHTCPEM[VTKEJGV_"WPKXPCPVGUHT


#DUVTCEV1PVQNQI[OCVEJKPILVQRZCEQTGSWGUVKQPKPOQUVQHVJGCRRNKECVKQPU
VJCV TGSWKTG UGOCPVKE KPVGTQRGTCDKNKV[ 6Q FGCN YKVJ VJKU RTQDNGO D NQV QH
OGVJQFU ENCUUKHKGF CEEQTFKPI VQ FKHHGTGPV ETKVGTKC CTG EWTTGPVN[ FGXGNQRGF
*QYGXGT EJQQUKPI VJG OQUV TGNGXCPV OGVJQF KP C RCTVKEWNCT EQPVGZV KU PQV CP
GCU[VCUMUKPEGKVTGSWKTGUVQMPQYCNNVJGOGVJQFUCPFVJGKTKPVTKPUKERTQRGTVKGU
6JGQDLGEVKXGQHVJG1PVQ/CUVWVQTKPIU[UVGO 1PVQNQI[/CVEJKPI#UUKUVCPV 
KU   VQ RTQRQUG CP CTEJKVGEVWTG CPF VQ FGXGNQRCP GHHGEVKXG MPQYNGFIGDCUGF
U[UVGOFGFKECVGFVQCHKPGITCKPGFFGUETKRVKQPCPFCENCUUKHKECVKQPQHVJGEWTTGPV
OCVEJKPIOGVJQFUCPF  VQRTQXKFGHWPEVKQPCNKVKGUFGFKECVGFVQVJGFGHKPKVKQP
QH CFXKEGU CPF GZRNCPCVKQPU HQT VJG GPFWUGT  KP QTFGT VQ HCEKNKVCVG DQVJ VJG
EJQKEG QH VJG OQUV UWKVCDNGOGVJQF HQT C RCTVKEWNCT OCVEJKPI RTQDNGOCPFVJG
NGCTPKPIQHVJKUPGYFQOCKPQPVQNQI[OCVEJKPI
-G[YQTFU 1PVQNQI[ OCVEJKPI %NCUUKHKECVKQP QH QPVQNQI[ OCVEJKPI OGVJQF
6WVQTKPI5[UVGO1PVQNQI[OCVEJKPICUUKUVCPV

 +PVTQFWEVKQP
1PVQNQI[ OCVEJKPI KU PQY C EQTG SWGUVKQP KP OQUV QH VJG CRRNKECVKQPU VJCV TGSWKTG
UGOCPVKEKPVGTQRGTCDKNKV[UWEJCUVJG5GOCPVKE9GD6QFGCNYKVJVJKURTQDNGOYJKEJ
OCKPN[ EQPUKUVU KP HKPFKPI UGOCPVKE NKPMU GI GSWKXCNGPEG FKULQKPVPGUU QT
UWDUWORVKQP  DGVYGGP VJG EQPEGRVU CPF VJG TGNCVKQPU QH VYQ QPVQNQIKGU EQXGTKPI
QXGTNCRRKPIFQOCKPUCNQVQHOGVJQFUCTGEWTTGPVN[RTQRQUGF=?
6JG EJQKEG QH C OGVJQF QT VJG EQODKPCVKQP QH UGXGTCN QPGU KU PQV CP GCU[ VCUM
UKPEG   KV FGRGPFU QP OWNVKRNG ETKVGTKC TGNCVGF DQVJ K  VQ VJG EJCTCEVGTKUVKEU QH VJG
EWTTGPVOCVEJKPIOGVJQFU KK VQVJGQPVQNQIKGUVJCVCTGEQPUKFGTGFHQTVJGOCVEJKPI
RTQEGUU KP VGTOU QH V[RG UVTWEVWTG TGRTGUGPVCVKQP HQTOCV GVE  CPF KKK  VQ VJG GPF
WUGT RTGHGTGPEGU CPF   KV TGSWKTGU VQ MPQY CNN VJGUG FKHHGTGPV ETKVGTKC KP QTFGT VQ
UGNGEV VJG DGUV OGVJQF HQT VJG EQPUKFGTGF OCVEJKPI EQPVGZV /QTGQXGT CU VJG


 6JKU YQTM KU UWRRQTVGF D[ VJG %QOOKUUKQP QH VJG 'WTQRGCP %QOOWPKVKGU WPFGT VJG 5KZVJ
(TCOGYQTM2TQITCO=+06'4120GVYQTM1H'ZEGNNGPEGŌ?JVVRYYYKPVGTQRPQGQTI
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1PVQNQI[/CVEJKPIFQOCKPKUEWTTGPVN[DQQOKPIKVKUTGCNN[FKHHKEWNVVQMGGRCPWR
VQFCVGQXGTXKGYQHVJGEWTTGPVOGVJQFU
6JKU RCRGT KPVTQFWEGU VJG DCUKE HQWPFCVKQPU QH C 6WVQTKPI 5[UVGO FGFKECVGF VQ
1PVQNQI[ /CVEJKPI 6JKU U[UVGO ECNNGF 1PVQ/CU 1PVQNQI[ /CVEJKPI #UUKUVCPV 
CKOUCVHCEKNKVCVKPIVJGENCUUKHKECVKQPQHQPVQNQI[OCVEJKPIOGVJQFUCPFCVJGNRKPIVJG
GPFWUGTVQUGNGEVVJGOQUVTGNGXCPVOGVJQF U CEEQTFKPIVQJKUOCVEJKPIRTQDNGO+V
CNUQ CKOU CV RTQXKFKPI VQ VJG GPFWUGT TGNGXCPV CFXKEGU CPF GZRNCPCVKQPU QP VJG
OGVJQF U VJCVECPDGWUGF QTECPFGHKPKVKXGN[PQVDGWUGF KPJKUOCVEJKPIEQPVGZV
6JWU1PVQ/CUKUPQVQPN[CVQQNVQUGNGEVVJGDGUVOCVEJKPIVGEJPKSWGKVKUCNUQCVQQN
FGFKECVGFVQQPVQNQI[OCVEJKPINGCTPKPI

 1PVQ/CUOCVEJKPIOGVJQFENCUUKHKECVKQP
+P OQUV QH VJG EWTTGPV ENCUUKHKECVKQPU QPN[ VJG ETKVGTKC YJKEJ FKTGEVN[ TGNCVG VQ VJG
FGUETKRVKQPQHVJGOGVJQFUCTGEQPUKFGTGF*QYGXGTVJGEJQKEGQHCOCVEJKPIOGVJQF
CNUQ FGRGPFU QP VJG GPFWUGT OCVEJKPI EQPVGZV 5KPEG RXU REMHFWLYH LV WR SURSRVH D
QHZFRPSOHWHXSWRGDWHDQGHDV\WRXVHFODVVLILFDWLRQRIERWKWKHFXUUHQWPDWFKLQJ
OGVJQFU CPF VJG RQUUKDNG OCVEJKPI EQPVGZVU YG RTQRQUG WR GLIIHUHQWLDWH WZR
FDWHJRULHVRIFODVVLILFDWLRQV DQGWKXVWZRJURXSVRIFULWHULD DFODVVLILFDWLRQEDVHGRQ
WKH FKDUDFWHULVWLFV RI WKH PDWFKLQJ PHWKRGV DQG D FODVVLILFDWLRQ EDVHG RQ WKH
FKDUDFWHULVWLFVRIWKHPDWFKLQJFRQWH[W
/CVEJKPIOGVJQFDCUGFETKVGTKC
)RU WKH PDWFKLQJ PHWKRGEDVHG FULWHULD ZH UHXVH WKH WKUHH GLPHQVLRQV RI >@ DQG
HQULFKWKHPZLWKQHZFULWHULD
)RU WKH ,QSXW GLPHQVLRQ WKH FULWHULRQ ,QWHUOLQJXDO PDWFKLQJ LV DGGHG LV WKH
PHWKRG DEOH WR SHUIRUP LQWHUOLQJXDO PDWFKLQJ EHWZHHQ RQWRORJLHV HJ PDWFKLQJ DQ
(QJOLVK DQG D )UHQFK RQWRORJ\ " :H DGG DOVR D VXEGLPHQVLRQ LQFOXGLQJ WKH
IROORZLQJ FULWHULD L  ,QWHUQDO UHSUHVHQWDWLRQ VJG OGVJQF ECP VTCPUNCVG VJG KPRWV
OQFGNUKPVQCPKPVGTPCNTGRTGUGPVCVKQPQHQPVQNQI[URGEKHKECVKQPNCPIWCIG  LL 6WULQJ
QRUPDOL]DWLRQ RQ LQSXW GDWD VJG OGVJQF ECP RGTHQTO UVTKPI PQTOCNK\CVKQP QP VJG
KPRWVQPVQNQIKGUGIECUGPQTOCNK\CVKQPFKCETKVKEUUWRRTGUUKQPGVE 
)RUWKH3URFHVVLQJGLPHQVLRQWKUHHFULWHULDDUHLQWURGXFHG7KHILUVWRQHLVDERXW
8VHU LQWHUDFWLRQ 6JG WUGT KPVGTCEVKQP ECP DG WUGF KP FKHHGTGPV OCVEJKPI RJCUGU
RTGRTQEGUUKPI EQPHKIWTCVKQP QH RCTCOGVGTU FGHKPKVKQP QH CP KPKVKCN UGV QH OCVEJGU
OQFKHKECVKQP QH VJG CTEJKVGEVWTG QH VJG EQODKPGF OCVEJGTU CPF XCNKFCVKQP QH TGUWNVU
>@6JGUGEQPFQPGKUVJG+VGTCVKQPETKVGTKQP6JGOGVJQFECPQHHGTVJGRQUUKDKNKV[QH
RGTHQTOKPI KVGTCVKQPU KP VJG OCVEJKPI RTQEGUU GI VJG OCVEJKPI CNIQTKVJO ECP DG
NCWPEJGF UGXGTCN VKOGU KP VJKU YC[ VJG SWCNKV[ QH VJG TGUWNVU ECP TKUG EQPUKFGTCDN[
6JG VJKTF ETKVGTKQP ECNNGF #NKIPOGPV GZVTCEVKQP TGHGTU VQ VJG RTQEGUU QH EJQQUKPI
HTQO CNN VJG QDVCKPGF OCVEJKPI C UCVKUHCEVQT[ UGV QH EQTTGURQPFGPEGU DGVYGGP

 6JG EWTTGPV RTQVQV[RG QH 1PVQ/CU KU CXCKNCDNG CV VJG HQNNQYKPI 74. JVVRYYYRQN[VGEJWPKX
PCPVGUHTQPVQOCU
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QPVQNQIKGU+VECPDGCEJKGXGFD[ K FKURNC[KPIVJGGPVKV[RCKTUYKVJVJGKTUKOKNCTKV[
UEQTGU CPF NGCXKPI VJG EJQKEG QH VJG CRRTQRTKCVG RCKTU WR VQ VJG WUGT KK  VJTGUJQNF
DCUGF HKNVGTKPI UGNGEVKPI EQTTGURQPFGPEGU QXGT C RCTVKEWNCT VJTGUJQNF VJWU TGVCKPKPI
QPN[VJGOQUVUKOKNCTGPVKV[RCKTU>@
)RU WKH 2XWSXW GLPHQVLRQ ZH DGG WKUHH RWKHUV FULWHULD LQWURGXFHG LQ >@ L 
0DWFKHV IRUPDW VJG HQTOCV KP YJKEJ VJG OCVEJKPI KU TGRTGUGPVGF  KV ECP DG
OCVEJKPI RCKTU 19. :/. #5%++ 5-15 VGZV QT QVJGT HQTOCV  KK  %QORNGVG
OCVEJKPI VJGOGVJQFECPRTQFWEGEQORNGVGOCVEJKPIHQTQPGQHVJGQPVQNQIKGU  KKK 
+PLGEVKXGOCVEJKPI VJGOGVJQFECPRTQFWEGKPLGEVKXGCPFTGXGTUKDNGOCVEJKPI  KX 
+PVGITCVKQP WUKPIVJGTGUWNVUQHQPVQNQI[OCVEJKPIHQTQPVQNQI[OGTIKPI 
)LQDOO\ D *HQHUDO GLPHQVLRQ FRQFHUQLQJ WKH WRRO GHVFULSWLRQ LV LQWURGXFHG ,WV
UHOHYDQWFULWHULDDUH L 7\SHRIVROXWLRQ PHWKRGRUWRRO :KHQWKHVROXWLRQLVDWRRO
LL  2TQITCOOKPI NCPIWCIG KV YCU KORNGOGPVGF WUKPI C RTQITCOOKPI NCPIWCIG 
KKK (TGGXGTUKQP KVECPJCXGCHTGGPQVHTGGXGTUKQP  KX +PUVCNNCVKQPTGSWKTGOGPVU
KVOC[JCXGKPUVCNNCVKQPTGSWKTGOGPVUPGGFKPUVCNNCVKQPQHCPQVJGTUQHVYCTG 
$OO WKHVH FULWHULD DUH PHWKRGRULHQWHG 7KXV WKH\ DUH PRUH GHGLFDWHG WR WKH
RQWRORJ\PDWFKLQJHQJLQHHUSRLQWRIYLHZ
/CVEJKPIEQPVGZVDCUGFETKVGTKC
7KHVHFRQGJURXSRIFULWHULDDUHGHGLFDWHGWRWKHGHVFULSWLRQRIWKHPDWFKLQJFRQWH[W
 ,QSXWRQWRORJLHVFULWHULD  8VHUGHVLUHGRXWSXWFULWHULDDQG  0HWKRGGHVLUHG
FKDUDFWHULVWLFV FULWHULD 7KHVH FULWHULD DUH DOVR UHODWHG WR WKH PDWFKLQJ SURFHVV EXW
IURPWKHHQGXVHUSRLQWRIYLHZ
7KH,QSXWRQWRORJLHVFULWHULDDUHGHGLFDWHGWRWKHGHVFULSWLRQRIWKHFRQWHQWRIWKH
RQWRORJLHVWKDWDUHFRQVLGHUHG L )RUPDW LL /DQJXDJH VJGPCVWTCNNCPIWCIGWUGFKP
VJG TGRTGUGPVCVKQP QH QPVQNQI[  LLL  &RQWHQW LY  2QWRORJ\ 'RPDLQ HJ +XPDQ
$QDWRP\ &RPSXWHU 6FLHQFH  Y  2QWRORJ\ VL]H RQWRORJ\ LV YHU\ ODUJH RU QRW #
XGT[NCTIGQPVQNQI[KUCPQPVQNQI[VJCVJCUOQTGVJCPEQPEGRVU  YL 2QWRORJ\
VWUXFWXUH LWFRQFHUQVWKHXQEDODQFHEHWZHHQWKHRQWRORJLHVRPGKUCFGGRQPVQNQI[
CPFVJGQVJGTQPGKUCUJCNNQYQPVQNQI[  YLL 2QWRORJ\YHUVLRQ VJGQPVQNQIKGUCTG
FKHHGTGPV XGTUKQPU QH VJG UCOG QPVQNQI[  YLLL  2QWRORJ\ VLPLODULW\ VJG FQOCKPU
EQXGTKPI D[ VJG QPVQNQIKGU CTG XGT[ FKHHGTGPV Ō VJG[ CTG PQV UVTQPI QXGTNCRRKPI
FQOCKPU  L[ 2QWRORJ\GHSWK [ 2QWRORJ\5HODWLRQV HJLVDSDUWRI 7KHWKUHH
ILUVWFULWHULDDUHDOUHDG\LQWURGXFHGLQWKHFODVVLILFDWLRQVSUHVHQWHGLQ6HFWLRQ
)RU WKH FULWHULD UHODWHG WR WKH 8VHU GHVLUHG RXWSXW ZH SURSRVH WR FRQVLGHU L 
0DWFKHV FDUGLQDOLW\ LL  0DWFKHV IRUPDW LLL  0DWFKHV 5HODWLRQV LY  0DWFKHV
5DQNLQJ Y ,QWHJUDWLRQ
7KH 0HWKRG GHVLUHG FKDUDFWHULVWLFV FULWHULD DUH L  7\SH RI VROXWLRQ PHWKRG RU
WRRO  LL  3URJUDPPLQJ ODQJXDJH LLL  )UHH YHUVLRQ LY  ,WHUDWLRQ DQG Y  8VHU
,QWHUDFWLRQ
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1PVQ/CU6WVQTKPI5[UVGO
1PG QH VJG HWPEVKQPCNKVKGU QH 1PVQ/CU KU VJG UGNGEVKQP QH VJG OQUV UWKVCDNG
OCVEJKPIOGVJQFU HQTOCVEJKPIVYQQPVQNQIKGUIKXGPD[VJGGPFWUGT HTQOVJGQPGU
KPVGITCVGF KP VJG MPQYNGFIG DCUG YJKEJ EWTTGPVN[  KPENWFGU  OGVJQFU +(/CR 
+PHQTOCVKQP (NQY DCUGF QPVQNQI[ OCRRKPI *%10'OGTIG CPF #41/# 
#UUQEKCVKQP4WNG1PVQNQI[/CRRKPI#RRTQCEJ CPFVQQNU %/5%415+/CRRKPI
5[UVGO #761/5 6QQ%Q/ 1TICPQP CPF */#6%*  6JG RTKPEKRNG WPFGTN[KPI
VJKU UGNGEVKQP EQPUKUVU KP WUKPI C UGV QH FGEKUKQP TWNGU FGHKPGF DGVYGGP   OGVJQFU
FGUETKDGFKP1PVQ/CUMPQYNGFIGDCUGCPF  OCVEJKPIEQPVGZVU
# FGEKUKQP TWNG TGRTGUGPVU C TGNCVKQP DGVYGGP C ETKVGTKQP TGNCVGF VQ VJG OGVJQF
RQKPV QH XKGY CPF C ETKVGTKQP TGNCVGF VQ VJG EQPVGZV RQKPV QH XKGY 6JG UGNGEVKQP
RTQEGUUKUDCUGFQPCNNVJGFGEKUKQPTWNGUQHVJG1PVQ/CUU[UVGO
'CEJEJCTCEVGTKUVKEQHVJGOCVEJKPIEQPVGZVCHVGTDGKPIFGUETKDGFD[VJGGPFWUGT
FGVGTOKPGUCőTGUVTKEVKQPŒKORQUGFQPVJGOGVJQFUVJCVECPDGWUGFKPVJGOCVEJKPI
EQPVGZV'CEJEJCTCEVGTKUVKEQHVJGOCVEJKPIEQPVGZVKORNKGUCFGEKUKQPTWNG6JWUYG
WUG  TWNGU  HQT VJG ,QSXW RQWRORJLHV FULWHULD  HQT VJG 0HWKRG GHVLUHG
FKDUDFWHULVWLFVFULWHULDCPFHQTVJG8VHUGHVLUHGRXWSXWFULWHULD
6JTGGV[RGUQHFGEKUKQPTWNGUCTGFKUVKPIWKUJGFEQORWNUQT[TWNGUPQVEQORWNUQT[
TWNGUCPFQRVKQPCNTWNGU

% %QORWNUQT[TWNGU6JGUGTWNGUCTGTGNCVGFVQVJGETKVGTKCWUGFVQFGUETKDGVJG
OCVEJKPI EQPVGZV HQT YJKEJ VJG GPFWUGT JCU VQ RTQXKFG XCNWGU DGECWUG VJG[
EQTTGURQPFVQVJGOKPKOWOCOQWPVQHKPHQTOCVKQPYJKEJKUPGEGUUCT[VQRGTHQTO
VJGFGEKUKQPRTQEGUU





'ZCORNGQH%(QTOCV

+H
1PVQNQI[KUTGRTGUGPVGFKPVJGHQTOCV(#PF1PVQNQI[KUTGRTGUGPVGFKP
6JGHQTOCV(#PF(CPF(CTGVJGUCOGQTEQORCVKDNG
6JGP
5'.'%6HTQOVJGMPQYNGFIGDCUGVJGOGVJQFUVJCVECPWUGCUKPRWV
OQFGNUQPVQNQIKGUVJCVCTGTGRTGUGPVGFKPVJG( ( HQTOCV

0% 0QVEQORWNUQT[TWNGU6JG[EQTTGURQPFVQVJGETKVGTKCHQTYJKEJVJGGPF
WUGTKUPQVQDNKIGFVQRTQXKFG KPRWV KPHQTOCVKQP'ZCORNGQHUWEJCTWNG5K\G

'ZCORNGQH0%5K\G
+H
1PVQNQI[KUCXGT[NCTIGQPVQNQI[1T1PVQNQI[KUCXGT[NCTIGQPVQNQI[
6JGP
+PETGCUGYKVJQPGRQKPVVJGVQVCNUEQTGQHVJGOGVJQFUVJCVRTQFWEGTGNGXCPV


TGUWNVUYJGPVJGKPRWVQPVQNQIKGUCTGXGT[NCTIG

1  1RVKQPCN TWNGU 6JG[ CNNQY VJG GPFWUGT VQ RTGEKUG RTGHGTGPEGU ő1PN[ HKPF
OGVJQFU VJCVŗŒ 14 ő+ RTGHGT OGVJQFUŗ VJCVŒ  9JGP VJG GPFWUGT UGNGEVU VJG
ő1PN[ HKPFŒ QRVKQP VJGP VJG TWNG DGEQOGU EQORWNUQT[ CPF YJGP VJG GPFWUGT
UGNGEVUVJGő+RTGHGTŒQRVKQPVJGTWNGDGEQOGUPQVEQORWNUQT[

'ZGORNGQH17UGTKPVGTCEVKQP
%QORWNUQT[
+H
6JGGPFWUGTYCPVUVQ%*115'10.;OGVJQFUVJCVWUG FQPŏVWUG 

+PVGTCEVKQP
6JGP
%JQQUGHTQOVJGMPQYNGFIGDCUGVJGOGVJQFUVJCVWUG FQPŏVWUG KPVJGKT
OCVEJKPIRJCUGUWUGTKPVGTCEVKQP
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0QVEQORWNUQT[
+H
6JGGPFWUGTYCPVU1PVQ/CUVQ24'('4OGVJQFUVJCVWUG FQPŏVWUG 

+PVGTCEVKQP
6JGP
+PETGCUGYKVJQPGRQKPVVJGVQVCNUEQTGQHVJGOGVJQFUVJCVWUG FQPŏVWUG KP
VJGKTOCVEJKPIRJCUGUWUGTKPVGTCEVKQP


#HVGTCRRN[KPICNNVJGEQORWNUQT[TWNGUVQVJGOGVJQFUQHVJGMPQYNGFIGDCUGCUGV
QH OGVJQFU VJCV UCVKUH[ VJG EQORWNUQT[ TGSWKTGOGPVU QH VJG OCVEJKPI EQPVGZV KU
QDVCKPGFUGV%6JGPGCEJTWNGQHVJGPQVEQORWNUQT[TWNGUKUCRRNKGFVQGCEJOGVJQF
OKQHUGV%+HOKUCVKUHKGUVJGTWNGQPGCFFUVQKVUKORQTVCPEGUEQTGQPGRQKPV+HOK
FQGU PQV UCVKUH[ VJG TWNG QPG FGETGCUGU KVU KORQTVCPEG UEQTG YKVJ QPG RQKPV #HVGT
CRRN[KPICNNVJGPQVEQORWNUQT[TWNGUVQVJGUGV%CPKORQTVCPEGUEQTGKUQDVCKPGFHQT
GCEJ OGVJQF HTQO VJG UGV% +V KU VJGP RQUUKDNG VQ QTFGT VJG UGV OQTG JKIJGT VJG
KORQTVCPEGUEQTGKUOQTGUWKVCDNGVJGOGVJQFKU 



%QPENWUKQP

+P VJKU RCRGT YG JCXG WPFGTNKPGF VJG HCEV VJCV EJQQUKPI VJG DGUV OGVJQF HQT C
RCTVKEWNCTQPVQNQI[OCVEJKPIRTQDNGOKUPQVCPGCU[VCUMUKPEGVJGPWODGTQHOGVJQFU
KUEWTTGPVN[DQQOKPICPFVJGETKVGTKCWUGFKPVJGEWTTGPVENCUUKHKECVKQPUFQPQVGPCDNG
VJG FGUETKRVKQP QH VJG OCVEJKPI EQPVGZV VJG[ CTG OCKPN[ OGVJQFQTKGPVGF  6Q FGCN
YKVJ VJKU RTQDNGO YG RTQRQUG VQ KPVTQFWEG PGY ETKVGTKC FGFKECVGF VQ VJG GPFWUGT
RQKPV QH XKGY K  FGUETKRVKQP QH JKU QPVQNQIKGU FQOCKP UK\G UVTWEVWTG XGTUKQP
UKOKNCTKV[FGRVJTGNCVKQPU CPF KK FGUETKRVKQPQHJKURTGHGTGPEGUKPVGTOUQHTGUWNVU
PDWFKHV FDUGLQDOLW\ IRUPDW UHODWLRQV UDQNLQJ DQG LQWHJUDWLRQ  CPF VQQNU
RURJUDPPLQJODQJXDJHIUHHYHUVLRQLWHUDWLRQDQGXVHULQWHUDFWLRQ %DVHGRQWKHVH
QHZFULWHULDDQGRQWKHEDVLFPHWKRGRULHQWHGFULWHULDZHKDYHGHILQHGFRPSXOVRU\
QRWFRPSXOVRU\DQGRSWLRQDOGHFLVLRQUXOHV7KHVHUXOHVDUHXVHGE\2QWR0DVLQRUGHU
WR UHFRPPHQG DQG RUGHU  D VHW VXLWDEOH UHVS XQVXLWDEOH  PHWKRGV IRU D VSHFLILF
RQWRORJ\PDWFKLQJSUREOHP

4GHGTGPEGU
 $'RDQDQG$+DOHY\6HPDQWLFLQWHJUDWLRQUHVHDUFKLQWKHGDWDEDVHFRPPXQLW\$EULHI
VXUYH\
 -(X]HQDW-%DUUDVD3%RXTXHW5'LHQJ0(KULJ0+DXVZLUWK0-DUUDU5/DUD'
0D\QDUG$1DSROL*6WDPRX+6WXFNHQVFKPLGW36KYDLNR67HVVDULV6YDQ$FNHU
, =DLKUD\HX DQG 7 / %DFK ' 6WDWH RI WKH DUW RQ RQWRORJ\ DOLJQPHQW 7HFKQLFDO
UHSRUW1R(.QRZOHGJH:HESURMHFWGHOLYHUDEOH
 1 )  1R\ 6HPDQWLF LQWHJUDWLRQ $ VXUYH\ RI RQWRORJ\EDVHG DSSURDFKHV 6,*02'
5HFRUG  ±
 36KYDLNRDQG-(X]HQDW$VXUYH\RIVFKHPDEDVHGPDWFKLQJDSSURDFKHV±
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Abstract. In this paper we present a tool, SOMET, for collaborative
developing, matching and merging ontologies. The tool’s design is based
on a Wiki model, allowing for multiple authors to contribute to an ontology. It also provides a number of meta-ontology features, including
the ability to compare, match and merge. The tool makes use of one
algorithmic approach to element-level mapping, demonstrating the use
of both automated and manual matching.

1

Introduction

Much research has been invested into automated techniques of ontology matching
[6, 7]. There is general recognition of the need to augment these techniques with
manual matching. Collaborative matching, utilising both automated and manual
matches, is important to resolve conceptual ambiguities, and to promote re-use
across organisational and geographical boundaries.
This paper presents an online tool, SOMET (pronounced ‘Summit’), for
collaborative developing, matching and merging ontologies. It is motivated by
the idea that ontology development and matching is essentially a social and
interactive activity, and is best served by tools which permit this. As such, the
tool is based on the Wiki model for ontology development.
This paper is structured as follows: In Section 2, we review related work.
Section 3 presents a case for collaborative ontology development and matching.
Section 4 describes the design and implementation of the SOMET prototype,
along with our approach to ontology matching and merging. Section 5 examines
the test results of using SOMET on two sample ontologies. In Section 6, we
look at further directions for SOMET. Section 7 concludes the paper.

2

Related Work

The concept of shared or collaborative ontology development is not new. A number of tools have been introduced, including CODE [5], KAON [3], OntoEdit [9],
Ontolingua [4], WebODE [1] and Wiki@nt [2]. SOMET diﬀers from these tools
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in focussing particularly on ontology matching and merging in a collaborative
environment.
There has been considerable exploration of approaches for ontology matching. Much of the research has been into ﬁnding suitable algorithms to automate
part or all of a given matching task. As shown by surveys [6, 7], such algorithms use a variety of strategies for matching ontologies. This paper explores
the use and partial implementation of one such algorithm, S-MATCH [8]. The
S-MATCH algorithm emphasises its semantic matching characteristics. However
the algorithm also exploits syntactic and external techniques. As such, it is a
good candidate for exploring the use of semi-automated techiques in a collaborative environment.
Recent work also suggests the importance of community-driven ontology
matching [10]. This paper assumes development and matching of ontologies is
often collaborative in nature, and requires tools such as SOMET to realise the
beneﬁt of community-driven domain models.

3

Overview of Collaborative Ontology Development and
Matching

Ontologies are typically developed by a process of iterative construction and
consultation, with a focus on concepts in a speciﬁed domain. For the most part
construction and consultation are separate activities, conducted in serial fashion, as the modeller uses speciﬁc knowledge of the modelling environment to
apply the results of the consultation process. In the case of traditional database
and software engineering activities, such established practices are generally entrenched in broader lifecycle processes, and there has been little impetus to shift
the onus of model construction from the modelling expert. For Semantic Web
ontologies, where models are frequently shared across organisational and geographical boundaries, there is signiﬁcantly greater motivation to develop such
models collaboratively.
The approach used in this paper is based on the success of open access
content systems. The approach accepts that a lower grade user interface will be
acceptable in certain contexts, just as authoring content online is an acceptable
degradation from using a word processor in certain contexts. In particular, if
the ontology is small, then the frequent submission and retrieval of ontology
elements across a network of ontology components will be tolerable.

4

Outline of SOMET System, and Matching and Merging
Techniques

SOMET is a prototype that has been developed in Ruby, using the Ruby on
Rails framework. It employs a commonly used model-view-controller architecture. It also employs a plug-in architecture for executing matching algorithms.
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The SOMET interface makes it possible to construct an ontology with
classes, properties and individuals. Notable features at this stage include the
following:
– Creation and editing of ontologies, classes, properties, individuals and annotations.
– Importing and exporting an ontology.
– Generation of a comparative report of diﬀerences between two ontologies.
– Manual and semi-automated matching of classes.
– Merging of two ontologies.
– Various Wiki features, such as publishing, sharing, publishing, versioning,
logging and commenting on ontologies. Class and property matches can be
proposed, discussed, and approved or rejected.
We have conducted a partial implementation of the S-MATCH algorithm
[8]. As there is not a suitable satisﬁability engine in the Ruby language, we
have not been able to implement Step 4 of the algorithm. Consequently we have
not yet been able to test the semantic aspects of S-MATCH, which require the
translation of the labels of the path of a given node on the ontology graph into a
propositional logic formula. Instead we have translated steps 1-3 of S-MATCH to
Ruby, using the OWL object model we have developed. We were able to develop
a matrix of ontology labels with at least partial asssignments of the following
relations: equivalence (=), more general (), less general (), and disjointness
(⊥). The result is an element-based, syntactic and external technique, as outlined
in [?] - but without the key semantic characteristics outlined in [8]. The following
outlines the key steps of the algorithm, as presented in [8, 305-7]:
Step 1. For all labels L in the two trees, compute concepts of labels.
Step 2. For all nodes N in the two trees, compute concepts of nodes.
Step 3. For all pairs of labels in the two trees, compute relations among
concepts of labels.
Step 4. For all pairs of nodes in the two trees, compute relations among
concepts of nodes.
For our purposes, we utilised WordNet in steps 1 (to develop the senses of each
lemma) and 3 (to generate the relations between pairs of labels). The generation
of the label matrix at step 3 made use of an exhaustive traversal through the
WordNet dictionary. The results of step 3 are a set of tuples, eID, n1 i, n2 j, R ,
where eID is a unique identiﬁer for the given element-level match, n1i is the
i-th node of the ﬁrst ontology graph, n2j is the j-th node of the second ontology
graph, and R is one of equivalence, more general, less general or disjoint. We
ignore possible overlapping or unknown relations. These tuples are captured in
a database, grouped together as an ontology match.
The Merge operation generates a new ontology graph from two existing ones,
on the basis of a deﬁned ontology match. The resulting merged ontology is stored
in the database. The operation has 5 steps:
1. Compute the set of direct child-parent relations for the new graph, based on
the set of element-level matches.
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2. Compute the set of direct parent-child relations for the new graph, based on
the results of step 1.
3. Generate the complete set of parent and child nodes for the new graph, based
both on relations from steps 1 and 2, as well as the existing relations in the
source graphs.
4. Compute the set of disjoint relations for the new graph, based on the set
of element-level matches, for all siblings in the graph generated by step 3,
where such siblings are not already disjoint.
5. Perform a deep copy of non-matched objects from each of the source ontologies into the new ontology.

5

Test Results

The matching and merging capabilities of SOMET have been tested using two
simple ontologies. The goals of the test were to successfully invoke the S-MATCH
implementation, generate a set of class-level matches, add or modify one such
match, and to merge the two ontologies into a third on the basis of the matches.
The test would be successful a) if the merged ontology contained the union
of the two source ontology classes in a directed acyclic graph, with at least
some successful matches, and b) if the Match and Merge operations execute in
reasonable time. Tests were conducted on a P4 3.0GHz machine with 2GB of
memory.
The matching operation took 74.407 seconds. Further analysis showed the
majority of this time was due to the exhaustive scansion of the WordNet database.
The merging operation took 5.703 seconds. The results show some inconsistencies of the WordNet associations, with certain anomalous subsumtion relations
identiﬁed.
The results of the test show that for small ontologies, the Match and Merge
operations can be conducted in an shared online environment. While the performance is sub-optimal, this could be corrected by depth-limited WordNet
searches, and augmented with domain-speciﬁc vocabularies. The quality of the
match also varies, although implementing step 4 of the S-MATCH algorithm,
ie. the satisﬁability checks on formulas representing the full path of any given
element, would improve this greatly. The test also demonstrates the ability to
augment automated matching techniques with manual matching.

6

Further Work

SOMET has been developed to a prototype level, and as such lacks the kinds
of user interface enhancements expected of such a tool in a production environment. To realise the aims of providing a generic matching tool with ‘pluggable’
matching techniques, a more sophisticated plug-in architecture needs to be developed. Given the diversity of matching approaches, the viability of this aim
also needs to be better ascertained.
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5

Conclusions

Research on publishing and document standards over several years has motivated
the investigation into how ontologies can be developed and matched in a collaborative way. We have concluded social interaction, negotiation and collaboration
are necessary aspects to successful ontology matching in many environments. So
far, tools for ontology matching have focussed on private ontology matching. In
this paper we have presented SOMET as a prototype for collaborative ontology
development, matching and merging. The test results have been encouraging in
terms of its utility for these purposes.
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