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Abstract. Ontology Matching Algorithms establish a relationship, namely alignment, between two elements of different ontolo-
gies. The efficacy of the process has implications in other semantic processes such as retrieving information, storing data, infer-
ence mechanisms, ontology versioning, and so on. Ontologies are domain representations in a context. We claim that this context
should be taken into account to provide accurate alignments. We present an Ontology Matching algorithm that integrates a Word
Sense Disambiguation process of OWL classes and provides semantic alignments using an extension of OWL constructors. The
disambiguation process builds a network of words and links, using external thesaurus as WordNet and Roget. We use the network
like a representation of our context for the selection of the meaning. We use multiple techniques based on the application of
specific rules and a combination of weighted terms, frequencies and type of links using the network of data. In the evaluation
phase, we compare our model with two benchmarks: one regarding with the disambiguation of classes of ontologies and the other
one using Ontology Alignment Evaluation Initiative datasets. The quality and number of alignments show a slight improvement.
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1. Introduction The characteristics of the languages (expressiv-
ity, vocabulary, overuse of expressions, interpretation,
structure, among others) determine the set of mea-
sures to compute the probability. For example, the
set of measures from a XML based hierarchy of at-
tributes is different from another set based on an entity-
relationship model. Furthermore, every language con-
tains a number of conceptual rules (lexical, syntacti-
cal, semantic, pragmatic, prosodic, and idiosyncratic).
These rules provide a full interpretation model under

Matching techniques are present in multiples data
management processes. Some examples are: the search
of keywords in large data corpus, machine to machine
communications, database queries, information prove-
nance, etc. A matching process discovers if two ele-
ments, or more, are related by a common similarity us-
ing multiples measures. The alignment is widely rep-
resented by a probability range, generally between 0
and 1. In many papers, this relationship is based on

equivalence property. A value of 1 implies, in terms of
natural language, that both elements could be replaced
in both contexts, without data incoherences and misin-
terpretations. However, the result is a range with deci-
mals. Thus, most of the approaches provides a thresh-
old through a semi-automatic process or fixed from
previous well-delimited study under a specific corpus.

a cultural communication. In computer science lan-
guages, the number of conceptual rules is lower but it
is still generating incoherent alignments.

Our data sources are ontologies since they provide
multiples advantages in terms of data storage, applica-
tion development and web communication that other
models such as: entity-relationships, key-value tables,
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or simple structured documents [3] . Semantic tech-
nologies have a significant influence on: transforma-
tions among languages or layers architecture; services
protocols; internal data processing; information shar-
ing; query answering on the web; etc.

In the literature, there are some classifications of
ontology matching measures [16,54,56,15]. Basically,
the measures are classified in three main groups: lex-
ical, structural and logical. In the case of lexical mea-
sures, the equivalence of two elements is based on
data extracted from the words representing those el-
ements. In this category, there are processes based
on morphological analysis of terms which analyse the
combination of morphemes and methods based on
common characters. Some well-known algorithms are
the ones computing the lexical distance between ele-
ments, e.g. Hamming distance, Levensthein distance
and Needleman-Wunch distance. In the case of struc-
tural measures, there are more criteria and hence more
data for the comparison. Some measures are the po-
sition inside the structure, the frequency of elements,
the number of descendants or objects properties, the
quantity of individuals, and so on. In the case of logical
measures, the traces are the number of axioms (restric-
tions in cardinality and universal and existential quan-
tifiers) and inference assumptions. Finally, an ad hoc
set of rules or a weighted sum combines all measures
in only one.

We consider that a greater set of measures does not
guarantee a successful comparison of equivalence be-
tween two elements. But the results are more accu-
rate if we use measures derived from all the conceptual
rules since it decreases the disambiguation of the align-
ments. We conduct this research in the use of semantic
measures to develop an automatic ontology matching
algorithm. We define a semantic measure as the mean-
ing of an ontology element under a context.

With a schematic example lets see as matching al-
gorithms have integrated more information once and
again to obtain successful results. In the case of using
lexical measures for equivalence between the words
door and portal, the distance algorithms compute nu-
merical results. Thus, the Levenshtein distance is 5;
Jaro distance is 0.61 and Jaro-Winkler distance is 0.76
(with @ = 2) for these two words. Until this point, we
would not know if they are equal because basically we
need to know the context of the use.

In the case of using structural information such as:
number of attributes, types, parents, etc., we can guess
that both terms have the same number of attributes
(e.g. weight, colour, size, material, and company). Al-

though, the attribute values can be different, but at
least, they provide certain contextual information. The
idea: the most indicators, the best results. In any way,
It seems that both words make reference to barriers.
To avoid further uncertainty, it is necessary to use the
semantic model. In the case of using semantic data
and continuing with our example, we increase the rep-
resentational model with extra descriptors: “a house
needs a door" and “a mansion needs a portal". There
are more contextual data and at the same time, the
complexity of the matching process has increased sig-
nificantly: more criteria to handle. We must discover
the meaning of these new terms and new structural
relationships to define the alignment between initial
words: door and portal. In our case, we have decided
to use external resources: a dictionary and a thesaurus.
The three data sources: the dictionary, the thesaurus
and the ontology will define a network of relationships.
That network of terms will be our context.

This paper is organized as follows. Next section in-
troduces an extensive analysis of related works. We
include a comparative table with the main character-
istics of ontology matching algorithms. Section 3 in-
cludes the explanation of our architecture. We cover
the disambiguation of terms and the establishment of
alignments, and the vocabulary used to represent align-
ments. Section 4 covers the evaluation of our approach.
Finally, the conclusions and future work close the pa-

per.

2. Related Work

In Semantic Web, a matching algorithm is repre-
sented as a function (equation below) that returns a nu-
meric value between 0..1. The function has implied a
type of property: equivalence, synonymy, antonymy,
etc. Usually, it is an equivalence relationship but it de-
pends on each case. Values close to one maximise the
presence of the implied property; values near to zero
are the contrary.

fmatching (elementy, elements) = [0..1]

Many solutions are based on heuristic nature or
learning paradigms such as information retrieval and
data integration. There are basic surveys in the litera-
ture [51,17,52]. According to Euzenat and Shvaiko [17,
52], there are two levels of classification about match-
ing processes. The first level depends on the type of
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data that the algorithms use: strings, structure, mod-
els or data instances. Second level is decomposed in
terminological and structural methods. Terminologi-
cal methods are based on string interpretation of the
concept mean; structural methods are divided into two
types, internal and relational. Internal types consider
only the structure of entities, and the relational ones
consider the relationships among entities.

Giunchiglia et al. [23] is one of the first efforts in
dealing with the meaning. Alignments are based on
two perspectives: label of a concept and concept ar a
node. Results are represented by four semantic rela-
tionships: equivalence (=), more general (2), less gen-
eral (C), disjointness (L). Similarity of a label is de-
termined by three types of matchers: string, sense, and
gloss. A sense is chosen when the number of shared
words exceeds a given threshold. Every matcher works
independently so it is necessary to resolve conflicts
among them. Our approach that uses an extension of
OWL to represent alignments, supports more than four
types of relationships.

Liu et al. [42] approach exploits the following
WordNet relationships: synonyms, hyponyms, hyper-
onyms and definition. With a specific set of rules
among WordNet relationships and OWL constructors,
they choose a sense. The process checks 4x4 coinci-
dences along query words. Our algorithm considers
8x8 matches with extra semantic rules and semantic
matching with ontologies.

Banek et al. [5] approach automatically annotates
the meaning of ontology classes using WordNet. They
define the distance between a pair of classes as the
number of edges that form the shortest valid path
between them. They adopt two disambiguation tech-
niques: Yang and Powers [61] measure the overlap be-
tween WordNet and ontology structures using edge-
counting techniques and Liu et al. [42] discover over-
laps through gloss terms. These works are the based
for our definition of a degree of similarity for compu-
tational task.

Khelif et al. [36] developed an algorithm for Class
Sense Disambiguation (CSD) based on distance among
ontology constructors. The distance is computed by
weighting the edges of the path between both classes.
The path is a set of hierarchical links: the domain and
range of object properties. The evaluation obtained the
highest average precision in the extraction of anno-
tations from the Unified Medical Language System
(UMLS). In our case, we apply our algorithm in any
open discourse with generic ontologies.

Castano et al. [9] presented an ontology matching
algorithm in which the semantic affinity between two
concepts is evaluated according to theirs relationships
in the thesaurus and in the contexts.

The meaning of a concept relies on the interpreta-
tion of the context. Fenza et al. [19] explore the neigh-
bourhood concepts according to a radius. This radius is
interpreted as a distance among nodes. Yang et al. [61]
defined this type of metrics like a similarity degree of
equivalence. We have included some of these ideas in
our development.

In terms of performance, Giunchiglia et al. [20] ad-
dressed their work on lightweight ontologies defining
an algorithm which minimized the number of com-
parisons. They used the classification between nodes
to synthesize the original sources and they defined a
set of patterns to compute minimal alignments. They
designed an algorithm that reduces the response time
around 40%.

2.1. Recent developments in Ontology Matching

We have analysed the latest 37 approaches since
2003 with the following criteria to better understand
the evolution and the role of the meaning and context.

— Name and Year.

— Elements. 1t is the type of information that the
authors try to handle: only individuals, some
classes, properties, restrictions, special proper-
ties, etc.

— Real data. From our point of view, Real data is
the top type of data that they need to perform their
heuristics. We have defined some incremental cat-
egories:

* taxonomy: hierarchical relationships.

* graphs: triplets (subject, predicate and ob-
ject) like graphs.

* ontology*: property signature: domain, range
and name.

* ontology: different types of OWL construc-
tors, cardinality, restrictions, transitive and
reflective functions, etc.

— Lexical. It synthesizes the mentioned lexical mea-
sures. Generally, It uses some descriptive data
that complements the class information such as:
name, annotations, labels,. . .

— Structural. Tt synthesizes the mentioned structural
measures.

— Combinational. It refers to the set of ideas to
group all repertoire of simple measures.
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— Meaning. We label with y the approaches where
the meaning participates in the similarity deci-
sions, or we label with y* when the context has
been considered or mentioned.

— External resources provides comparative data.
Well-known resources are: WordNet, Wikipedia
(or DBpedia), and UMLS.

— Evaluation. We cite the set of cases, datasets or
OAEI campaigns.

— Representation. It is the way the alignment is rep-
resented. Most of the cases use a value between 0
and 1. In some cases, extra data is used about the
type of relationship: subsumption, disjointness,
and so on.

— “Focus on". It represents the main measure or
technique used.

Tables 3 and 4 contain our overview. For readability
reasons, the tables are in annex A and the second one
contains the bibliography references.

3. Meaning-based Matching Architecture (MMA)

We split our approach in two algorithms. The first
one discovers the meaning of ontology classes and it
generates an intermediate network of data. The second
one uses the network to find meaning alignments.

3.1. Automatic Meaning Discovery

Discovering the meaning of a word, i.e finding
the appropriate meaning in function of its represen-
tation, is a widely studied problem in Natural Lan-
guage Processing and Machine Translation in the late
40s [49,43]. It is called Word Sense Disambiguation
(WSD). WSD is considered a complete problem in Ar-
tificial Intelligence because of the number of factors
and high interdependence, such as: number of words,
granularity details, different levels of representation
(lexical, syntactic and semantic), lack of linguistic re-
sources, limitation of constructors, clarity of represen-
tation, etc.

An Automatic Meaning Discovery process finds the
best meaning of an element without human supervi-
sion. Ontologies are set by classes, instances, prop-
erties and axioms. We only discover the sense of the
classes but we considerer the other elements to build
the network. We suppose that a class has only one
meaning under a domain. Thus, the problem is to find
out the best one sense of a class. This problem is not

present when a class has only one sense but it is infre-
quent since words often have multiple interpretations.

The structure of our network of data is inspired by
the WordNet thesaurus. Moreover, the algorithm can
work with two external resources: WordNet and Ro-
get’s thesaurus. And it works using a set of specific
rules.

An ontology class, C, and the label of the class is
called concept. The concept is a set of words. Each
word is called a simple word (sW;). If there is more
than one word, the class is a compound word. Thus,
a class has simple words: C = sW,. For exam-
ple, House_Mansion = Housei, Mansions. Sim-
ple words are linguistically preprocessed through a
specific stemming algorithm. A sW,; goes through
a bag filter and it does not contain prefixes or spe-
cial symbols. For example, prePizzaTopping =
pizzai, toppings and Brasil2014 = Brasil;.

A simple word has one or more senses (5;): C' =
sW; @ S;. The two-points means possession, i.e. a sim-
ple word has a sense, and there is not relation among
indexes. For example: House_Mansion = House; :
{S1 = "the house...”, Sy ="a place...” }.

In WordNet, a sense has a definition called gloss.
It is written in natural language and it contains more
words called terms (t;): sW; : S; : t; (ort; : S; :
sW;). Each sense has a set of properties by WordNet or
by the ontology: .S; : Hpon;, Hper;, Syn;, Ant;, Mer;,
Hol; (hyponym, hypernym, synonym, antonym, mero-
nym and holonym respectively). Each semantic word
(Hpon;, ...) is a simple word as well. These links
among words generate a network of words. Therefore,
we have 8x8 possible combinations of terms for each
two senses.

3.1.1. Patterns of selection

We have defined four patterns to discover the mean-
ing of the classes based on the analysis of construc-
tors/links between the ontology and the thesaurus
structures. In case of Roget’s thesaurus the size of the
structure and the accuracy are smaller than the Word-
Net thesaurus.

The bigger number of patterns are established the
bigger number of senses are selected without error.

I1C;: sW; : Sy : {Hper;} = sW; : Cj and C;
owl:subClassOf C; for hierarchical relationships
of belonging. It is not necessary a direct relation-
ship of subclasses, it can be indirect: C; C C) C
Cj.

II C;: sW; : 51 : {Hpon;} = sW; : C; and C}
owl:subClassOf C; for subsumptions. As in the
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previous example, the hierarchical relationship is
transitive.

I C; : sW; : Syn; = C; for synonymy.

IV C; owl:equivalentClass C; y Cy;y : [sWh
S1| = 1. If two classes are equivalents and one of
them have a sense then both classes share the same
sense. It is triggered towards other statements.

For example, if an ontology class has the concept:
emptyTank, it has two simple words: emptyTank =
{empty;, tanks}. The word Tank in WordNet has five
senses: army tank, storage tank, tankful, tank car, and
cooler. Moreover, following the example, in the ontol-
ogy there is a class with only one simple word with
only one sense. This class is car. Applying the third
pattern, the sense of tanks is the fourth definition (tank
car).

The applicability of patterns is significantly smaller.
For that, we have designed other type of patterns more
generics, namely correspondences. They are based on
frequencies and weighted properties.

3.1.2. Correspondences of selection

When humans tries to describe similar domains,
they often use similar words or these words make ref-
erence to another words. There is a repetition of words
related to the domain. In this case, the most referenced
sense is the most widely accepted by the context. Thus,
we define a correspondence when two terms have iden-
tical names and at least one simple word is related by
one term network. The correspondences determine the
bigger utilization of a sense but a weighting of all the
correspondences is required in the final phase.

The correspondences are:

a Hierarchical case:

C; : sW; : {S; : Hper;|Hpon;}" = {*} : S, :
SW]‘ : Oj

From left to right, a concept (C;) has several simple
words (sW;). A simple word has a sense (,S;) which
has hyperonyms and hyponyms (Hper;|Hpon;).
Some of them has the same label that another sense
of other class. They are some overlapping matches
for terms of a concept j and a hierarchical term of
a concept ¢. Previous patterns I and 7 override this
type of matches.

b ObjectProperty case. An ObjectProperty is defined
by a signature (label, domain and range classes) and
its type (transitive, reflexive,...). We deal with the
label like another class. Moreover, we apply pat-
terns in the hierarchical relationships among label

properties. Regarding with the type, we only deal
with transitive properties which provide a relation-
ship with other concepts and can be used to weight
common meanings and terms. For example, if there
is a correspondence between a-b and b-c and that re-
lationship is transitive then the correspondence has
a higher weight.

Specially, there are a great number of properties that
contain as first word: has. We realised that the num-
ber of properties with this token is around 23%.
This token is useful in two cases: meronyms and
holonyms properties. We use the implicit meaning
of belonging.

¢ Data-type property case.

Ci: Pri:sW;:S;: {x}={x}:85;:sW;:C,.

From left to right, a concept (C;) has a property
(Pr;). This property has a label with several simple
words. Each simple word has senses and so on. Per-
haps, some elements of this sense is lexically equal
to another element of other sense. We use the label
of the property and it only affects a domain class.

d Restriction case. We only consider the correspon-

dences for all the words derived from the properties
and concepts in the restriction.

e Individuals case. When the individuals are defined

in the WordNet or Roget’s thesaurus, we generate
direct alignments with their types. For example,
the analysis of Spain in WordNet provides terms
as: country,mainland, iberia, Europe, and
they can appear in the ontology.

f Other case: They are correspondences among the
8x8 pair of combinations. We identify 8 seman-
tic functions: gloss terms ¢;, simple words sW;,
meronyms M er;, holonyms Hol;, hyperonym H per;,
hyponym Hpon,;, synonyms Syn; and concepts C;.
The most frequent correspondences are terms-terms:
sWi 0 S; : ty=t; + S5 + sW;, and synonyms corres-
pondences sW; : S; : Syn;=Syn; : S; : sW;.

Once we apply the correspondences, we have to de-
cide the most suitable sense for a class. This weighting
is based on two factors: the type of correspondence and
the ambiguity of the involved concepts. The weights
of the type of correspondences depend on the type of
semantic function between the correspondences (term-
term, term-synonym, term-hyperonym, etc.), and they
have been fixed in practical experiments. The second
factor takes into account the participation in a corres-
pondence of a non ambiguous classes. If there is an
unambiguous element in the correspondence then the
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sense of the other class refers at that particular mean-
ing. We consider that this meaning has to be more sig-
nificant than the other possible meanings. For exam-
ple, the case of two correspondences on the same sim-
ple word (sW,): sW, = Sy : to=t, : S; : sW, and
sWy + Sp @ ty=ty + Sy @ sW, where sW,, : |S,| =1
and sWp, : |Sy| > 1. a class has more influence than
the class b for the number of senses. We have weighted
this type of cases using 4 as scalable factor. Following
with the example, the total weight of @ on x is 4% 2 and
of b is only 2.

3.1.3. Compound nouns

Compound names are a type of regressive structural
association of words towards the left where the addi-
tion of a new element inserts a new association to all
the predecessors. it [27,38]. A compound name can be
seen as a semantic relationship between a head word
and nominal modifiers. For example in pizzaTopping,
topping is the head and pizza is the modifier.

We consider the following cases to map meaning be-
tween compound nouns: reference and modifiers.

() When two compound words have the same head:

— If modifiers are synonyms then, both classes
are synonyms. The detection of equiva-
lence in the modifiers is carried out in the

patterns.
— If modifiers have a hierarchical relation-

ship then both classes are subclasses in re-

lation to the other.
— If modifiers have a similar subject, then

we create a new class that has the head
label and both classes are subclasses of
it (e.g. orangeJuice C Juice and Apple-
Jjuice CJuice). The same subject is detected
since they have a similar predecessor.

(IT) When a head is linked with a modifier of differ-
ent compound words, but it is impossible to de-
termine the type of relationship because the ab-
sence of resources. Each case should be dealt in-
dividually.

(ITIT) When both modifiers are equivalent, we can-
not determine the type of relationships be-
tween them. Human supervision is necessary,
e.g. orangeJuice and orangeFruit ot
freshJuice and freshFruit,

It is difficult to represent the meaning of a com-
pound word because all the modifiers determine a spe-
cific domain or quality of the head. In order to discover
the meaning, we have considered dealing them as in-
dependent units (simple words).

3.2. Automatic Matching Discovery

The network of terms regarding with a class is
made up of noun compounds, senses, gloss terms, all
of them relate with its semantic function (synonyms,
gloss terms, etc.), and moreover, new classes.

We determine the alignment when both classes have
the same sense and other type of cases from the corres-
pondences of the previous phase.

An alignment happens when two classes have the
same sense. It does not matter if they have different
labels (e.g. vehicle and medium).

In the second case, the process is set by our network
of terms among other words (C' = sW;, wS; : S;,.5; :
Hpon;, Hper;, Syn;, Ant;, Mer;, Hol;). The group
of measures is more complex since it involves more
heterogeneous similarity relations. We can detect over-
laps between words when we mix the networks. We
often cannot establish a match between terms due to
the complexity of the relationships in the network. We
identify the following cases:

— Case 1. Two classes share the same name but
not the same sense. We have assumed that both
classes are synonymous. This assumption is es-
tablished to obtain results when we evaluate our
approach in OAEI campaign, we will explain it in
the evaluation section.

— Case 2. Two classes share a common synonym
but do not have the same name, then both classes
are synonymous.

— Case 3. Two classes share a common term then
both have the same action. The action is unknown
since the identification of the verb is so complex.

In the case of compound words, the class is set by
headers and modifiers. We have defined some rules:

— Rule 1. If two compound names share the same
name then both are equivalent classes, regard-
less of the meanings. Rarely, there are equiva-
lent compound words with different meanings. A
greater number of words is greater the restric-
tion on the definition of a compound word. Thus,
it is not necessary to compare meanings. There
are some exceptions, for example, AirForce
-presidential plane-, Air Force -military air-
craft fleet-.

— Rule 2. When the heads are similar then:

* Rule 2.1. If modifiers are synonyms then the
classes are as well.
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* Rule 2.2 /2.3. If modifiers have a relation-
ship of hyperonym/homonymy in WordNet,
then both classes will be superclass/subclass
respectively.

* Rule 2.4. If modifiers share a common su-
perclass, and the class does not exist, then
we can create a superclass of both classes.

— Rule 3. When the head of a compound word
matches with a simple concept, the compound
word is transformed in a subclass of the simple
word. The compound word is a specific type of
head word. For example, PizzaTopping becomes
a subclass of topping.

4. Alignment Representation

The most important factor of the representation is
the capacity to be reused and integrated in original
sources without the intervention of third-applications.
For that, we use the same logic model under specific
constructors that is defined in OWL-M [40]. We have
changed some constructors to make the integration
with inference engines more efficient . Thus, Hyponym
and Hyperonym are replaced by rdfs:subClassOf con-
structor. We split the interpretation of the owlm:synonym
constructor into two parts: classes with the same mean-
ing (owl:equivalentClass) and classes with some sim-
ilarity degree but not identical ones (owlm:synonym).

OWL-M is able to create a composition of construc-
tors, a path. Thus, OWL-M relates conceptually dis-
tant terms. Classical representations only relate two
concepts directly. OWL-M makes the more expressive,
complex and flexible alignments. Table 1 shows the in-
terpretation of OWL-M constructors. We show some
examples in the results subsection.

In any case, these constructors are OWL-based.
They are 100% compatibles with inference engines.
We want to use these labels in order to have an upper
representation that joins both ontologies. It is basically,
a conceptual layer.

4.1. Examples of alignments
We obtain some alignments in OWL-M format of

two ontologies: edas' and ekaw?, from OAEI cam-
paigns.

Thttp://oaei.ontologymatching.org/2014/conference/data/edas.owl
Zhttp://oaei.ontologymatching.org/2014/conference/data/ekaw.owl

1. There are new action-rules in the Person class
(figure. 1). We can read that edas: Person is equiv-
alent to ekaw:Person. Both :Person can organize
and enrollee something, where the concept en-
rollee is a new concept. Both :Person can be pre-
sented and can be a social event.

<rdf:Description rdf:about="http://edas#Person">

<owlm:actionRule rdf:resource="http://ekaw#
Organisation"/>

<owlm:actionRule rdf:resource="http://swap.uib.es
/2009/08/owlmfenrollee" />

<owlm:actionRule rdf:resource="http://ekaw#
Social_Event"/>

<owlm:actionRule rdf:resource="http://ekaw#
Presenter"/>

<owl:equivalentClass rdf:resource="http://ckaw#
Person"/>

</rdf:Description>

Fig. 1. Example of an alignment with equivalence and actionRules
properties

2. There are new classes (figure. 2). The first one is
a simplification of a compound word.

<rdf:Description rdf:about="http://ekaw#
Individual_Presentation">

<rdfs:subClassOf rdf:resource="http://acsic.uib.es/
ncB.owl#presentation"/>

</rdf:Description>

<rdf:Description rdf:about="http://ekaw#Student">
<rdfs:subClassOf rdf:resource="http://ekaw#enrollee
N

</rdf:Description>

Fig. 2. Example of new concepts

3. There is a difference among: equivalent, similar
and synonymous classes (figure. 3).

4. Hierarchies are redefined when there are com-
pound words (figure. 4).

5. Evaluation

We split the evaluation of each part of the algorithm:
meaning and matching process. In both, we need an
annotation model set by experts under the domain of
the representation [55].

In the first case, meaning process, Senseval® is con-
sidered the main forum in order to evaluate disam-

3http://www.senseval.org/
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Abstract Syntax Semantics ‘ examples (under a A
Hyponym(C' D) cl cpf Dog C Canido
Hyperonym(C' D) cl o p! Vehicle O Truck
Synonym(C'...Cr) C{ =.=C} Hot = Torrid
Antonym(E : C D) cInDp! =@gand3E!| CT, DI C E! Temp. : Hot L Cold
Cause(C' D) if C! then D! fire — hot

R is PartOf, m

at B1

res.(R repetition(n)) =n
ObjectProperty
[PartO f] ict = {DIy™ | DI = | Camshaftbelong Engine
{Di{,D},...,DI},m = 1,RT C
cl x DI
[ComposedO f] RI = (~PartOf}) Pizza has 1.Bread
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Table 1

Abstract Syntax and Semantics of OWL-M Constructors

<rdf:Description rdf:about="http://edas#
RejectedPaper">

<owlm:synonymOf rdf:resource="http://ekaw#
Rejected_Paper"/>

<rdfs:subClassOf rdf:resource="http://ekaw#Paper"/>

</rdf:Description>

<rdf:Description rdf:about="http://edas#Presenter">

<owlm:similarOf rdf:resource="http://ekaw#Presenter
H/>

<rdfs:subClassOf rdf:resource="http://edas#
communicator"/>

</rdf:Description>

Wo
wo

<rdf:Description rdf:about="http://edas#Workshop">

<owl:equivalentClass rdf:resource="http://ekaw#
Workshop"/>

</rdf:Description>

Fig. 3. Example of different types of similarity

<rdf:Description rdf:about="http://ekaw#
Neutral_Review">

<rdfs:subClassOf rdf:resource="http://edasf#Review"
/>

</rdf:Description>

Fig. 4. Example of restructuring a compound noun

biguation techniques. In our case, we cannot apply
Senseval benchmark because ontologies are not in-
cluded as input valid format. To solve this problem, we
decided to create manually a data set where we defined
each sense of all the ontology classes. In total, we la-
belled 870 classes with WordNet identifiers from 16
ontologies belonging to conference dataset from On-
tology Alignment Evaluation Initiative (OAEI).

In the evaluation of matching algorithm, we used
the precision, recall and F-measure [22]. Precision
measure is the number of correct alignments. Recall
measure is a ratio of correctly found correspondences
over the total number of expected correspondences. F-
measure is the harmonic mean between precision and
recall. We can evaluate our algorithm via web services
using the conference dataset and OAEI Seals project
web services.

5.1. Evaluation of Automatic Meaning process

We have used OAEI conference catalogue with
WordNet identifiers to know the right sense of each
class. Conference catalogue with 16 ontologies has
51.5 classes, 23.5 compound names (45.63%), a total
of 66.5 senses and 5.5 misspelling labels. Moreover,
we discover 5 new concepts of average. The success ra-
tio of senses is 0.5048%. The results for sigkdd, a spe-
cific ontology of Conference catalogue, are 55 classes,
28 compound nouns, a total of 84 possible senses and
8 misspelling labels. Moreover, we discover 6 new
classes. The success ratio is 0.40%.

5.2. Evaluation of Automatic Matching process

We have evaluated our approach in three different
years 2011-2013 in OAEI campaign; using the con-
ference catalogue. Our MMB approach obtains under
that test has a precision of 0.74, a recall of 0.53 and
Fl-measure of 0.56. Under that results, our approach
would be in a third place in 2013.
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Comparison 2011.5 2012 2013
System
HetTUDA 0.74 0.55 0.44 0.7 0.56 0.46 0.7 0.56 0.46
HotMatch N/A 0.67 0.55 0.47 0.67 0.55 0.47
LogMap 0.78 0.61 0.5 0.77 0.63 0.53 0.76 0.63 0.54
LogMapLite 0.68 0.54 0.45 0.68 0.54 0.45 0.68 0.54 0.45
MaasMatch 0.56 0.49 0.43 0.6 0.56 0.52 0.27 0.36 0.53
MapSSS 0.47 0.46 0.46 0.47 0.46 0.46 0.77 0.58 0.46
ServOMAP N/A 0.68 0.51 0.41 0.69 0.58 0.5
WeSeE-Match 067 | 055 | 046 0.72 0.55 0.44 0.79 0.55 0.42
WikiMatch N/A 0.7 0.55 0.45 0.7 0.55 0.45
YAM++ 0.78 ‘ 0.71 ‘ 0.65 0.78 0.71 0.65 0.78 0.71 0.65
Our approach the same datasets ‘ 0.74 0.53 ‘ 0.56 ‘ the same datasets

Table 2

Comparison of OAEI 2011-2013 campaign proposals on conference catalogue

Our evaluation under OAEI initiative has been lim-
ited by the language to represent alignments: Aligmen-
tAPI, and the type of test. Alignment API does not
have the logic interpretation of OWL. The representa-
tion of an alignment is based on a numerical value be-
tween 0 and 1. We have to transform a part of the re-
sults to that XML-based format. Obviously, our match-
ing generates a bigger number of results. For example,
when we compare edas and ekaw ontology, we obtain
only five alignments between these classes: Paper, Per-
son, Conference, Review, and Reviewer. When we use
our annotations based on OWL constructors the align-
ments have a semantic relationship: Regular_author is
a subclass of Author; Review_preference is a subclass
of preference; ProgramCommitee is a synonym of Pro-
gram_committee; Chairman is considered a spelling
mistake, and so on. This number is three times the one
in previous results.

We get 82% of recall, 100% of precision when all
our semantic alignments are represented with numeri-
cal values between 0 and 1. But we have preferred to be
coherent with our affirmation: the alignment of terms
has to be based on the meaning interpretation.

6. Discussion

Actually, the results depend on the decisions of the
designer of the domain, the vocabulary and the struc-
ture of WordNet. The two first cases are inevitable. The
third, WordNet plays an important role in the disam-
biguation process. It defines senses, hierarchical levels
of expressiveness and granularity, and words context.

Some authors comment that WordNet suffers deficien-
cies as a tool for disambiguation techniques. Word-
Net [47] was not designed for disambiguation tasks but
it is the best available choice. For that reason it be-
came a standard at Senseval/Semeval evaluation cam-
paigns. Disambiguation applications suffer extremely
distinctions that characterize a word in WordNet [1].
There is a lack of coherency in the granularity defini-
tions that helps to the compliment of a meaning in the
context [46]. Agirre et al. [1] provides multiple solu-
tions such as: a thesaurus of a specific domain, increas-
ing the frequency of data cross and preferential infor-
mation, simplification of hierarchies, senses mutually
exclusives, removing incorrect links, among other pro-
posals.

Maybe, we will have a better successful rate if we
had information on those senses that are mutually ex-
clusive. For example, the word conference contains
three definitions . First and third definitions are suit-
able for our context. On the contrary, we used one de-
finition in our evaluation study.

The granularity in the hierarchical structure of
WordNet has also an impact in the results. We designed
an uninformed best first search (UBFS) algorithm on
WordNet with a limit of 4 links of depth to find co-
rrespondences but this limit was set experimentally.
We had a hit ratio of 37% with 4 levels of depth. It
can be avoided increasing the number of searches on
WordNet and including supplementary resources but
the benefits does not contemplate the overhead.

“http://wordnetweb.princeton.edu/perl/webwn?s=conference
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To sum up, specific domains require an ad-hoc
matching process. General approaches are always af-
fected by the quality of the representation and external
resources. OAEI campaigns use the same dataset for
many years and some catalogues do not have enough
number of properties or restrictions. They are only tax-
onomies based on subclasses.

In addition, we could argue that OAEI catalogues
are rarely ambiguous. It means that two identical do-
mains have concepts with same meanings and there-
fore, lexical and/or syntactic measures are enough.
OAEI campaigns happen between related and spe-
cific domains: conferences, publications and direc-
tories. There are not any overlapping or difference
among terms and structures. That means it is not nec-
essary to deal with senses. Moreover, the results are
suitable for OAEI evaluation format. It is necessary to
include the meaning in the process of matching. The
meaning distinguishes between equivalent classes in
different domains and it detects the coverage and the
overlap among definitions and interpretations.

7. Conclusions and Future Work

Ontology Matching has multiples overlaps with lin-
guistic computer disciplines: information retrieval, text
mining, natural language processing. Semantic simi-
larities require both lexical and structural similarities.
The great difference is based on the capacity to under-
stand the context. The interpretation of semantic mod-
els is based on the logic model by means of OWL lan-
guage. But, the real semantic representation does not
remove the need to know the real meaning when we
interpret or map different domains.

Current proposals combine lexical and syntactical
measures with a set of comprehensive and flexible
heuristics that difficult the characterization. Our de-
scription is based on a number of categories following
the ideas of [54], that were extended by [16]. Few pro-
posals consider the context or meaning as part of the
OM process.

Our approach combines automatic meaning and
matching discovery processes to take advantage of
both synergies. Firstly, the algorithm generates a net-
work of terms based on WordNet and Roget’s the-
saurus structure. It uses a combination of patterns and
weighted TF-IDF formula to select the more suitable
sense. Secondly, the matching algorithm only links
classes with the same meaning and there are extra rules
to link other elements that are not fully equivalents. We

evaluated both algorithms with a gold standard ontolo-
gies and OAEI campaigns. According to the corpus,
the results of the meaning discovery is around 50% of
success cases.

The alignments have been evaluated with OAEI
datasets defined in the 2010-2014 campaigns. OAEI
compares algorithm results if they are only represented
in Alignment API format. Thus, we had to reduce the
number of results represented with our extension of
OWL. Thus, alignments include more relevant data
than just a numeric value. Similarly, we could not as-
sess the overall outcomes represented because of the
complexity of the task. We evaluated the results using
Alingment API, with a filtered results.

We address our future research in the field of com-
plex networks. We can analyse non-trivial topological
cases.

Finally, the matching of specific domains should be
performed by match process aimed at those domains.
General proposals will not have the same degree of
success.
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In this annex, we include the synthesized tables of
the related work. The size of the both tables modified
the structure of this paper.
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