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Abstract 
The amount of sources of information available on the web using ontologies as support continues to increase 
and is often heterogeneous and distributed. Ontology alignment is the solution to ensure semantic inter-
operability. In this paper, we describe a new ontology alignment approach, which consists of combining 
structure-based and reasoning-based approaches in order to discover new semantic correspondences between 
entities of different ontologies. We used the biblio test of the benchmark series and anatomy series of the 
Ontology Alignment Evaluation Initiative (OAEI) 2012 evaluation campaign to evaluate the performance of 
our approach. We compared our approach successively with LogMap and YAM++ systems. We also analyzed 
the contribution of our method compared to structural and semantic methods. The results obtained show that 
our performance provides good performance. Indeed, these results are better than those of the LogMap 
system in terms of precision, recall, and F-measure. Our approach has also been proven to be more relevant 
than YAM++ for certain types of ontologies and significantly improves the structure-based and reasoning-
based methods. 
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1. Introduction 

The semantic web community relies on ontologies to overcome the crucial problem of semantic 
heterogeneity. However, these ontologies are heterogeneous. This heterogeneity may occur at the 
syntactic, terminological, conceptual, and semiotic levels [1]. 

Ontology alignment, which is defined as the process of identifying semantic correspondences between 
entities of different ontologies to be aligned [2], represents the solution to the problem of semantic 
interoperability between different sources of distributed information.  

Due to the size and number of ontologies, ontology alignment cannot be done manually beyond a 
certain complexity. For that reason, automatic techniques, or at least semi-automatic ones, should be 
developed to reduce the burden of having to manually create and maintain the ontologies alignment 
[3]. However, automatically identifying the correspondences between ontologies is very difficult due to 
their conceptual divergence [4].  
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Numerous ontologies have been developed in recent years in different domains and several methods 
have been elaborated upon to semantically align their entities. 

These methods are generally based on the similarity of computing their names, relationships, and 
instances. These methods can be terminological, linguistic, structural, semantic, or extensional; and most 
of the systems often combine these approaches [2,3]. Furthermore, ontology alignment approaches can be 
split globally into two main categories [2]: reasoning-based approaches and approaches based on the 
similarity computing.  

As such, the objective of this paper is to present a new approach for ontology alignment in order to 
find new semantic correspondences between the entities of the two ontologies that are to be aligned.  

It consists of combining reasoning-based and structure-based approaches. The goal is to apply the 
intra-taxonomic structural metrics that have been well-established in the literature [2] in the case of 
aligning two ontologies that do not necessarily share the same taxonomy. Therefore, the idea is to create 
an inferred shared taxonomy by the two ontologies to align, which serves as support for the application 
of intra-taxonomic metrics. This creation occurs in two steps. First, an initial reference alignment is 
exploited to merge the two ontologies to align. Thus, a first shared taxonomy is created. Next, the 
inference services of description logics [5] are operated to identify the inferred taxonomy. The idea 
behind this inference is to discover all implicit subsumption relations and thereby enrich the shared 
taxonomy. As a direct consequence, this can improve the similarities calculated by the intra-taxonomic 
metrics and thus new semantic correspondences can be discovered. 

The rest of the paper is organized as follows: first, background is cited in Section 2. The motivation 
and illustrative example are presented in Section 3 and the related work is presented in Section 4. 
Section 5 describes our contribution by giving a detailed account of our approach and Section 6 
presents the aspects related to the implementation of our system. We provide the evaluation results in 
Section 7, in order to show the efficiency of our approach. Section 8 contains our conclusion and 
establishes the direction for future work. 

 
 

2. Background 

In this section we present the preliminary notions of ontology alignment. We outline the concepts of 
ontology, similarity, and alignment based on previous work carried out in [2,3].  

 

2.1 Formal Definition of Ontology  
 
Ontology is a six tuple [3]:  O = <C, R, I, HC, HR, A> where: 

� C:  set of concepts. 
� R:  set of relations. 
� I: set of instances. 
� HC: hierarchy of concepts. 
� HR: hierarchy of relations. 
� A:  set of axioms.  
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2.2 Definition of Similarity    
 
DEFINITION 1. A similarity [2] σ: o × o → R is a function from a pair of entities to a real number 

expressing the similarity between two objects such that: 

� ∀	x,	y	∈	o,	σ	
x,	y�	�	0 (positiveness). 
� ∀	x	∈	o,	∀	y,	z	∈	o,	σ	
x,	x�	�	σ	
y,	z� (maximality). 
� ∀	x,	y	∈	o,	σ	
x,	y�	�	σ	
y,	x� (symmetry).  

 
2.3 Similarity Computing Methods  

 
There are essentially five types of methods for calculating similarities [2]: 

1. Terminological Methods: these methods are based on string matching and can be applied to the 
names, labels, and descriptions of the entities to calculate their similarities. As an example of a 
matcher for this category, we cited the edit distance. 

2. Linguistic Methods: these methods are based on external resources, such as the dictionaries and 
thesaurus, in order to calculate the similarities between the names, labels, and descriptions of 
the entities. As an example of a matcher for this category, we cited the similarity based on 
WordNet (Wu-Palmer). 

3. Structure-based Methods: these methods exploit the internal structure (domain, range, 
properties, cardinality, etc.) and the external structure (hierarchy and the relationship between 
other entities) of the entities in order to calculate their similarities. As an example of a matcher 
for this category, we cited the Resnik similarity. 

4. Semantic-based Methods: these methods are essentially deductive and inferential methods based 
on the formal semantics of the generic or specific domain. As an example of a matcher for this 
category, we cited the SAT solvers. 

5. Instance-based Methods: these methods exploit the instances associated with the concepts 
(extensions) to calculate the similarities between them. As an example of a matcher for this 
category, we cited the Jaccard similarity.  

 
2.4 Ontology Alignment   

 
Alignment is a process Fig. 1 that starts from the two representations of O and O’ and produces a set 

of correspondences between pairs of (simple or complex) entities <e, e’> belonging to O and O’, 
respectively [3]. 

 

 

Fig. 1. Ontology alignment process. 
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There are some other parameters that can be used in the alignment process [2]:  

� A: an input alignment, which is to be completed by the process. 
� p: the alignment parameters (e.g., weights, thresholds). 
� r: the external resource used by the alignment process (e.g., common knowledge and domain-

specific thesauri.  
 

2.4.1 Definition of correspondence  
 
Correspondence is a formal expression that states the semantic relationship between two entities 

belonging to different ontologies [2]. Given two ontologies of O1 and O2, aligning one ontology with 
another means that for each entity (concept C, relation R, or instance I) in ontology O1, we try to find a 
corresponding entity that has the same intended meaning in ontology O2. 

In general, a correspondence can be described as a quadruple:  <e, e’, n, R>: 

� e and e’ are the entities between which a relation is asserted by the correspondence. 
� n is a degree of trust (confidence). 
� R is the relation associated to a correspondence, where R identifies the relationship that exists 

between e and e’, which can be a simple set-theoretic relation, a fuzzy relation, or a similarity 
measure.  

 
2.4.2 Ontology alignment process  

 

   

Fig. 2. Illustrative example: our approach combining structure-based and reasoning approaches. 
 
The ontology alignment is a set of correspondences between two or more ontologies (in the case of 

multi-alignment). The alignment process generally consists of the following steps: 

1. Analysis: this step consists of extracting both entities (concepts, relations, instances) of the two 
ontologies O and O' and their characteristics, which will be used to identify the alignment. 
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2. Similarity Computing: this step consists of executing the different matchers in order to 
calculate the similarities between the entities that are to be aligned. 

3. Similarity Values Aggregation: this step consists of combining the similarity values calculated 
by the matchers in the previous step into one value. 

4. Selection: this step consists of applying a strategy (i.e., a threshold strategy) in order to filter the 
alignment defined in the previous step. Other optimization techniques can also be applied at 
this level to optimize the extraction of the final alignment. 

5. Improvement of the Alignment: descriptive logic techniques can be applied at this level to 
improve the final alignment by diagnosing and repairing any inconsistencies identified in the 
final alignment.  

 
 

3. Motivation and Illustrative Example 

We present in this section an example that illustrates the principle of our approach Fig. 2, in which 
the two ontologies to be aligned O1: 101 and O2: 259 of the biblio test of benchmark (http://oaei. 
ontologymatching.org/2012/Benchmarks/index.html#datasets) series of the Ontology Alignment 
Evaluation Initiative (OAEI) 2012 evaluation campaign.  

We began by merging O1 and O2 with an initial alignment selected randomly from the reference 
alignment established by an expert between O1 and O2. Where “eaygvjqbuxzihnlstutzyyelcb,” the 
concept of O2, was subsumed by the concept “Misc” of O1 and vice versa. 

In this section we will show the contribution of the combination of reasoning-based approaches with 
structure-based approaches. 

− First, if we apply only the reasoning-based approaches Fig. 3 using Pellet [6], a DL reasoner, on the 
merged ontology, we can only deduce that the concept “aewhgrndpekpccyqkguvslcxwi” of O2 has the 
super-concept “Report” of O1, but we will not discover the semantic correspondence (equivalence 
relation) between the concepts “Deliverable report” of O1 and “aewhgrndpekpccyqkguvslcxwi” of O2. 

 

               

Fig. 3. Illustrative example:  insufficiency of reasoning-based approach. 
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− Second, if we apply only the intra-taxonomic structure-based approaches Fig. 4 using the Upward 
Cotopic Similarity measure of UPC (Section 4.2.1) on the merged ontology, we will not discover the 
semantic correspondence (equivalence relation) between the concept “Deliverable report” of O1 and the 
concept “aewhgrndpekpccyqkguvslcxwi” of O2 because the two concepts do not share super-concepts. 

− Finally, if we apply our approach Fig. 2, which consists of the invocation of the DL reasoner, Pellet 
[6], followed by the similarity computation between the two concepts of the two ontologies that are to 
be aligned by applying the intra-taxonomic metric Upward Cotopic Similarity measure of UPC (Section 
4.2.1), we discover that the concept “aewhgrndpekpccyqkguvslcxwi” of O2 and the concept “Deliverable 
report” of O1 have the same super-concept inferred “report.” This means that the discovery of a new 
semantic correspondence (i.e., the concept “aewhgrndpekpccyqkguvslcxwi” of O2) is equivalent to the 
concept “Deliverable report” of O1.  

Matchers that use different terminological and linguistic information cannot discover this semantic 
correspondence. This is why the majority of systems that have participated in the campaign of OAEI are 
failing in this test, because the ontologies in this test lack the terminological and linguistic information 
(http://oaei.ontologymatching.org/2012/results/Benchmarks/Biblio-Benchmarks-r1.html). The process continues 
until all inferred concepts are covered. 

 

  

Fig. 4. Illustrative example: insufficiency of structure-based approach. 
 
 

4. Related Work 

In this section we will briefly introduce some relevant works on reasoning-based and structure-based 
approaches to better position our contribution.  

 
4.1 Reasoning-Based Ontology Alignment   

 
Several reasoning-based ontology-alignment approaches have been developed. We categorized the 

three approaches as: methods using 1) specific algorithms [7,8], 2) SAT solvers [9,10] and 3) and 
Description Logics reasoning  [11-13]. The principle of the approaches that fall under the third category 
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consists first of identifying an initial reference alignment and then applying the Description Logics 
reasoning.  

There are two aspects that have received a particular attention in semantic-based ontology alignment 
using Description Logics reasoning, namely the discovery of new semantic correspondences [11] and 
the improvement of an existing alignment [12,13].  

Other systems, such as LogMap [14], incorporate both repair capabilities and discovery of semantic 
correspondences. In this section, we present some approaches that are relevant to the category of 
reasoning-based methods.  

 
4.1.1 Discovering new semantic correspondences   

 
The proposed work in [11] consists of first, expressing the initial alignment using the OWL-Full 

language and then, translating it into OWL-DL + SWRL / OWL2-RL + SWRL—OWL-Full is the most 
expressive sub-language of OWL (the Web Ontology Language is a family of knowledge representation 
languages). OWL is an AI-inspired markup language and supports reasoning. Also, it has been adopted 
by W3C as the standard for representing ontology [15]. OWL-Full supports applications that require 
more expressiveness, but it can lose computational completeness. OWL-DL supports applications that 
require maximum expressiveness without losing computational completeness. The Semantic Web Rule 
Language (SWRL) is an expressive OWL-based rule language. SWRL allows users to write rules that can 
be expressed in terms of OWL concepts to provide more powerful deductive reasoning capabilities than 
OWL alone. OWL2-RL profile supports applications that require scalable reasoning without sacrificing 
too much expressive power. 

The objective is to have more expressiveness while preserving decidability. 
 

4.1.2 Improvement of an existing alignment   
 
The proposed work in [12,13] consists of reasoning on an existing alignment to detect potential 

inconsistencies. More specifically, the authors identify properties (consistency, embedding, containment 
and minimality) that reflect the quality of alignment and provide algorithms for their verification. 

This work is very useful to improve the generated alignment, but it does not discover new semantic 
correspondences. This approach can be used as the final step for all approaches that discover new 
semantic correspondences. 

 
4.1.3 Repair and discovery of new semantic correspondences 

 
LogMap [14] is a reasoning-based ontology alignment system. To align two ontologies, it begins by 

creating an initial alignment using lexical and structural indexing that operates on the ontologies that 
are to be aligned. Then, it generates the final alignment by alternating iteratively the repair and 
discovery of new semantic correspondences. It incorporates both the repair capabilities and discovery 
of semantic correspondences. 

Contrary to LogMap, after having identified an initial reference alignment we applied a structure-
based intra-taxonomic metric on the shared inferred taxonomy to calculate the similarities. Thus, we 
were able to identify new semantic correspondences, rather than continue with logical reasoning, as 
LogMap does. 
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4.2 Structure-Based Ontology Alignment   
 
Structure-based ontology alignment approaches are a promising family of solutions to find semantic 

relations among concepts of ontologies. We distinguished two main categories of structure-based ontology 
alignment at this level: approaches developed specifically for ontology alignment and approaches 
developed elsewhere that require adaptation in order to be applicable to the case of ontology alignment. 
We will now present some approaches relevant to these categories.  

 

4.2.1 Structural approaches developed for ontology alignment  
 
Several structural approaches have been developed in order to align two ontologies. As an example of 

these approaches we have quoted the works presented in [16-18]. It is often required to combine theses 
approaches with other methods.   

Listed below is a description of one of the approaches that is relevant to the category of structural 
approaches developed for ontology alignment.  

 
Anchor Prompt: This approach uses linguistic matchers in order to identify similar concepts. Then, 

the algorithm compares the paths connecting these concepts into sub-graphs and the similarity 
increases between the concepts of the two paths that appear frequently in the same positions on the 
paths of the same length [16]. 

 

4.2.2 Structural approaches used in a single ontology 
 
Several structural measures have been developed using the same taxonomy. These include the 

structural topological dissimilarity on hierarchies (STDH) method [19], the similarity distance method 
[20], and the upward cotopic similarity (UCS) method [21], which we will detail below.  

 
Upward Cotopic Similarity: 
  

Let δ: O × O � R is a similarity over a hierarchy H = (h ≤ O), such that: 
 

σ(c, c´)= ��(�,.�)	∩	��(��,.�)	

��(�,.�)	∪	��(��,.�)
                                                             (1) 

 
where UC (c, H) = {c' ∈  H; c ≤ c'} is the set of super-classes of c. 

 
These structural measures cannot be used directly for ontology alignment [22] and require adaptation. 

One way to adapt this metric to the alignment of two ontologies consists of using WordNet [2,23]. 
However, we used a logical method instead of an adaptation method. Our method consists of starting 
with an initial alignment that serves as a primer for an inference based on description logics. Our 
method has the advantage, compared to one based on WordNet, to enable the support of consistency 
problems and the appearance of the cycles that can occur.  
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5. Our Ontology Alignment Approach 

The approach that we propose in this paper consists of combining reasoning-based and structure-
based approaches. More specifically, it exploits the reasoning-based approach in order to create a 
support that uses the intra-taxonomic structural metrics that have been well established in the 
literature. 

 

 

Fig. 5. Process of our ontology alignment approach. 
 
We summarize above the process of our approach shown in Fig. 5 to provide a general idea of the 

proposed solution. It consists of two successive steps described below. 
 

5.1 Step 1: Creation of Shared Inferred Taxonomy 
 
This step is dedicated to the creation of shared inferred taxonomy between the two ontologies to be 

aligned. It consists of two phases that are described below. 
 

5.1.1 Phase 1: Merging ontologies to be aligned 
 
This phase consists of merging the ontologies to align O1 and O2 using an initial reference alignment 

A. This alignment can be obtained either by applying existing automatic discovery algorithms, such as 
terminological, structural methods, etc., or by a domain expert. O is the resulting ontology, as illustrated in 
Fig. 2. In our case, the reference alignment was obtained from a domain expert. 

 
5.1.2 Phase 2: Inference of new semantic relations 

 
This phase consists of operating the following reasoning services on the ontology O to infer new 

semantic relations that are subsumption relations:  

� Identify all implicit subsumption relations between the concepts of O by operating description 
logic reasoning (i.e., the creation of inferred shared taxonomy, as shown in Fig. 2). 

� Use the properties of relations, such as transitivity, to infer new relations. 
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5.2 Step 2: Similarity Computing and Alignment Identification  
 
This step is dedicated to identifying the alignment between the entities of the two ontologies. It 

consists of two successive phases, which are explained below. 
 

5.2.1 Phase 1: Similarity computing between concepts 
 
This phase consists of applying intra-taxonomic structural metrics to calculate the similarities 

between the concepts of the ontologies that are to be aligned. The structural intra-taxonomic metric 
that we used in our approach is the UCS (1). We chose this metric because it provides better results 
than other metrics in the same category as STDH according to the results presented in [22]. We 
confirmed this result after a comparative study of the metrics UCS and STDH. 

 
5.2.2 Phase 2: Identification of alignment 

 
This phase consists of identifying the semantic correspondences by exploiting similarities calculated 

in the previous step. Our method was combined with our system, which we created and participated in 
the OAEI 2014 evaluation campaign. We used the average aggregation strategy (the similarity is 
obtained by calculating the average of the similarity value calculated by our method and our system). 
The combination was applied only in the case of making comparisons with other systems: LogMap and 
YAM++, as illustrated in Figs. 6–9. We selected the threshold S to operate the filtering of the matrix, 
which results from the combination. This filter allows us to select the semantic correspondences. 

The choice of our system, which consists of combining different terminological matchers (e.g., 
Levenshtein distance [25]) with the average aggregation strategy after local filtering, is motivated by the 
fact that our system shows good results in terms of the F-measure on different tracks of OAEI 2014, 
especially the benchmark track of OAEI 2014. 

 
 

6. Conception and Implementation 

In order to test our approach we implemented a Java platform. The merging of the two ontologies 
that are to be aligned was produced with the PROMPT plug-in [24] of the Protégé platform. The Pellet 
reasoner was operated to calculate the inferred taxonomy. To parse the two ontologies that are to be 
aligned, we used the Jena plug-in [26]. The tasks of calculating the similarity and alignment extractions 
were performed using the Java tool that we developed.  

 
 

7. Evaluation and Experimental Results 

In order to evaluate the performance of our approach we used the biblio test of the benchmark series 
and anatomy series of the OAEI 2012 evaluation campaign. 

The benchmark series consists of a reference ontology that is modified in various ways to analyze the 
behavior of matchers face these modifications. The biblio test consists of the reference ontology of a 
bibliographical references domain that has undergone several modifications (a changing of the names 
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of concepts, modification of the hierarchy, etc.). Our choice of the biblio test is justified by the fact that 
it offers many useful changes in hierarchy to test our approach: suppressed, expanded and flattened. 
The anatomy series consists of two large ontologies, which respectively describe the anatomical 
structures of mice and people. Our choice of anatomy test is justified by the fact that it allows us to 
check if the size of the initial alignment affects the number of semantic correspondences discovered on 
one side and if our approach works for ontologies of large sizes. The description of the biblio test of the 
benchmark series and anatomy series in terms of the number of entities is given on OAEI 2012’s 
website of http://oaei.ontologymatching.org/2012. As evaluation criteria we used the standard metrics 
of precision, recall, and the F-measure adopted in the OAEI 2012 campaign [27]. 

We considered the following four scenarios in our experimental analysis: 
1. In the first scenario, we compared our results with the reasoning-based system of LogMap 

(http://oaei.ontologymatching.org/2012/results/benchmarks/biblio-benchmarks-r1.html), 
which has participated in the OAEI 2012 campaign, by using the biblio test of the benchmark 
series. We chose to compare our system with the LogMap system for the following reasons: 
� LogMap belongs to the same category as ours. 
� LogMap is among the most known systems in its category. 

2. In the second scenario, we compared our results with the YAM++ system (http://oaei. 
ontologymatching.org/2012/results/benchmarks/biblio-benchmarks-r1.html), the best performing 
system of the OAEI 2012 campaign by using the biblio test (where the H-mean of the F-measure 
was equal to 0.83 for the biblio test). 

3. In the third scenario, we evaluated our approach with the structure-based and reasoning-based 
methods alone and in combination on the biblio test. The objective of this experiment consisted 
of evaluating the contribution of our method as compared to structure-based and reasoning-
based methods. 

4. In the fourth scenario, we studied the correlation between the size of the initial alignment and 
the number of new identified correspondences using the anatomy series of the OAEI 2012 
campaign. 

 
For the first three scenarios above, we merged the two ontologies to be aligned with an initial 

reference alignment. This fusion was performed using the PROMPT plug-in of the protégé platform.  
This initial alignment for the biblio test was a random sample consisting of 11 correct 

correspondences out of 97, which corresponds to a percentage of 10% to 30% depending on the size of 
the reference alignment of the test considered, that were drawn from the reference alignment. 

In addition, for scenarios one and two, we combined our approach with a simple terminological 
matcher using our system. For the selection of correspondences shown in the results below, we chose a 
threshold of S = 0.70, because it provides better results in terms of precision, recall and F-measure for 
this threshold. 

For each situation, we calculated precision, recall, and the F-measure (the number of cor-
respondences of the initial alignment were not taken into account in all cases and scenarios). 

 

7.1 Comparison with the LogMap System 
 
We compared our approach with the LogMap system, which is an ontology alignment system that 

has participated in the OAEI 2012. The LogMap system uses a reasoning-based method with an H-
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mean of an F-measure that is equal to 0.56. Figs. 6 and 7 summarize the results obtained in the 
comparison of our system with the LogMap system in detail and overall on the biblio benchmark test of 
the OAEI 2012. 

 

 

Fig. 6. Comparison of our system with the LogMap system in detail. 
 

 

Fig. 7. Comparison of H-mean of our system with the LogMap system. 
 
The analysis of experimental results shows that our results are better than those of the LogMap 

system in all tests except for the tests 250-4, 250-6, 257-8, 260-2, 260-4, and 260-8, where LogMap’s 
results are slightly better than ours (shown in Fig. 6). The results illustrated in Fig. 7 shows that, overall, 
our system is better than the LogMap system in precision, recall, and the F-measure on the biblio test of 
the benchmark track. 

 
7.2 Comparison with the YAM++ System 

 
We compared our approach with the best performing system in the OAEI 2012, namely the YAM++ 

system with an H-mean of an F-measure that is equal to 0.83 (Figs. 8 and 9). 
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Fig. 8. Comparison of our system with the YAM++ system in detail. 
 

 

Fig. 9. Comparison of H-mean of our system with the YAM++ system. 
 
An analysis of our experimental results shows that our system has better performance than the 

YAM++ system only on the tests: 249, 253, 257, 258, 259, 262, 265, and 266.  
The explanation for these results is that the ontologies for these tests were constructed by deleting the 

terminological and linguistic information (names and comments), instances, and properties (i.e., no 
names: random string, no labels, no properties, and no instances) from the reference ontology. This 
information is necessary for the YAM++ system to properly function, unlike our approach that behaves 
correctly in the absence of such information, as illustrated in the concrete example shown Fig. 2. In 
conclusion, our approach can be recommended for this type of ontology. 

 
7.3 Comparison of Methods  

 
The methodology that we applied to create our experiment is as follows: we considered the biblio test 

and we separated test cases Fig. 10 depending on the type of hierarchy (flattened, expanded, 
unmodified, and suppressed). The hierarchies of these ontologies are described on the OAEI 2012’s 
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website of http://oaei.ontologymatching.org/2012/benchmarks/index.html#datasets. For each test case 
we calculated the F-measure (the precision and recall, respectively) both for the structure-based and 
reasoning-based methods; for the combining of reasoning-based and structure-based methods (our 
approach) on the biblio test for both cases the global case Fig. 11 (the entire set of the biblio test); and 
also separately, depending on the type of ontology hierarchy Fig. 10. Then, we calculated the H-mean of 
the F-measures (the precision and recall, respectively) of the various tests in order to get a 
representative value of the entire set of the biblio test. We proceeded as follows: 

 
� We applied the structure-based method only on the ontology resulting from the merger. 
� We applied the reasoning-based method only on the ontology resulting from the merger. 
� We applied our approach, which consists of combining the two methods mentioned above, on the 

ontology resulting from the merger. 
 
The results are shown in Figs. 10 and 11. 
 

 

Fig. 10. Comparison of our approach with reasoning-based and structure-based methods on different 
types of ontologies hierarchies. 



Boosting the Reasoning-Based Approach by Applying Structural Metrics for Ontology Alignment 

 

848 | J Inf Process Syst, Vol.13, No.4, pp.834~851, August 2017 

An analysis of our experimental results showed that: 
 
� The reasoning-based method was improved (discovery of new correct correspondences) by the 

structural method being applied downstream of the reasoning-based approach (the growth of the 
F-measure can reach up to 30%), as shown in Fig. 11.  

� The structural method was improved (discovery of new correct correspondences) by the 
reasoning-based method being applied upstream of the structure-based approach (the growth of 
the F-measure can reach up to 20%), as shown in Fig. 11. 

� This improvements for points 1) and 2) are mainly due to good recall. 
� Our approach is reliable for different types of hierarchies of ontologies (It is important to note that 

the proposed approach performs well on different types of hierarchies). 
 
In conclusion, we can confirm that the combination improves both the structure-based and 

reasoning-based methods. In other words, we have found these methods to mutually benefit from being 
combined while overall preserving a good recall. 

 

 

Fig. 11. Comparison of H-mean of our approach with the structure-based and reasoning-based methods. 
 

7.4 Study of the Initial Alignment and the Identified Correspondences 
 
In our experiment, we varied the size of the initial alignment and calculated the number of newly-

identified correspondences by our approach without using a terminological matcher in order to study 
the correlation between the size of the initial alignment and the number of newly-identified 
correspondences.  

Fig. 12 shows that, overall, the quality of the results is globally proportional to the sample size. The 
peaks are explained by the fact that the initial alignment may influence the semantic correspondences to 
identify i.e., inference of more relations: richer inferred shared taxonomy. 

Ultimately, the results of our experiment show that our approach is reliable and efficient. We found 
that our approach is relevant in the sense that the reasoning-based approach is improved by the 
structural metrics of similarity computing for ontology alignment (i.e., the recall of our method is 
generally good compared to other systems). 
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Fig. 12. Our approach on the different sample sizes on anatomy series. 
 
 

8. Conclusions  

In this paper, we have introduced a new ontology alignment approach, which consists of combining 
reasoning-based and structure-based approaches.  

Our approach is based on description logic inference and structural similarity computing. It consists 
of obtaining the shared inferred taxonomy by first performing logical reasoning on the ontology that 
results from the merger, which is from an initial reference alignment of the two ontologies that are to be 
aligned. Then, an intra-taxonomic structural measure is applied.  

In addition, we implemented our approach by developing a software tool that allowed for the 
evaluation of our proposed method.  

We have shown the good performance of our approach through the experimental results that we 
obtained. In fact, these results are better than those of LogMap in terms of precision, recall, and F-
measure. The approach has also been revealed to be more pertinent than YAM++ for certain types of 
ontologies and to significantly improve the structure-based and reasoning-based methods. 

Furthermore, one of the advantages of our approach is that it is recommended to align ontologies 
that do not contain terminological information. 

In regards to future perspectives for our work, we envision exploiting other inferred relations, such as 
disjunction and equivalence, in order to broaden the experiments on one side, along with diversifying 
the intra-taxonomic structural metrics and judiciously choosing an initial reference alignment. Indeed, 
the starting point may condition the quality of the final alignment. For instance, an initial alignment 
that touches the tips of the ontologies that are to be aligned could allow for the discovery of 
advantageous semantic correspondences. 
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