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Abstract 

This paper aims at presenting a methodology to assess similarity between two ontologies. Many works on similarities 
between ontologies have been done. That is not the case between ontologies. This approach based on set theory, edges 
and feature similarity consists of two parts. Firstly, we determine set of concepts shared by two ontologies and Their 
differences before assessing similarity between the ontologies. Secondly the methodological part will be an extension 
of the first one. In this part, the method of assessing similarity values between two ontologies is extended by considering 
the "is-a" relation between concepts two ontologies.   

Keywords:  Ontologies similarity; Concepts similarity; Set theory; Semantic similarity 

1. Introduction

This paper is based on work originally presented in 4th Annual Conf. on Computational Science & Computational 
Intelligence (CSCI’17) [1]. We use as the basis of our work [2]. Ontologies allow formalizing knowledge related to the 
description of the world for access and sharing purposes across the Web. They introduced the semantic layer into the 
architecture of on based-systems [3]. With the advent of the Semantic Web, research led to the modelling of various 
ontologies, sometimes for the same domain. However, all these ontologies are sometimes heterogeneous (different 
terms for the same concept, different relations for the same association, different languages, etc.) and this faces the 
integration problem. Indeed, we distinguish several tasks that imply collaborative use of various ontologies. When 
several ontologies are used for an application, it becomes necessary they present some similarity. The assessing of 
similarity between ontologies may be very interesting. Indeed, it can facilitate the choice of ontologies in the case of 
elaborating a system, which uses them. In addition, it can help to evaluate the ontology evolution by comparing its 
different versions. This paper aims at presenting a method for assessing similarity between two ontologies. The 
approach is based on the set theory, edges-based semantic similarity [4] and feature-based similarity [5]. The last part 
of the analysis is schemed as follows. Section 2, entitled Conceptual Framework, presents the definitions of some core 
elements. Section 3 reviews some existing methods devoted to the evaluation of similarity between ontologies. Then, 
the Section 4 depicts our Methodology. Section 5 is devoted to some experiments to evaluate and validate this 
methodology. In section 6, we analyse results we get from the experimentation. The paper ends with a conclusion and 
the following work in Section 7. 
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2. Conceptual framework  

We present in this section the definition of some core concepts, which can help for a better understanding of the paper. 

2.1. Ontology  

The foundational definition of ontology as "an explicit specification of a conceptualization" has been proposed by Gruber 
[6,7]. The exact meaning depends on the understanding of the terms "specification" and "conceptualization". According 
to Genesereth and Nelson [8], conceptualization is a "set of objects, concepts, and other entities that are presumed to 
exist in some areas of interest and the relationships that hold them". In the Gruber’s definition does not show that if 
specification depends on the logical view of ontologies. That is why Guarino and Giaretta introduced the logical theory 
instead of mere specification. Afterward, Borst [9] enriches the previous definition by considering consensual fact 
related to knowledge modeling discipline characteristics, such as sharing and reuse. For him, "Ontologies are defined as 
a formal specification of a shared conceptualization". Finally, Studer et al. [10] merge the existing definitions. For them, 
"An ontology is a formal, explicit specification of a shared conceptualization". They put emphasis on the necessity of 
formal, explicit and shared paradigms. Even if, it’s the merging of the existing definitions, it seems consensual. It is more 
cited in recent years, demonstrating its compliance with the expectations of the knowledge-based systems designers 
[11]. In addition, the explicitness, formality and share-ability of knowledge features in an ontology are carried out by 
five elements [12]: concepts, relations, functions, axioms, and instances. Refering to [13], we define an ontology O as: 

• 𝑂 =  {𝐶, 𝐻, 𝑅} 
• C is a set of concepts. 
• 𝐻 ⊂ 𝐶 × 𝐶 is the taxonomy of the ontology. h =  (𝑐1, 𝑐2)  ∈  H means that 𝑐2 is subsumed by 𝑐1. 
• R ⊂  C × 𝐶 represents set of relations between two concepts. In this paper, we only consider the "is-a" relation. 

2.2. Concept 

A concept constitutes a think about something, semantically evaluable and communicable [14]. It can be abstract or 
concrete, elementary (electron) and composite (atom), real or fiction. In short, a concept is a notion that represents 
synonymous terms or terms representing the same thing in different languages. A concept could be the description of a 
task, a fact, a function, an action, a strategy, a process, etc. For example, in an ontology of a library, a "book" can be 
considered as a concept, which refers "livre" in French, "book" in English, to the term "Buch" in Deutsch, to the term 
"libro" in Spanish, to the term "Derewel" in Mafa (Cameroonian local language), etc. Thereby, it enables to the ontology 
on-based intelligent agents to reason and to inter-comprehend (semantic interoperability) on knowledge as would 
humans do. 

2.3. Semantic Similarity 

Semantic similarity measures are functions widely used in several informatics fields among which natural language 
processing (NLP), Bioinformatics, Information Retrieval... They allow to determine similarity between terms or 
concepts which have no syntaxical similarity. From an ontology point of view, [15, 16] consider that two concepts are 
similar if they are "geographically" close to in a conceptual hierarchy. Thus, there is semantic similarity between two 
concepts (for example, movie dog and comic dog) if: 

• from an intentional point of view, the two concepts share a large descriptive and functional properties 
proportion; 

• from an expressional point of view, both concepts share a large proportion of the terms they denote (for 
example, Dog, Toutou, Crab, etc.); 

• from an extensional point of view, the two concepts share a large proportion of their instances (eg Snowy, 
Rantanplan, Idefix, etc.). 

In [17], semantic similarity measures are classified into three groups: 

• edge-based semantic similarity measures which derive on the calculation of the distance between concepts 
including the number of arcs which separate them; 

• semantic similarity measures based on the amount of concepts shared information through the use of 
information theory, hence the notion of Information Content; 

• hybrid measures based on the combination of the two above mentioned families or on the use of various 
methods. 
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3.  Related Work 

Several works are dedicated to the evaluation of similarity between two concepts in an ontology. However, there are 
not many works dealing with evaluation of similarity between ontologies. The following are some works about 
similarity between two ontologies. 

Maedche and Staab [15] propose a method for comparing two ontologies. This method is based on two levels: 

• the Lexical level which consists of investigating on how terms are used to convey meanings; 
• the Conceptual level which consists of investigating on the conceptual relations between given terms. 

The Lexical comparison allows finding concepts by assessing syntaxical similarity between concepts. It is based on 
Levenshtein [16] edit distance (ed) formula which allows measuring the minimum number of changes required to get 
one string into another, by using a dynamic programming algorithm. The Conceptual Comparison Level allows 
comparing the structures semantic of two ontologies. Authors use Upwards Cotopy (UC) to compare the Concept Match 
(CM). Then, they use the CM to determine the Relation Overlap (RO). Finally they assess the average of RO. This approach 
allows assessing similarity between two ontologies by using the Lexical and Conceptual Comparison Level. However, if 
we reverse the position of some concepts in the hierarchy, we can get the same results because this method only 
considers the presence of the concept in the hierarchy. 

In [18], authors implement an online ontology comparison tool which can give a numeric measurement of the difference 
between two ontologies. The given tool is based on senses refinement (SR) algorithm. It uses concepts and senses 
retrieved from WordNet [19]. 

The algorithm that implements SR considers the subsumption relation "is-a" (hyponymy) and constructs a set of 
concepts for each ontology (the source ontology and the target ontology). Each set contains concepts of ontology and 
synsets of concepts. A synset is a set of synonymous concepts. Since a concept can have several meanings in WordNet 
(polysemy), then the algorithm chooses concepts of the synset that is related to the same semantics as the studied 
concept. Once sets of concepts have been formed for each ontology, the ontologies are compared, by assessing their 
difference. The difference value is obtained by applying the Tversky measure [5]. 

The [18] method allows comparing two ontologies on the basis of their difference. This method uses set theory as our 
proposition in this paper. But the only result we get refers to the value of difference between the two ontologies. 
Contrary to our method which evaluates the similarity of the ontologies by taking into account their differences. 

4. Methodology 

4.1. Principle 

The approach we propose is based on set theory, edges based semantic similarity [4] and feature-based similarity [5]. 
We consider ontology as a set of concepts linked together by semantic relations. The main aim of this paper is to 
compare two ontologies. For this, we compare sets of elements of ontologies by using feature based similarity rules. 
Feature-based similarity was introduced by Tversky [5]. In his work, Tversky assesses similarity between objects by taking 

into account their common points and their differences. Figure 1 represents Tversky’s feature model.  

 

 

Figure 1 Example of Tversky’s feature model 

In this figure, we have: 
• 𝑆1 and 𝑆2 are sets of elements; 
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• (𝑆1 \ 𝑆2)  (respectively  (𝑆2 \ 𝑆1)) represents set of elements present in 𝑆1 and not in 𝑆2 (respectively present in 
𝑆2 and not in 𝑆1) ; 

• (𝑆1  ∧   𝑆2)  is the intersection between 𝑆1  and 𝑆2  ; i.e the common elements of sets 𝑆1  and 𝑆2. 
The Tversky measure is given by the formula 1. 
 

 𝑇𝑣𝑟 (𝑆1 , 𝑆2) =  
𝑓 (𝑆1 ∩ 𝑆2)

𝑓 (𝑆1 ∩ 𝑆2)+ α 𝑓 (𝑆1 \ 𝑆2)+β f(𝑆2 \ 𝑆1) 
………….(1) 

 
In the formula 1, we have: 

• f represents a function that reflects the salience of a set of features; 
• α and β are parameters which allow expressing the non-resemblance factors between 𝑆1  and 𝑆2. 

In our case, we have to assess similarity of two ontologies (𝑂1  and 𝑂2). By analogy with the Tversky’s feature model, 
figure 2 gives representation of ontologies (𝑂1 and  𝑂2. 
 

 
 

Figure 2 Representation of ontologies 𝑂1  and 𝑂2 with Tversky’s feature model. 
 

In figure 2, we distinguish three parts: 
• (𝑂1\ 𝑂2) = {A,C,E} : set of concepts present in 𝑂1  and not in  𝑂2;  
• (𝑂2\𝑂1) = {R,S,T,W,X,Y } : set of concepts present in 𝑂2 and not in 𝑂1; 
• (𝑂1 ∧𝑂2) = {B,D,F,G} : set of concepts present in 𝑂1 and 𝑂2. 

 
This approach can be summarized in 3 steps: 

• The Step 1 consists to determine the sets (𝑂1\ 𝑂2), (𝑂2\𝑂1) and (𝑂1 ∧𝑂2). 
• Once the sets are determined, we assess average of the semantic similarity values between concepts of each 

set in the step 2. 
• Finally, in the step 3, we assess similarity between ontologies by using the results of the step 2 in our measure 

which is a redefinition of the Tversky measure. 
 
In the following sub-section, we will deal with functions that we will use, in the steps 2 and 3, to assess similarity 
between the ontologies. 

4.2. Measures 

To assess similarity between two ontologies, we define a measure which readjusts the Tversky measure. We rely on the 
Tversky measure because it is a reference in the feature-based similarity case. In addition, Tversky measure inspired 
many works like [20] and [21]. The measure we propose takes into account shared features and differences of 
ontologies. Referring to figure 2, we have the following sets : (𝑂1 ∧𝑂2) = {B,D,F,G}, (𝑂1\ 𝑂2)  = {A,C,E} and (𝑂2\𝑂1)  = 
{R,S,T,W,X,Y }. Applying the Tversky measure, the similarity between O1 and O2 is given by the formula 2. 

 
𝑇𝑣𝑟 (𝑂1 , 𝑂2) =  

𝑓 (𝑂1  ∩  𝑂2)

𝑓 (𝑂1  ∩  𝑂2) +  α . 𝑓 (𝑂1 \ 𝑂2) + β. f(𝑂2 \ 𝑂1) 
 

(2) 

Instead of the function f, we will use one of the edge based semantic similarity measures that we studied in [4]. for every 
determined set, we compute the average of the similarity values between concepts. In [4], we studied edge-based 
semantic similarity measures. In [22] and [23], we used the measure of Zargayouna and Salotti [24] which extends the 
measure of Wu and Palmer [25]. The measure of Zargayouna and Salotti presents good correlation with human 
judgment defined by Miller and Charles [26] but the problem is this measure doesn’t take into account the similarity of 
concepts, which are not in different hierarchy. In this paper, we use the measure of Wu and Palmer because it presents 
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good correlation with Miller and Charles human judgment. Using Wu and Palmer similarity measure, the similarity 
between two concepts 𝑐1 and 𝑐2 is given by the formula 3. 

 
𝑆𝑖𝑚 (𝑐1 , 𝑐2) =  

2 ×  𝑑𝑒𝑝𝑡ℎ(𝑐3)

𝑑𝑒𝑝𝑡ℎ(𝑐1) +  𝑑𝑒𝑝𝑡ℎ(𝑐2) 
 

(3) 

The concept c3 represents the Least Common Subsumer (LCS) of concepts 𝑐1 and 𝑐2. 

By replacing the terms of the Tversky measure with the average of the similarity values between concepts of the 
determined sets, formula 2 becomes formula 4. 

 
𝑇𝑁𝑔𝑜𝑚 (𝑂1 , 𝑂2) =  

𝜃. 𝑥𝑂1
̅̅ ̅̅  +  𝜔. 𝑥𝑂2

̅̅ ̅̅

𝜃. 𝑥𝑂1
̅̅ ̅̅  +  𝜔. 𝑥𝑂2

̅̅ ̅̅ +  α. 𝑦(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ + β 𝑧(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  
 

(4) 

With: 

• 𝜃 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦  (𝑂1 ∩ 𝑂2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1)
  

 

• 𝜔 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦  (𝑂1 ∩ 𝑂2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2)
  

 

• 𝛼 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1 \ 𝑂2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1)
 

 

• 𝑎𝑛𝑑 𝛽 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2 \ 𝑂1)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2)
 

 
• cardinality(O) is the number of elements (concepts) of the set (ontology) O; 

 

and where: 

• 𝑥𝑂1
̅̅ ̅̅  (respectively 𝑥𝑂2

̅̅ ̅̅ ) is the average value of similarity between concepts (𝑥𝑖 ,𝑥𝑗) in ontology 𝑂1 (respectively 

(𝑥𝑖 ,𝑥𝑗) in ontology 𝑂2). i, j ∈  N and i ≠  j. 

 
• 𝑦(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ (respectively  𝑧(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  ) is the average value of similarity between concepts (𝑦𝑖 ,𝑦𝑗)  (respectively (𝑧𝑖,𝑧𝑗) 

present in ontology  𝑂1 but not in  𝑂2 (respectively present in ontology  𝑂2 but not in  𝑂1). i, j ∈  N and i ≠  j. 
 

• the coefficients θ, ω, α and β allow to take into account the similarity values in relation to the number of 
concepts of the sets’ concepts and number of concepts of ontologies. 
 

The measure presented by formula 4 respects these properties: 

• the measure is symmetric: 𝑇𝑁𝑔𝑜𝑚 (𝑂1 , 𝑂2) =  𝑇𝑁𝑔𝑜𝑚 (𝑂2 , 𝑂1) ; 

• the measure is bounded between 0 and 1; 
• if 𝑇𝑁𝑔𝑜𝑚 (𝑂1 , 𝑂2) = 1 then 𝑂1  =  𝑂2. 

4.3. Extension with is-a relation 

4.3.1. Principle 

In [2], we proposed an improvement of the assessment of the similarity between ontologies. To improve the 
methodology, we use the "is-a" relation to extend set of concepts which is shared by ontologies. For extending the set of 
concepts shared by ontologies, we do a mapping between concepts of ontologies. If there is syntaxical correspondence 
between concepts, we proceed to the extension of the set. We can summarize the methodology in five steps: 

• Step 1 and 2 of the initial methodology will be kept. 
• In step 3, we extend ontologies 𝑂1 and 𝑂2 by using the set (𝑂1 ∧𝑂2). In this step, for each concept c of the set 

(𝑂1 ∧𝑂2), we search their sons 𝑥𝑖 (i ∈ N) in 𝑂1 (respectively 𝑂2) and we add them as sons of c in  𝑂2 (respetively 
𝑂1) if they don’t exist in this ontology. At the end of this step, we obtain two ontologies: 𝑂′1 (respectively  𝑂′2) 
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which extends 𝑂1 (respectively  𝑂2) with concepts of 𝑂2 (respectively 𝑂1). Thus, extension of ontologies allows 
us to determine the set of concepts (𝑂′1 ∧𝑂′2) shared by two ontologies. 

• In step 4, we determine (𝑂′1 ∧𝑂′2) which is the set of shared concepts by ontologies 𝑂′1 and 𝑂′2. 
• Finally, in the step 5, we assess similarity between ontologies by using results of the step 2 and 4 in our measure 

which is a redefinition of the 𝑇𝑁𝑔𝑜𝑚 measure [1]. 

In summary, for assessing similarity between ontologies, we use sets (𝑂1 \ 𝑂2), (𝑂2 \ 𝑂1) and (𝑂′1 ∧𝑂′2); i.e. we consider 
the difference between 𝑂1and 𝑂2 by using sets (𝑂1 \ 𝑂2) and (𝑂2 \ 𝑂1), and the resemblance between the two ontologies 
by using set (𝑂′1 ∧𝑂′2). Figure 3 represents the difference we use for assessing similarity between ontologies  𝑂1 and  
𝑂2. 

 

Figure 3 Representation of extensions of ontologies 𝑂′1  and 𝑂′2 with Tversky’s feature model 
 

In figure 3, we distinguish three parts: 
• (𝑂1\ 𝑂2) = {A,C,E} : set of concepts present in 𝑂1  and not in  𝑂2;  
• (𝑂2\𝑂1) = {R,S,T,W,X,Y } : set of concepts present in 𝑂2 and not in 𝑂1; 
• (𝑂′1 ∧𝑂′2) = {B,C,D,E,F,G} : set of concepts present in 𝑂′1 and 𝑂′2. 

4.3.2. Measures 

The measure we present in this paper is an improvement of our measure 𝑇𝑁𝑔𝑜𝑚 [4] which redefines Tversky’s [22] 

similarity measure. For assessing similarity between two ontologies 𝑂1  and 𝑂2 , our measure takes into account the 
difference between the two ontologies by assessing the average similarity values of sets (𝑂1\ 𝑂2) and (𝑂2\𝑂1), and their 
common concepts by extending the ontologies (𝑂1 to 𝑂′1 and 𝑂2 to 𝑂′2) and assessing the average similarity values of 
the set of extended ontologies common concepts of (𝑂′1 ∧𝑂′2). We use Wu and Palmer measure [25] for computing 
semantic similarity between concepts of sets in ontologies. The measure is given by the formula 5: 

 
𝑁𝑃𝑙𝑢𝑠 (𝑂1 , 𝑂2) =  

(𝜃. 𝑥𝑂′
1

̅̅ ̅̅ ̅ + 𝐼2)  + (𝜔. 𝑥𝑂′
2

̅̅ ̅̅ ̅ + 𝐼1)

(𝜃. 𝑥𝑂′
1

̅̅ ̅̅ ̅ + 𝐼2)  + (𝜔. 𝑥𝑂′
2

̅̅ ̅̅ ̅ + 𝐼1) +  α. 𝑦(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ + β 𝑧(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  
 

(5) 

 

with: 

• 𝜃 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦  (𝑂′1 ∩ 𝑂′2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1)+ 𝑛1+𝑛2 
  

 

• 𝜔 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦  (𝑂′1 ∩ 𝑂′2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2) + 𝑛1+𝑛2
  

 

• 𝛼 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1 \ 𝑂2)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂1)
 

 

• 𝛽 =  
𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2 \ 𝑂1)

𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦 (𝑂2)
 

 

• 𝐼1  =  
1

1+ 𝑛2
 

 
 

• 𝐼2  =  
1

1+ 𝑛1
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• 𝑥𝑂′1

̅̅ ̅̅ ̅ (respectively 𝑥𝑂′2
̅̅ ̅̅ ̅) is the average value of similarity between concepts (𝑥𝑖 ,𝑥𝑗) in ontology 𝑂′1 (respectively 

(𝑥𝑖 ,𝑥𝑗) in ontology 𝑂′2). i, j ∈  N and i ≠  j. 

• 𝑦(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ (respectively  𝑧(𝑂1 \ 𝑂2)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  ) is the average value of similarity between concepts (𝑦𝑖 ,𝑦𝑗) (respectively (𝑧𝑖,𝑧𝑗) 

present in ontology  𝑂1 but not in  𝑂2 (respectively present in ontology  𝑂2 but not in  𝑂1). i, j ∈  N and i ≠  j. 
• cardinality(O) is the number of elements (concepts) of the set (ontology) O; 
• 𝐼𝑖 : Integrity coefficient of Ontology 𝑂𝑖 (i ∈ N); 
• 𝑛𝑖 : number of concepts of 𝑂𝑖 added for extending  𝑂𝑗 (I,j ∈ N); 

• As in [4], the parameters θ, ω, α and β allow to take into account the similarity values in relation to the number 
of concepts of the sets’ concepts and number of concepts of ontologies. 

The integrity coefficient of ontology (𝐼𝑖) is a value which is related to the number of concepts of ontology 𝑂𝑗 (𝑛𝑗) that we 

have to add to 𝑂𝑖 for extending it (i,j ∈ N). The larger is 𝑛𝑗, the smaller is Ii. We have the expression 6: 

 

{
lim

𝑛→∞
𝐼 =  lim

𝑛→∞

1

1+𝑛
= 0 ; 

lim
𝑛→0

𝐼 =  lim
𝑛→0

1

1+𝑛
= 1 ;

with (n ∈ N). 

(6) 

We note that measure presented by formula 5 like formula 4 respects this properties: 

• The measure is symmetric: 𝑁𝑃𝑙𝑢𝑠 (𝑂1 , 𝑂2) =  𝑁𝑃𝑙𝑢𝑠(𝑂2 , 𝑂1) ; 
• The measure is bounded between 0 and 1; 
• if 𝑁𝑃𝑙𝑢𝑠 (𝑂1 , 𝑂2) = 1 then 𝑂1  =  𝑂2. 

5. Experimentations 

In this section, we experiment our methodology. We compare 𝑇𝑁𝑔𝑜𝑚  and 𝑁𝑃𝑙𝑢𝑠 measures by assessing similarities 

between ontologies extracted from Wordnet. Table 1 lists 8 ontologies used to compare measures.  

Table 1 List of ontologies 

Ontologies 
(O) 

Concepts (C) Hierarchies (H) 

𝑂3 instrumentality, [conveyance, 
transport], vehicle, 
wheeled_vehicle, motor, [bike, 
bicycle], [car, auto], truck, article, 
ware, [cutlery, eating_utensil], fork 

ℎ1  =(instrumentality, [conveyance, transport]), ℎ2 
=([conveyance, transport], vehicle), ℎ3  =(vehicle, 
wheeled_vehicle), ℎ4  =(wheeled_vehicle, motor), ℎ5 
=(wheeled_vehicle, [bike, bicycle]), ℎ6 =(motor, [car, auto]), ℎ7 
=(motor, truck), ℎ8  =(article, ware), ℎ9  =(ware, [cutlery, 
eating_utensil]), ℎ10 =([cutlery, eating_utensil], fork) 

𝑂4 instrumentality, [conveyance, 

transport], vehicle, 

wheeled_vehicle, motor, [bike, 

bicycle], [car, auto], truck, 

article, ware, [cutlery, 

eating_utensil], fork, gun, boat, 

table_knife 

ℎ1  =(instrumentality, [conveyance, transport]), 

ℎ2  =([conveyance, transport], vehicle), ℎ3  =(vehicle, 

wheeled_vehicle), ℎ4  =(wheeled_vehicle, motor), 

ℎ5  =(wheeled_vehicle, [bike, bicycle]), ℎ6  =(motor, [car, 

auto]), ℎ7  =(motor, truck), ℎ8  =(article, ware), ℎ9  =(ware, 

[cutlery, eating_utensil]), ℎ10  =([cutlery, eating_utensil], fork), 

ℎ11  =(instrumentality, gun), ℎ12  =(vehicle, boat), 

ℎ13  =([cutlery, eating_utensil], table_knife) 

𝑂5 instrumentality, conveyance, 

mail, public_transport, hosebox, 

vehicle, wheeled_vehicle, bus, 

train, bicycle, car, rolling_stock 

ℎ1   =(instrumentality, coveyance), ℎ2   =(conveyance, mail), 

ℎ3   =(conveyance, public_transport), ℎ4   =(conveyance, 

hosebox), ℎ5   =(conveyance, vehicle), ℎ6  =(public_transport, 

bus), ℎ7   =(public_transport, train), ℎ8  =(vehicle, 

wheeled_vehicle), ℎ9  =(wheeled_vehicle, car), 

ℎ10   =(wheeled_vehicle, bicycle), ℎ11   =(wheeled_vehicle, 
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rolling_stock) 

𝑂6 instrumentality, [conveyance, 

transport], vehicle, 

wheeled_vehicle, motor, [bike, 

bicycle], [car, auto], truck, gun, 

boat 

ℎ1    =(instrumentality, [conveyance, transport]), 

ℎ2   =([conveyance, transport], vehicle), ℎ3  =(vehicle, 

wheeled_vehicle), ℎ4  =(wheeled_vehicle, motor), 

ℎ5  =(wheeled_vehicle, [bike, bicycle]), ℎ6 =(motor, [car, 

auto]), ℎ7 =(motor, truck), ℎ8=(instrumentality, gun), 

ℎ9 =(vehicle, boat) 

𝑂7 article, ware, [cutlery, 

eating_utensil], fork, table_knife 

ℎ1 =(article, ware), ℎ2=(ware, [cutlery, eating_utensil]), 

ℎ3 =([cutlery, eating_utensil], fork), ℎ4 =([cutlery, 

eating_utensil], table_knife) 

𝑂8 article, ware, [cutlery, 

eating_utensil], fork, 

table_knife, plate 

ℎ1 =(article, ware), ℎ2 =(ware, [cutlery, eating_utensil]), 

ℎ3 =([cutlery, eating_utensil], fork), ℎ4 =([cutlery, 

eating_utensil], table_knife), ℎ5 =([cutlery, eating_utensil], 

plate) 

𝑂9 article, ware, [cutlery, 

eating_utensil], fork, 

table_knife, plate, bowl 

ℎ1 =(article, ware), ℎ2 =(ware, [cutlery, eating_utensil]), 

ℎ3 =([cutlery, eating_utensil], fork), ℎ4 =([cutlery, 

eating_utensil], table_knife), ℎ5 =([cutlery, eating_utensil], 

plate), ℎ6 =([cutlery, eating_utensil], bowl) 

𝑂10 article, ware, [cutlery, 

eating_utensil], fork, 

table_knife, plate, bowl, spoon, 

glass 

ℎ1 =(article, ware), ℎ2 =(ware, [cutlery, eating_utensil]), 

ℎ3 =([cutlery, eating_utensil], fork), ℎ4 =([cutlery, 

eating_utensil], table_knife), ℎ5 =([cutlery, eating_utensil], 

plate), ℎ6 =([cutlery, eating_utensil], bowl), ℎ7 =([cutlery, 

eating_utensil], spoon), ℎ8 =([cutlery, eating_utensil], glass) 

We explain table 1 as following: 

• Ontologies 𝑂3 and 𝑂5 are fragments of Wordnet; 
• ontology 𝑂4 is obtained by adding 3 concepts to 𝑂3 (gun, boat and table_knife); 
• 𝑂6 is a sub-ontology of 𝑂4 with concepts: instrumentality, [conveyance, transport], vehicle, wheeled_vehicle, 

motor, [bike, bicycle], [car, auto], truck, gun, boat; 
• 𝑂7 is a sub-ontology of 𝑂4 with concepts: article, ware, [cutlery, eating_utensil], fork, table_knife; 
• ontology 𝑂8 is obtained by adding concept plate to 𝑂7; 
• ontology 𝑂9 is obtained by adding concepts bowl to 𝑂8; 
• finally, ontology 𝑂10 is obtained by adding concepts spoon and glass to 𝑂9. 

Table 2 gives results of comparisons between ontologies using 𝑇𝑁𝐺𝑂𝑀 and 𝑁𝑃𝑙𝑢𝑠 . Note that similarities between 
ontologies 𝑂3 and 𝑂4, and between 𝑂3 and 𝑂5 are assessed in [2]. 

Table 2 Results of comparisons of ontologies with measures 𝑻𝑵𝑮𝑶𝑴 and 𝑵𝑷𝒍𝒖𝒔. 

 𝑻𝑵𝑮𝑶𝑴 Hierarchies added to ontologies for extensions 𝑵𝑷𝒍𝒖𝒔 

(𝑂3, 𝑂4) 0.95 
in 𝑂3 : ℎ1 (instrumentality, gun), ℎ2 (vehicle, boat), 

ℎ3 ([cutlery, eating_utensil], table_knife) 
in 𝑂4 : none 0.98 

(𝑂3, 𝑂5) 0.57 

in 𝑂3: ℎ1 (conveyance, mail), ℎ2 (conveyance, 

public_transport), ℎ3 (conveyance, hosebox), 

ℎ4 (wheeled_vehicle, rolling_stock) 

in 𝑂5: 

ℎ1 (wheeled_vehicle, 

motor) 

0.74 

(𝑂3, 𝑂6) 0.76 in 𝑂3 : ℎ1 (instrumentality, gun), ℎ2 (vehicle, boat) in 𝑂6 : none 0.88 

(𝑂3, 𝑂7) 0.6 in 𝑂3: ℎ1 [cutlery, eating_utensil], table_knife) in 𝑂7 : none 0.83 



World Journal of Advanced Research and Reviews, 2025, 25(03), 721-731 

729 
 

(𝑂3, 𝑂8) 0.49 
in 𝑂3: ℎ1 ([cutlery, eating_utensil], table_knife), 

ℎ2 (([cutlery, eating_utensil], plate) 
in 𝑂8 : none 0.74 

(𝑂3, 𝑂9) 0.47 

in 𝑂3: ℎ1 ([cutlery, eating_utensil], table_knife), 

ℎ2 ([cutlery, eating_utensil], late), ℎ3 ([cutlery, 

eating_utensil], bowl) 

in 𝑂9 : none 0.74 

(𝑂3, 𝑂10) 0.43 

in 𝑂3: ℎ1 ([cutlery, eating_utensil], table_knife), 

ℎ2 ([cutlery, eating_utensil], late), ℎ3 ([cutlery, 

eating_utensil], bowl), ℎ4 ([cutlery, eating_utensil], 

spoon), ℎ5 ([cutlery, eating_utensil], glass) 

in 𝑂10 : none 0.71 

(𝑂7, 𝑂9) 0.85 
in 𝑂7: ℎ1 (([cutlery, eating_utensil], plate), 

ℎ2 (([cutlery, eating_utensil], bowl) 
in 𝑂9 : none 0.93 

(𝑂7, 𝑂10) 0.76 

in 𝑂7 : ℎ1 ([cutlery, eating_utensil], plate), 

ℎ2 ([cutlery, eating_utensil], bowl), ℎ3 ([cutlery, 

eating_utensil], spoon), ℎ4 ([cutlery, eating_utensil], 

glass) 

in 𝑂10 : none 0.89 

6. Analysis 

In this section, we analyze results obtained from table 2 of section 5. 

The assessment of the similarity between 𝑂3 and 𝑂4 gives good results for 𝑇𝑁𝐺𝑂𝑀 and 𝑁𝑃𝑙𝑢𝑠.measures (𝑇𝑁𝐺𝑂𝑀 (𝑂3, 𝑂4) = 
0.95 and 𝑁𝑃𝑙𝑢𝑠. (𝑂3, 𝑂4) = 0.98). The difference is not so important. The difference between ontologies is that  𝑂4 contains 
three more concepts than O3 (gun, boat and table_knife). 

The similarity value between 𝑂3 and 𝑂5 is the average with 𝑇𝑁𝐺𝑂𝑀 measure (𝑇𝑁𝐺𝑂𝑀 (𝑂3, 𝑂5) = 0.57). After extension of 
ontologies, the similarity value increase with 𝑁𝑃𝑙𝑢𝑠measure (𝑁𝑃𝑙𝑢𝑠 (𝑂3, 𝑂5) = 0.74).  

The similarity value between 𝑂3 and 𝑂6 is good with 𝑇𝑁𝐺𝑂𝑀measure (𝑇𝑁𝐺𝑂𝑀 (𝑂3, 𝑂6) = 0.76). When we add concepts to 
𝑂6 , the similarity value decreases and tends toward low values (𝑇𝑁𝐺𝑂𝑀  (𝑂3 , 𝑂7) = 0.6, 𝑇𝑁𝐺𝑂𝑀  (𝑂3 , 𝑂8) = 0.49, 𝑇𝑁𝐺𝑂𝑀 
(𝑂3, 𝑂9) = 0.47 and 𝑇𝑁𝐺𝑂𝑀 (𝑂3, 𝑂10) = 0.43). When we consider "is-a" relation to extend ontologies, similarity values 
decrease but stay good with 𝑁𝑃𝑙𝑢𝑠 measure (𝑁𝑃𝑙𝑢𝑠  (𝑂3 , 𝑂6) = 0.88, 𝑁𝑃𝑙𝑢𝑠  (𝑂3 , 𝑂7) = 0.83, 𝑁𝑃𝑙𝑢𝑠  (𝑂3 , 𝑂8) = 0.74, 𝑁𝑃𝑙𝑢𝑠 
(𝑂3, 𝑂9) = 0.74 and 𝑁𝑃𝑙𝑢𝑠 (𝑂3, 𝑂10) = 0.71).  

The similarity values between 𝑂7  and 𝑂9 , and between 𝑂7  and 𝑂10  are good with 𝑇𝑁𝐺𝑂𝑀  (𝑇𝑁𝐺𝑂𝑀  (𝑂7 , 𝑂9) = 0.85 and 
𝑇𝑁𝐺𝑂𝑀 (𝑂7, 𝑂10) = 0.76). The values increase when we consider "is-a" relation and 𝑁𝑃𝑙𝑢𝑠 measure (𝑁𝑃𝑙𝑢𝑠 (𝑂7, 𝑂9) = 0.93 
and 𝑁𝑃𝑙𝑢𝑠 (𝑂7, 𝑂10) = 0.89). 

7. Conclusion 

In this paper, we proposed a method for assessing similarity between two ontologies. The adopted approach is based 
on set theory, edges-based semantic similarity [4] and feature-based similarity [5]. This method has two parts. The first 
one can be summarized in 3 steps. In the step 1, we determined the sets of concepts which characterize the concepts 
shared by the two ontologies and the sets of concepts that are different from them. In the step 2, we assessed the average 
of the semantic similarity values between concepts of each set we determined in step 1. We have used Wu and Palmer 
[25] semantic similarity, an edge-based semantic similarity measure to compute similarity between concepts of the sets 
in an ontology, before assessing the average value of similarity for each set. Finally, in step 3, we adjusted the Tversky 
measure with 𝑁𝑃𝑙𝑢𝑠 to evaluate the similarity between two ontologies. The second part of this method is an extension 
of the first one. In this part, we have extended the method of assessing similarity values between two ontologies by 
considering the "is-a" relation. This part can be summarized in 5 steps. As the first part of the method, steps 1 and 2 
successively determine sets of concepts shared by ontologies and compute average of the semantic similarity values 
between concepts of each set. Differences between the two parts of the method become in the steps 3 which consists to 
extends ontologies 𝑂1 and 𝑂2 by using concepts subsumed by concepts of set (𝑂1 ∧ 𝑂2). After this step, we have obtained 
𝑂′1 and  𝑂′2 which are respectively extensions of 𝑂1 and 𝑂2. In the step 4, we have determined (𝑂′1 ∧ 𝑂′2) the set of 
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concepts share by 𝑂′1 and 𝑂′2. In the last step (step 5), we assessed similarity value of ontologies by using 𝑁𝑃𝑙𝑢𝑠measure. 
We experimented the method by assessing similarity values between ontologies extracted from Worldnet. We find that 
similarity values increase with 𝑁𝑃𝑙𝑢𝑠 . In perspectives, we will propose an approach to assess similarity between an 
ontology and a speech in text format to check if the text and the ontology refer to the same theme. 
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