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Abstract 

A vast amount of data has been encoded in ontologies during the recent 

years. Among developed ontologies, there are ones that either represent the 

same domain of knowledge or overlap. To find similar entities between such 

ontologies, ontology matchers are needed to automate the ontology matching 

process and reduce the amount of manual work. ClsEqMatcher, an ontology 

matcher, is designed and implemented that applies linguistic and structural 

techniques and utilizes Porter2 and WordNet to find equivalent concepts 

between independently developed ontologies in the same domain. A genetic 

algorithm is used to find weights to associate with the information retrieved 

from the ontologies and to score the concepts. ClsEqM atcher is evaluated 

with I3CON and OAEI 2011's Conference and Anatomy datasets. When 

the structure of the input ontologies are similar, ClsEqM atcher finds similar 

concepts with high precision and recall values. In other cases, ClsEqMatcher 

still returns high recall values and execution of parent-child and disjointness 

knowledge inconsistency elimination rules can improve the precision of the 

results. 
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Chapter 1 

Introduction 

"A new form of Web content that is meaningful to computers 
will unleash a revolution of new possibilities." (Berners-Lee et al., 
2001) 

For 2008-2012, one of the top ten disruptive technologies is Semantic Tech

nologies (Gartner1 ). The Semantic Web, a new form or an extension of the 

current web, follows the main objective of bringing structure to the con

tent of web page$ in order to make the information on the web machine

understandable and machine-processable. To facilitate that goal and to rep

resent knowledge in an explicit form, general or domain-specific ontologies 

are created. These ontologies are also considered one of the fundamental 

building-blocks of the Semantic Web. As a result, many ontologies have been 

developed, among which are ones that either represent the same domain or 

overlap but have been designed differently. Such ontologies contain same or 

1 http://www.gartner.com/it/page.jsp?id=681107 
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similar concepts with different names or in different relations. Now consider, 

with the vast amount of data encoded in ontologies, how much work is needed 

to find these similarities between ontologies and integrate and migrate the 

data? This thesis addresses the problem of automatically finding similar con

cepts shared by formal general ontologies in OWL and develops the design, 

implementation, and testing of a matching approach ( ClsEqMatcher) using 

linguistic and contextual techniques. 

1.1 Ontology 

In philosophy, the term 'ontology' is used to describe the existence of beings 

in the world, deriving from Aristotle's attempt to classify objects in the 

world (Studer et al., 1998). One of the frequently referenced definitions of 

ontology in computer science is the following (Gruber, 1993; Borst, 1997; 

Studer et al., 1998): 

"An ontology is a formal, explicit specification of a shared concep
tualisation. A "conceptualisation" refers to an abstract model of 
some phenomenon in the world by having identified the relevant 
concepts of that phenomenon. "Explicit" means that the type 
of concepts used and the constraints on their use are explicitly 
defined. For example, in medical domains, the concepts are dis
eases and symptoms, the relations between them are causal and 
a constraint is that a disease cannot cause itself. "Formal" refers 
to the fact that the ontology should be machine-readable, which 
excludes natural language. "Shared" reflects the notion that an 
ontology captures consensual knowledge, that is, it is not private 
to some individual, but accepted by a group." 
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In other words, ontologies specify concepts or terms of a domain and the 

relations between them ( description of the main components of an ontology 

along with a detailed example can be found in Section 1.1.2). 

Regarding the kind of information ontologies can represent, they are di

vided into the following types: controlled vocabularies, taxonomies, thesauri, 

data models, frame-based ontologies, and knowledge-base ontologies (Lam

brix and Tan, 2006). In recent years, ontologies have been widely used in 

many fields, as noted in (Surez-Figueroa et al., 2011): 

• Knowledge Engineering, Artificial Intelligence and Computer Science. 

• Applications related to Knowledge Management, Natural Language 

Processing, E-Commerce, Intelligent Information Integration, Informa

tion Retrieval, Database Design and Integration, Bioinformatics, and 

Education. 

• the Semantic Web, the Semantic Grid, and the Linked Data initiative. 

1.1.1 Why develop ontologies? 

People, organizations, and software systems need to communicate with one 

another. However, because of the different needs and background contexts, 

their viewpoints and assumptions may vary widely even though they are es

sentially the same subject matter. In other words, they may have overlapping 

or mismatched concepts, structures, and methods. Not having a shared un-

3. 



derstanding of the subject matter (the domain of knowledge) leads to several 

problems (Uschold and Gruninger, 1996): 

• Poor communication within and between these people and their orga

nizations. 

• Difficulties in identifying requirements and therefore in defining speci

fications of the system. 

• Development of dissimilar or opposing modelling methods, paradigms, 

languages, and software tools, which results in having limitations in 

interoperability, reuseability, and sharing. 

Consequently, in another summary (Noy and McGuinness, 2002), some of 

the reasons that someone would need to develop an ontology are listed as: 

• To share common understanding of the structure of information among 

people or software agents. 

• To make domain assumptions explicit. 

• To separate domain knowledge from the operational knowledge. 

• To analyze domain knowledge. 

• To enable reuse of domain knowledge. 

Therefore, to solve such problems, for those who need to share information 

in a domain, a common vocabulary is defined by an ontology. 
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1.1.2 The main components of an ontology 

The main components of an ontology are Classes, Relations, Instances (In

dividuals), and Axioms. 

• Classes represent the concepts or terms within the domain. For ex

ample, in a university, as the domain of the knowledge, 'Student' and 

'Course' are two potential classes. Inheritance or hierarchy can be de

fined between classes of an ontology. 'Student' can be defined as a 

subclass of a more general class 'Person', which might also have other 

subclasses such as 'Professor' or 'Staff'. 

• Relations, also known as properties or slots, define a type of association 

between the concepts (Surez-Figueroa et al., 2011). For instance, in 

the university domain, a binary relation 'takes' between 'Student' and 

'Course' classes can be defined such that 'Student' takes 'Course'. 

• Instances are individuals of each classes and are usually called individ

uals. A student of the university named "John Perry" is an instance 

of the class 'Student'. Similarly, "An introduction to Computer Pro

gramming" is an instance of the 'Course' class. 

• Axioms are employed to model facts that are always true (Gruber, 

1993). They are used to restrict the scope of values for classes or 

instances (Noy and McGuinness, 2002). For example, "a student cannot 

take more than 8 courses" can be considered an axiom, based on the 

5 



university's policies. 

The components of ontologies are further defined in Chapter 2. 

1.1.3 Ontology Types 

To provide a unified understanding of ontology types, Kavouras (Kavouras, 

2003) classifies ontologies regarding the following two dimensions (Figures 1.1 

and 1.2 demonstrate these classifications): 

• The level of formality. 

• The level of granularity or generality. 

Ontology types specified according to the level of formality are: 

• Informal ontologies. An informal ontology is a hierarchy of a set of 

concept names, like controlled vocabularies, and it is considered as the 

simplest type of ontology. For instance, product classifications can be 

considered as informal ontologies. 

• Terminological ontologies. As can be derived from its name, a termi

nological ontology includes a hierarchy of concepts that are defined by 

natural language definitions, like taxonomies or thesauri. An example 

of a terminological ontology is WordNet (Miller, 1995). The difference 

between terminological and informal ontologies is that terminological 

ontologies utilize natural language definitions, such as noun, verb, and 
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adjective forms, while informal ontologies are just classifications of con

cepts expressed in natural language statements. However, sometimes 

in literature the term "informal ontologies" refer to any ontologies that 

are not formal. 

• Formal ontologies. Usually considered as data models, frame-based 

ontologies, or knowledge-based ontologies, are modelled using a formal 

language and therefore they consist of axioms and definitions expressed 

by the language. Among formal languages, description logic based lan

guages such as OWL are known as some of the very expressive rep

resentation formalisms for ontologies (Lambrix and Tan, 2006), which 

will be described in detail in the following section. 

Ontology types specified according to the level of granularity or generality 

are: 

• Top-level ontologies. They define general and domain independent con

cepts like space, time, event, etc. WordNet can be considered as a top

level ontology. It consists of general and domain independent concepts 

and relations between the concepts. 

• General ontologies. A large number of fundamental human-related 

knowledge is described by these types of ontologies. 

• Domain ontologies. Only concepts related to a specific domain of 

knowledge are defined using these ontologies. For instance, the Open 
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Biological and Biomedical Ontologies Foundry (OBO) provides ontolo

gies in biomedical domain. 

• Task ontologies. They are about a specific task or activity and define 

concepts relevant to the execution of the task. 

• Application ontologies. Fundamental concepts related to planning of a 

particular application are defined by application ontologies. 

• Meta or core or generic ontologies. They define concepts common to 

different domains. 

Informal Ontologies 

Classification of ontologies based on 
the level of formality 

Terminological 
Ontologies Formal Ontologies 

Figure 1.1: Classification of ontologies based on the level of formality. 

1.1.4 Ontology Languages 

Some commonly used ontology languages developed in the scope of the W3C 

Semantic Web Activity are RDF, RDF Schema, OWL, and OWL2. 

• Resource Description Framework or RDF is a general purpose language 

that is used to represent information in the Web (Brickley and Guha, 
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Top-level 
Ontologies 

General 
Ontologies 

Classification of ontologies based on 
the level of granularity or generality 

Domain 
Ontologies 

Task 
Ontologies 

Application 
Ontologies 

Meta or 
Core or 
Generic 

Ontologies 

Figure 1.2: Classification of ontologies based on the level of granularity or 
generality. 

2004). It has a data model equivalent to the semantic networks for

malism. RDF consists of three object types: resources, properties and 

statements (Surez-Figueroa et al., 2011). Its key concepts are graph 

data model, URI-based vocabulary, datatypes, literals, XML serializa

tion syntax, expression of simple facts, and entailment. The structure 

of expressions in RDF is a collection of triples. A triple is a set of a 

subject, a predicate, and an object that can be represented as a node

arc-node link; RDF graph is a set of triples (Klyne and Carrol, 2004). 

• RDF Schema (RDFS) is the RDF vocabulary description language and 

is a semantic extension of RD F. The lack of mechanisms to define 

relationships between properties and resources in RDF data models 

resulted in the need for RDFS; therefore, groups of related resources 

and the relationships between these resources can be described with 

RDFS (Brickley and Guha, 2004). 
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• OWL, the Web Ontology Language, was derived from DARPA Agent 

Markup Language with the Ontology Inference Layer extension 

(DAML+OIL) (Connolly et al., 2001) and was developed by the W3C 

Web Ontology Working Group. OWL is a vocabulary extension of 

RDF. An ontology defined in OWL is an RDF graph and can be stored 

in the Web. An OWL document includes optional ontology headers, 

class axioms, property axioms, and facts about individuals. OWL has 

three sublanguages called OWL-Lite, OWL DL, where DL stands for 

Description Logic, and OWL Full. The RDF vocabulary is extended by 

OWL DL and OWL Lite; however, they also put restrictions on the use 

of this vocabulary. But OWL Full does not put any restrictions on the 

use of the vocabulary. OWL Lite has a functional subset and is used for 

easy implementation. Reasoning systems can benefit from ontologies 

defined in OWL DL since they can have computational properties for 

reasoning. The same set of OWL language constructs is supported by 

OWL Full and OWL DL. OWL DL puts more restrictions on the use 

of some of the language and the RDF features (Dean and Schreiber, 

2004). 

• OWL2 adds more expressivity and functionality to OWL and is con

sidered as an extension of it. The new features added to OWL2 are 

extra syntactic sugar2, additional property and qualified cardinality 

2www.dictionary.com: "Term coined by Peter Landin for additions to the syntax of a 
language which do not affect its expressiveness but make it "sweeter" for humans to use". 
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constructors, extended datatype support, simple meta modeling, and 

extended annotations (Bao et al., 2008). Like OWL, OWL2 has three 

sublanguages or profiles: OWL2 EL, OWL2 QL, and OWL2 RL. Each 

OWL2 sublanguage might not have some expressive functionalities in 

order to satisfy more efficient reasoning in different ways; therefore, 

each sublanguage is a good fit for some scenarios. In general, OWL2 

EL is a good choice when ontologies have either very large numbers 

of properties or classes. When either the query answering is the most 

important reasoning task or use very large volumes of instance data is 

used in the application, OWL2 QL can be a suitable subset of OWL2. 

In OWL2 a standard Rule Language can be used to RL implement the 

reasoning. OWL2 RL is a good choice of profile when scalable rea

soning without losing too much expressivity is required (Motiko et al., 

2009). 

1.2 Ontology Matching 

::The process of finding relationships or correspondences between entities of 

different ontologies" is called matching (Euzenat and Shvaiko, 2007). Ontol

ogy evolution, ontology integration, data integration, and data warehouses 

are traditional applications where ontology matching is considered to be an 

important operation. In such applications the matching can be done at the 

design time and it is usually a prerequisite (Shvaiko and Euzenat, 2008). 
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On the other hand for applications like peer-to-peer information sharing, 

web service integration, multi-agent communication, query answering, and 

semantic web browsing, the matching needs to be done at run time (Shvaiko 

and Euzenat, 2008). 

1.2.1 Why match ontologies and what are the chal

lenges? 

Ontology matching addresses the problem of semantic heterogeneity and the 

result of this process can be used in data translation, merging, and query 

answering (Pavel and Euzenat, 2011). Development of the matching tools and 

automation of the matching process is beneficial in the reduction of the work 

required to be done by developers ( ontology engineers) and domain experts, 

especially in large scale scenarios; however, full automation of the matching 

process is considered to be unattainable and this is an active research topic. 

The Ontology Alignment Evaluation Initiative ( OAEI) is a recognized co

ordinated international initiative held every year since 2004. Its main goals 

are assessment of ontology or schema matching systems and comparison of 

their performance in order to make improvements in the development of the 

ontology and schema matching tools and algorithms. In a recent survey pub

lished by two of the coordinators of the OAEI (Pavel and Euzenat, 2011), 

the following eight challenges have been listed and reviewed in detail. These 

challenges have been collected from the main topics of the recent conferences 
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held related to the Semantic Web, Artificial Intelligence, and Databases re

search areas. 

• Large-scale matching evaluation. 

• Efficiency of matching techniques. 

• Matching with background knowledge. 

• Matcher selection, combination, and tuning. 

• User involvement. 

• Explanation of matching results. 

• Social and collaborative matching. 

• Alignment management, infrastructure and support. 

In addition to that, dealing with naming styles is another challenge that 

should be taken into consideration. Different naming styles may be used 

by different developers. As an example, in building complex words, one 

developer may use the underscore character as the word separator while 

another may concatenate simple words together and start each new word 

with a capital letter like in SociaLEvent and SocialEvent respectively. 

1.2.2 Ontology matching techniques 

Ontology matching can be done using the following techniques (Morant, 

2011): 
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• Similarity techniques: The degree of similarity between concepts is 

measured by these techniques. That is used as an indicator to de

cide whether concepts are similar or not. Similarity techniques can be 

divided into linguistic and contextual techniques. 

- Linguistic techniques usually rely on the syntactic comparisons 

by checking the labels, names, or comments of the entities. They 

can also use some external resources such as WordNet to provide 

semantic information. For example, comparing class labels Young 

and Juvenile using the Leacock-Chodorow similarity measure of 

WordNet, returns that the class labels are more than 50% sim

ilar (0.5637). This similarity value can further be used in other 

similarity value calculations or decisions. 

Contextual techniques usually measure topological similarities and 

they perform comparisons based on the structure of the concepts. 

In this case ontologies are often modelled as graphs. 

• Reasoning-based techniques: These techniques perform some reasoning 

tasks on the input ontologies and some initial mappings. According to 

the reasoning tasks these techniques perform, they can be divided into 

the following types: 

- Deductive techniques usually apply propositional, SAT, or de

scription logics, DL, to formulate the possible mappings logically. 

The satisfiability of the logical formulae can be verified then. 
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- Probabilistic techniques measure the probability of similarity of 

concepts by utilizing machine learning techniques. 

1.2.3 State of the Art of Ontology Matchers 

In Section 1.2.2 ontology matching strategies were classified and reviewed. 

In this section, the state of the art of the recent ontology matcher tools is 

presented using the comparison criteria from (Pavel and Euzenat, 2011) with 

a slight difference in that the focus is on the ontology matching operation 

and the tool's GUI implementation is not taken into consideration. 

In the ontology matching process, in addition to the input ontologies, 

usually implemented in OWL, other input parameters and resources can be 

used such as weights or thresholds, initial alignments to be extended, and 

domain-specific or general dictionaries and thesauri (Euzenat and Shvaiko, 

2007). Also, matcher tools may utilize different or a combination of differ

ent matching algorithms usually called matchers. Depending on the type of 

the data on which matchers work, matchers are classified into four groups: 

terminological ( working on strings that are class names, labels, comments, 

etc.), structural ( working on the structure and topology of input ontologies), 

extensional (working on the instances of classes (individuals)), and semantic 

( working on the model and usually involving reasoning over the input ontolo

gies) (Pavel and Euzenat, 2011). There is also another group of matchers 

called constraint-based matchers that are not commonly used. They work 

on the constraints defined in the ontologies and try to find similarities be-
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tween them. The generated alignment by matcher tools can be different 

in their cardinality. Most of the matcher tools generate one to one align

ments; however, there are tools that return one to many alignments ( Cruz 

et al., 2009; Jean-Mary et al., 2009). Every year since 2004 several ontol

ogy matchers participate in OAEI (OAEI). In the following paragraphs the 

top five matching tools that were evaluated in OAEI 2011 (YAM++, CODI, 

LogMap, AgreementMaker, and MaasMatch) and the SAMBO tool (Lambrix 

and Tan, 2006), that is referenced through the thesis, are reviewed. 

YAM++ (Ngo et al., 2011) which is an extension of YAM (Duchateau 

et al., 2009) ((not) Yet Another Matcher), a schema matching system, is 

an automatic ontology matching tool that works on OWL ontologies and 

generates one to one alignments. YAM++ consists of terminological, ex

tensional, and structural matchers. The terminological matcher utilizes a 

hybrid approach over different string and language-based techniques such as 

Levenstein, Smith Waterman, Jaro, JaroWinkler, MongeEklan, Prefix, Suffix, 

LCS, Lin, JingConrath, and WuPalmer. The terminological matcher uses a 

training dataset called gold standards and applies the binary classification 

method to find matches. The extensional matcher uses the results of the 

terminological matcher and applies terminological similarity metrics to find 

similar instances and extends class and property matches. Applying the sim

ilarity flooding technique (Melnik et al., 2002), the structural matcher tries 

to find more matches. At the end of the matching process, a set of defined 

semantic patterns is used to recognize and remove inconsistencies and then 
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the Hungarian and greedy assignment methods are applied to find the final 

alignment. 

CODI, Combinatorial Optimization for Data Integration (Huber et al., 

2011; Noessner and Niepert, 2010), utilizes the syntax and semantics of 

Markov logic (ML) to perform ontology matching and generate one to one 

alignments between concepts, properties, and instances of OWL ontologies. 

COD I's modularity has been listed as one of its strengths; therefore, although 

CODI uses simple lexical measures such as Levenshtein distance, improve

ments can be done in this case by aggregation of more complex lexical mea

sures. In addition to that, because of the use of the ML framework and 

the capability of applying coherence constraints, CODI is the first ontology 

matcher that can reduce incoherence, logical contradictions, of the corre

spondences during the matching process. CODI also takes the structure of 

the ontologies into consideration by introducing stability constraints to try 

to prevent new structural knowledge being introduced in an alignment. 

LogMap (Jimenez-Ruiz et al., 2011; Grau and Jimenez-Ruiz, 2011) is a 

scalable and logic-based matching tool. In OAEI 2011, LogMap illustrated 

the best F-measure score in the conference track and was the fastest ontol

ogy matcher tool in the anatomy track. Using external resources such as 

WordNet, UMLS, and Porter2 (Porter, 2002), LogMap accepts two OWL 

ontologies and returns a one to one alignment between classes and proper

ties, both object and data type properties. LogMap's main focus is on large 

biomedical ontologies. It starts the matching process by a set of candidate 
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matches called anchors that are obtained using inverted indexation technique 

on the labels of the classes. Using the ISUB string matching tool and the 

principle of locality, LogMap assigns confidence values to the anchors, then 

through an iterative process, the anchors are repaired or expanded. Informa

tion related to the structures of the ontologies arc extracted in different steps 

of the matching process; therefore, in order to reduce the computation time, 

LogMap utilizes an interval labelling schema to index the classified struc

tural hierarchies. Further, LogMap is capable of estimating the overlapping 

fragments of ontologies. 

AgreementMaker (Cruz et al., 2011, 2009) is an extensible ontology match

ing framework whose development began in 2001. The main focus of the 

AgreementMaker is on geospatial applications. It can utilize several match

ers and return the combination of their results as the final result of the 

matching task; therefore, the AgreementMaker's strength is in its ability to 

be easily extended by the addition of new matchers. AgreementMaker also 

has the capability of dynamically adapting its configuration according to the 

input ontologies so that a more accurate and complete result is returned. 

To do so, AgreementMaker applies a supervised machine learning framework 

with a training dataset and several types of classifiers to classify input on

tologies. In addition to that, in some tasks AgreementMaker can benefit 

from a third ontology as the mediator to find the missing information. As 

an example, AgreementMaker utilized the UBERON cross species anatomy 

ontology in the anatomy matching task of the OAEI. The structural matcher 
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of AgreementMaker, when possible, takes both is-a and part-of hierarchies 

into account. 

MaasMatch (Schadd and Roos, 2011) tries to solve the problem of termi

nological heterogeneities in order to find and match entities with the same 

meaning but different names or vice versa; entities are classes, properties, and 

instances. Putting more emphasis on the use of WordNet's similarity tools 

and synsets, MaasMatch tackles this problem by applying a combination of 

information retrieval techniques and the creation of virtual documents. For 

each entity in the ontologies and for each retrieved sysnset related to these 

entities, a virtual document is created. Using the expressiveness of OWL 

ontologies and depending on the type of the entity ( class, property, or in

stance), the virtual document contains different information such as entities' 

labels and comments or, if the entity is a property, class names included 

in the property's domain and range. Finally, the similarity values between 

the entities and documents are computed using the documents' vectors and 

cosine similarity. 

SAMBO (Tan and Lambrix, 2007), a System for Aligning and Merging 

of Biomedical Ontologies, is an ontology matching and merging tool that is 

primarily focused on biomedical ontologies. It utilizes WordNet and UMLS 

and accepts ontologies in OWL to generate one to one alignments between 

classes, properties, and instances. SAMBO combines the results of the dif

ferent matchers using weights. It has two terminological matchers that apply 

n-gram and edit distance algorithms to find terminological similarities, and 
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it has an iterative structural matcher that finds structural similarities over 

is-a and part-of hierarchies. SAMBO also has a domain-specific matcher and 

a learning matcher. The learning matcher utilizes the Naive Bayes classifier 

algorithm. To avoid conflicts and expand and improve the matches, SAMBO 

gets users' suggestions, on generated correspondences, in an interactive way, 

and has a set of components to find and remove inconsistencies. 

1.3 Thesis Goals and Contributions 

This thesis addresses the problem of automatically finding similar concepts 

shared by formal general ontologies in OWL and develops the design, imple

mentation, and testing of a matching method named ClsEqMatcher. Many 

ontology matchers have been developed during the recent years; however, 

there are still features in ontology matchers that need to be improved. Among 

them are: 

• Developing general ontology matchers that are capable of working with 

ontologies consisting of thousands of concepts. It is still a challenge and 

as an evidence, only six out of fourteen matchers participated in OAEI 

2011 could pass the scalability test and generate results in a reasonable 

time. 

• Taking the user's knowledge about the input ontologies into account 

without sacrificing efficiency. In case of user involvement, there are 
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systems like SAMBO in which users can interactively contribute to 

the matching process. In such systems, users usually accept or reject 

matches that are suggested by the system and the users decisions usu

ally have an impact on the future matches suggested by the system. 

On the other hand, there are also systems like LogMap that are fully 

automatic and users just provide the input ontologies to be matched. 

In the matching process, application of user's knowledge about the in

put ontologies increases the accuracy of the results while it can also 

add to the execution time and human labour. Therefore, in this case, 

finding a balance is essential. 

• Most of the systems run the linguistic matcher first and then refine the 

results by combining the results of structural or other matchers. The 

capability of setting a search depth and running structural matcher 

prior to the linguistic matcher reduces the number of name similar

ity checks. Also, in some cases, it leads to generation of more accurate 

results when the input ontologies are in the same domain and are struc

turally similar ( one of them is a modification of the other one). 

ClsEqMatcher tackles all the above-mentioned problems and applies a 

novel heuristic to find structurally similar concepts. ClsEqMatcher is capa

ble of working with large ontologies and benefits from the users' knowledge 

by letting users configure some initial settings. Users do not need to in

teract with the system during the matching process; however, they can set 
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some options in advance (these options are described in detail in Chapter 3). 

ClsEqMatcher is capable of automatically finding and removing inconsis

tent matches from the results, which process increases the precision of the 

results. Inconsistent matches are found by execution of filtering rules to 

find parent-child and disjointness knowledge inconsistency patterns. ClsE

qMatcher generates one-to-one alignments and applies a linguistic matcher 

that utilizes WordNet and the Porter2 stemming algorithm and a contextual 

matcher that checks the neighbourhood of concepts in the input ontologies. 

Further, if the option is set to true by the user, a list of initial matches 

that are structurally similar is generated by ClsEqMatcher; they are found 

by applying the heuristic that it is likely that similar classes in two ontologies 

will appear in the same or close to the same number of statements. In order 

to find the initial matches, ten information parameters described in Chap

ter 3 are chosen and a Genetic Algorithm (GA) is utilized to find weights to 

associate to the information parameters. Using these information parameters 

and weights, scores are assigned to the classes and the Hungarian matcher 

finds the initial matches (Franka, 2004). 

ClsEqMatcher is evaluated using OAEI and 13CON datasets and recall, 

precision, and £-measure metrics. The end goal is to extend ClsEqMatcher 

to be found equivalent properties and instances in addition to the equivalent 

concepts and participate in the next OAEI. 

22 



1.4 Thesis Organization 

This thesis is divided into six chapters. In Chapter 2 definitions on termi

nology used throughout the thesis are presented. Following that, Chapter 3 

presents the algorithm, external resources, and similarity measures used in 

development of ClsEqMatcher. Chapter 4 describes test cases and conditions 

that were used to evaluate the matcher and Chapter 5 presents the results 

of running tests agains these test cases. Finally, Chapter 6 is a summary of 

the work done and suggestions for further improvements and future work. 
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Chapter 2 

Definitions 

2.1 Ontology Definitions 

The ontology definitions follow the texts of (Klyne and Carrol, 2004), (Hor

ridge, 2011), (Euzenat and Shvaiko, 2007), and (Morant, 2011). 

Definition 2 .1 Ontology, Class, Property, Individual (Instance) 

An OWL ontology can be defined in terms of classes, properties, and indi

viduals as follows: 

Oowc(C, P,I) 

where 

• C = { c I c is a class}, c is a class and a class is a set of individuals. The 

set of individuals associated with the class is called the class extension. 
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• 

Ontologies also contain a set of defined datatypes1 that can be denoted 

as T In this thesis 7 is considered to be a subset of classes, 7 C 

C, 7 = (ti, t2 ... tm), ti is a datatype, and O ~ i ~ m . 

• I= UC, an individual i represents an object in the ontology domain. 

In OWL, if it has not been stated explicitly, multiple distinct individu

als can represent the same objects. In other words, in OWL ontologies, 

Unique Name Assumption (UNA) does not hold. 

• P = {r I r ~Ax B,A E C-7, BE C}, P, called properties, is a set 

of binary relations r. The domain of the r can be one or multiple classes 

except datatype classes and the range of the r can be any number of 

classes including datatypes. If the range of a binary relation r is a 

data type, the relation is called datatype property; otherwise it is called 

an object property . 

Definition 2.2 Entity 

An entity in the context of an ontology is either a class, or an individual, or 

a property. It is denoted as e. • 

Definition 2.3 Confidence 

Confidence, denoted as n, is a measure of trust and is assigned to the relation-

10WL ontologies use datatypes defined in XML Schema Definition Language (XSD), 
http://www.w3.org/TR/xmlschema-2/. 
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ship found between two entities. Confidence is a real number between zero 

and one, 0 ~ n ~ l, with O meaning that there is no confidence and 1 mean

ing that with one hundred percent confidence the relation found between two 

given entities holds. • 

Definition 2.4 Correspondence 

A correspondence, Cor, is a 5-tuple defined as below: 

Cor = (id, e1, e2, r, n) 

where 

• 

• id is a unique identifier. 

• e1 and e2 are two given entities. 

• r is the relation between the two entities. In general, r can represent 

equivalence (=), subsumption (~), supersumption (~), and disjointness 

(_i_). 

• n is the associated confidence . 
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Definition 2.5 Alignment 

Alignment is a set of correspondences between pairs of entities of two given 

ontologies, or data models in general, Alignment= { cor I cor E Cor }. • 

Definition 2.6 Ontology Matching 

By the matching process, the relationships between entities of two given 

ontologies, or data models, are found. • 

Definition 2. 7 Mapping 

Mapping is the directed matching from a source data model to a target data 

model such that each entity of the data models can appear at most once in 

the alignment. • 

2.2 Some RDF Terminology 

Some fundamental definitions of Resource Description Framework (RDF) 

terminology are given in this section. 

Definition 2 .8 RDF URI Reference 

An RD F URI Reference is a Unicode string that is also a valid URI character 

sequence. • 

Definition 2.9 Literals 

Values such as dates and numbers are defined by literals, which have lexical 

representations. Literals can also be represented by URis. • 
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Definition 2.10 Blank Node 

Also called Bnode, this represents a resource called Anonymous Node that 

does not have any URI or literal assigned to it. • 

Definition 2.11 RDF Triple 

An RDF triple, which forms a statement, consists of the following compo

nents: 

• 

• A subject that can be either an RDF URI reference or a blank Node. 

• A predicate where predicate can only be an RDF URI reference; it 

defines a property for the statement's subject. 

• An object where object is an RDF URI reference or a blank Node or an 

RD F literal . 

Definition 2.12 RDF Graph 

An RD F graph is a set of RD F triples. • 

2.3 Some OWL Terminology 

Some Web Ontology Language (OWL) terminology is defined in the following 

section. 
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Definition 2.13 Class Description 

An OWL Class is described either by its name or by the class extension if the 

class is an unnamed anonymous class; therefore, an OWL class description 

can be either one of these two. • 

Definition 2.14 owl:Thing 

owl:Thing is one of OWL 's predefined class identifiers ( there are two pre

defined class identifiers in OWL, owl:Thing and owl:Nothing). The class 

extension of owl:Thing contains all the individuals; therefore, all the OWL 

classes are subclasses of owl:Thing. • 

Definition 2.15 Primitive and Defined Classes 

Members of a primitive class must satisfy one or more defined necessary 

conditions while members of a defined class have to satisfy at least one set 

of necessary and sufficient conditions. • 

Definition 2.16 Disjoint Classes 

Two classes that are defined as mutually disjoint have no individuals in com-

mon. 

C..LV if C n V = </>, C and V are classes 

In OWL, classes may overlap unless they have been explicitly defined as 

mutually disjoint. Thus, an individual cannot be a member of two explicitly 

defined disjoint classes at once. • 
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Definition 2 .1 7 Equivalent Classes 

Equivalent classes are classes inferred as such by necessary and sufficient 

conditions. • 

Definition 2.18 Functional Property 

Functional properties, also called single valued properties or f ea tu res, are 

binary relations that relate exactly one individual to exactly one individual 

or literal. As can be inferred from the definition, both datatype and object 

properties can be functional. • 

2.4 Definition of Matching Accuracy Measures 

The quality of the results can be evaluated by the following measures in which 

M stands for the total number of mappings found by the mapping process, 

CM is the total number of correct mappings that exist between entities of 

the two data models, and TP stands for True Positives and is equal to the 

number of correctly found mappings. 

Definition 2.19 Precision, Recall, F-M easure 

Precision shows the fraction of all the found mappings that are correct. 

Precision can be calculated as below: 

TP 
Precision = M 
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Recall shows the fraction of the correct mappings that could have been found. 

It is calculated as below: 
TP 

Recall= CM 

F - Measure is the harmonic mean of the precision and recall. It shows 

how close are the found mappings to the correct mappings. F - Measure 

can be obtained as follows: 

F _ Measure = 2 . Precision · Recall = 2 · T P 
Precision + Recall M + CM 

In this case, Precision and Recall have been weighted the same. It is possible 

to put more emphasis on either Precision or Recall by weighing one of them 

higher than the other one and call it F13 - Measure, where 

(32 Precision · Recall 
F13 - Measure - (1 + ) · --------

- (32 • Precision + Recall 

• 
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Chapter 3 

The Ontology Matching 

AlgorithIIl 

This chapter presents the proposed matching approach by means of which 

equivalent classes of two input ontologies are found. First information pa

rameters are described then the procedure of class assignment in order to 

find initial matches is detailed. Following that, modules related to finding 

name similarities and checking neighbourhood of the concepts in the ontolo

gies are described. Finally, the matching steps and options are outlined and 

the filtering rules executed by the matcher are defined. 
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3.1 Information Parameters 

In an OWL ontology, each class, defined by user or inferred from ontology, can 

appear in many RDF triples, also called statements, with different predicates. 

Predicates give information about the classes, subjects or objects of triples. 

For instance, the predicate subClassOJ used in a statement indicates that the 

subject of the statement is a subclass or subset of the object of the statement 

or the object of the statement is a superclass or superset of the subject. 

Therefore, by referring to predicates, information about classes that build 

the ontology can be extracted. To do so, first a set ofinformation parameters 

to detect possibly similar classes in two ontologies is defined. To achieve this, 

the proposed idea that it is likely that similar classes in two ontologies will 

appear in the same or close to the same number of statements associated 

with particular predicates is developed. Information parameters, chosen by 

the developer, are related to the particular predicates or combinations of par

ticular predicates. Of course different developers may choose with different 

sets of information parameters. 

After extracting the set of information parameters, a numerical weight, 

wi, can be associated to each information parameter, Pi· wi indicates the 

contribution of Pi in the detection of similar classes. From sets of Pi and Wi 

for each class, a score can be calculated for the class by the following formula: 

i=n 

Score1 = ~ (Pi · wi) (3.1) 
i=l 
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where n is equal to the number of the information parameters and 1 ~ j ~ m 

where m is equal to the number of classes. Then this score can be used to 

find a match for its associated class. 

The following is the list of information parameters that have been chosen 

to run the proposed ontology matching experiments with. 

1. The level number. The level on which the concept appears in the 

RDF graph. The OWL's predefined class owl:Thing is considered to be 

on level one. And owl:Thing is the superclass of every class in an OWL 

ontology. Thus, a user-defined class that is not a subset (subclass) of 

any other defined classes is on level two and a subclass of a class on 

level two is on level three and so forth. Therefore, to find the level 

number of a class in the RDF graph, the shortest path linked with the 

subClassOJ predicates from the class to owl:Thing class is found; the 

length of the path measured in nodes is equal to the level number of 

the class. 

2. The number of superclasses. It gives the number of immediate 

named superclasses of a class. It can be derived using the 

getSuperclasses(booleantransitive) built-in method of the Jena AP/. 

It returns a collection of classes that are subjects of RDF triples whose 

object is the given class; the predicate of the statement is subClassOf 

Then, the number of named classes in the collection is counted. When 

the input argument transitive is set to false only the immediate super-
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classes will be taken into account; otherwise, the superclasses of the 

superclasses will be considered too. 

3. The number of subclasses. It gives the number of immediate sub

classes of a class. It can be derived using the getSubclassCount() 

built-in method of the Jena AP/. It returns the number of classes that 

are the objects of RDF triples whose subject is the given class; the 

predicate of the statement is subClassOf. 

4. The number of object properties. All the properties associated 

with the class can be derived by the getAssociatedProperties() built

in method of the Jena AP!; it returns a set. Then object properties in 

which the given class is in the union domain of the property are filtered 

out. 

5. The number of datatype properties. In the same way that the 

number of object properties are found, all the properties associated 

with the class are derived and datatype properties in which the given 

class is in the union domain of the property are filtered out. 

6. The number of functional properties. Both datatype and object 

properties can be functional. For each property the built-in method 

isFunctional() of the Jena AP! is called in order to check if the prop

erty has been defined as functional or not. 

7. The number of classes with which the given class is disjoint. 
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To get the classes defined as disjoint with the given class, the Jena 

AP! built-in method getDisjointClasses() can be called. It returns 

a collection of the RDFS classes that are disjoint with the given class. 

These classes are the objects of the statements with owl:disjoint With 

predicate; the subject of the statements is the given class. 

8. The number of necessary conditions defined on the given 

class. Necessary conditions indicate that if something is a member 

of the given class, then it must satisfy the defined conditions on that 

class (Horridge, 2011). In OWL it implies the superclass relation; there

fore, the number of necessary conditions defined on a class can be de

rived by calling the Jena AP! built-in method getSuperclassCount(). 

9. The number of necessary and sufficient conditions defined 

on the given class. With necessary and sufficient conditions it can 

be said that if an entity satisfies all the defined conditions then it is 

a member of the class. In OWL, necessary and sufficient conditions 

are called equivalent classes; hence, the Jena AP! built-in method 

getEquivalentClasses() can be called to return a collection of the nec

essary and sufficient conditions 

10. The number of object properties associated with the class 

that relate an individual of the given class to another in

dividual of the same class. To find this, the range of the object 

properties associated with the given class is checked to see if they have 
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the given class in their range as well. 

3.2 Assignment of Weights to Information Pa

rameters 

As mentioned, a numerical weight, wi, can be associated with each informa

tion parameter, Pi where wi indicates the contribution of Pi in the detection 

of similar classes. To find a set of numerical weights, W, that result in the de

tection of the maximum number of correct correspondences ( true positives), 

an optimization problem over Rn is needed to be solved where n is equal to 

the number of real-valued weights associated to the information parameters. 

In order to solve the optimization problem and find a set of numerical 

weights, a Genetic Algorithm (GA) (Holland, 1975) is utilized and it is exe

cuted in advance to find the optimal weights, W. Then these optimal weights 

can be used in the scoring step of the matching procedure. In the following 

section, the principles of GAs are briefly described. 

3.2.1 The principles of GAs 

In general, GAs evolve a set of solutions toward a nearly global optimum 

solution. Solutions are coded as a set of parameters called genes. Each set 

of genes represents a chromosome ( a set of genes representing a chromosome 

is also called a genotype). GAs apply the principle of natural selection to 
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evolve the solutions; therefore, reproduction, crossover, and mutation are 

three basic operations of a GA. By reproduction a potential solution is copied. 

By crossover gene values between two chromosomes that are two potential 

solutions are swapped, mating the solutions. And by mutation the value of 

a gene in a chromosome is randomly altered (Beasley et al., 1993). 

The fitness function evaluates how good a solution is in comparison to 

other potential solutions. It returns a positive number called the fitness 

value. Higher returned numbers are indicators of more optimal solutions; 

consequently, solutions with higher fitness values are more likely to be se

lected to pass on to the next generation via the natural selection process. 

The selection is done according to the relative fitness measured as a per

centage; however, it does not guarantee the selection of better solutions. 

Therefore, it is important to implement the fitness function such that better 

solutions get reasonably higher probability of being selected (Beasley et al., 

1993; Meffert, 2012). 

3.2.2 Utilizing a GA to find the optimal weights 

The search space of this problem is large (Rn), GAs can return nearly global 

optima, and with making minor changes to the algorithm GAs can be easily 

used to solve a variety of problems. In terms of the computation time, GAs 

may not be as efficient as other optimization algorithms; however, in this 

case it is not a problem since the GA is executed in advance and its result is 

used in the matching process. In this problem, the number of genes on each 
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chromosome is equal to the number of information parameters having weights 

associated with them; genes represent real-valued numbers between zero and 

one ( value encoding). Figure 3.1 shows the chromosome representation. 

n= The total number of information parameters 
having weights associated with them. 

I Wt I W2 I ........ I W°'t I Wn I 

Figure 3.1: Chromosome representation 

In this problem, the goal of the optimization is to find weights that max

imize the number of correct correspondences ( true positives). Consequently, 

we need a set of test cases containing pairs of ontologies to be matched and 

reference alignments to compare the results of the matching process with 

them (in Chapter 4 test cases will be described in detail). 

In the GA, each chromosome, which represents a set of weights, results 

in the generation of an alignment. The fitness function needs to compare 

the generated alignment with the reference alignment and counts the num

ber of true positives. After that, the natural selection process of the GA, 

should pass on the portion of the population (chromosomes) that leads to 

the production of more true positives to the next generation. 

For each test case, which is a pair of ontologies and a reference alignment, 

the number of correct correspondences is known, let's call it targetAmount; 

thus, the fitness function can be defined as follows: 

39 



F = K1 - (targetAmount - truePositives) (3.2) 

where F represents the fitness value and K1 is a constant selected by the 

developer that is greater than the targetA mount. The above fitness value 

calculation formula will return higher numbers when the number of true 

positives is closer to the actual number of correct correspondences ( targetA

mount), and vice versa, which is the desired result. 

Also, additional fitness points can be added to the solutions that result 

in the generation of the same alignments as their related reference alignments. 

if (truePositives == targetAmount) 

F + = K 2 , where K 2 is a constant. (3.3) 

The population can be evolved until a satisfactory solution is found or it 

can be evolved for a predefined number of times. For this thesis, the second 

approach was chosen and the population was evolved for a fixed number of 

times; then the best solution from the final evolved population was found. 

Implementation details and experiments are described in detail in Chapter 4. 
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3.3 Class Assignment 

Using Equation (3.1) to calculate a score for each class, the matching method 

utilized the Hungarian algorithm (Kuhn, 1955) to find the class-to-class as

signment . The Hungarian method is a commonly used algorithm to solve 

one-to-one assignment problems and has O(n3 ) running time, where, here, n 

is equal to the total number of nodes (classes) in the biggest ontology. 

In this assignment problem, the cost of each class-to-class assignment is 

equal to the difference of the scores associated to classes. 

costp,q = I S corep - S coreq I (3.4) 

where Scorep is the score calculated for class cp, Scoreq is the score cal

culated for class cq, and costp,q is the cost of the assignment of Cp to cq; cp 

and cq are two classes of two input ontologies. The input of the matching 

algorithm is a matrix of class assignment costs and the output is a list of 

class assignments. The goal of the assignment is to find the min-cost class 

assignments. 

3.4 Finding Name Similarity 

In this section, first simple and complex words are defined then each step of 

the linguistic similarity checks, which is illustrated in Figure 3.2 and is used 
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UR/1, Labels1, Comments1 
________ _.., Sima= 

checkURls(UR/1, URJZ) 
UR/2, Labels2, Comments2 

Simu= 0 

Sim1.2= 
~-- checkLabels(Labels1, 

Labels2) 

No 

Sima= 
checkComment.s(Commentsl, 
Comments2) 

Figure 3.2: A schematic overview of the linguistic similarity checks performed 
in the matching algorithm. 

in the matching procedure, is described. 

Simple and Complex Words: Simple words can not be divided into 

more meaningful words; however, a stem may be extracted out of a simple 

word. A complex word is a combination of simple words. Simple words can 

be combined using underscores or lower case and capital case letters. For 

instance "SocialEvent" and "SociaLevent" are both complex words consisting 

of two simple words "Social" and "Event". In order to split complex names 

to simple names, transitions from capital case letters to lower case letters 

and also special characters such as underscore were taken into consideration. 

In this process, numbers are ignored. 
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Comparison of Complex Words: If two complex words are the exact 

same strings or at least one of them is an empty or a null string, the procedure 

is not executed further and 1 or O is returned respectively, 1 meaning that two 

words represent the same word and O meaning that they have no similarities. 

Otherwise, the comparison is started by first finding simple words out of the 

complex words, which process returns arrays of simple words. The algorithm 

eliminates simple words that match items in a stop word list, such as "the" 

and "an". After that, if user has set the use of a stemmer to true, the stem of 

the simple words are compared with each other. Otherwise simple words are 

compared; in both cases WordNet is utilized. This step uses Porter2 (Porter, 

2002) as the stemmer and the Leacock-Chodorow similarity measure of the 

WordNet similarity package to find semantic similarities between words (In 

Sections 3.4.1 and 3.4.2 the reasons why these tools have been chosen are 

described). The following formula is used to calculate the similarity value of 

two complex words. 

Simcwl,cw2 = 1 - ( 
I:!:;(1- max[similarityValue(sswli, ssw2j)])2) 

maxNumSimpleWords 

for 1 ~ j ~ m and n ~ m (3.5) 

where n is equal to the number of simple words in the complex word ( cw 1), 

m is equal to the number of simple words in the complex word ( cw2), ssw1i 

and ssw2j are either the stems of simple words or simple words retrieved 

from cwl and cw2, respectively, and maxNumSimpleWords is equal to the 
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maximum number of simple words in the complex words. 

similarityValue(sswli, ssw2i) returns the similarity value of the words. 

3.4.1 Why use Porter2 as the stemmer? 

According to the survey done on the existing stemming algorithms in (Morant, 

2011), Porter (Porter, 1980), Porter2 (Porter, 2002), Paice (Paice, 1990), 

Lovins (Lovins, 1968), and Lovinslter are five stemming tools known to have 

good performance and be available for further implementations. In (Morant, 

2011) these five stemming tools were tested with the ontology matcher tool 

LogMap (Grau and Jimenez-Ruiz, 2011) and found that in general Porter2 

is the most balanced one that generated the best matching results. Morant 

tested the stemming algorithms on Anatomy, FMA-NCI, FMA-SNOMED, 

and NCI-SNOMED ontology datasets (OAEI) containing more than 2000 

classes and, in general, received the best F-Measure scores when Porter2 was 

the stemmer in use . 

The word balanced used here refers to the impact that different stemming 

algorithms can have on the precision and recall of the system. Too aggres

sive stemming algorithms, those that return shorter roots compared to less 

aggressive ones, match unrelated words and hence produce lower precision. 

On the other hand, stemming algorithms that return longer roots are likely 

to match unrelated words and result in lower recall. 
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3.4.2 Why use Leacock-Chodorow as the word similar

ity measure? 

The Perl WordNet::Similarity package (version 0.09) and WordNet version 

1. 7.1 were used in (Warin, 2004) to run a test on five out of eight implemented 

semantic similarity measures: the Leacock-Chodorow measure, the Jiang

Conrath measure, the Lin measure, the Resnik measure, and the Wu-Palmer 

measure. Unlike the Lin, Resnik, and Jiang-Conrath measures that are based 

on the notion of information content 1, Leacock-Chodorow and Wu-Palmer 

calculate the semantic similarity of the nouns based on the path length, which 

is equal to the number of nodes ( other words) between the given words in 

the word taxonomy (network). 

Warin aimed for enrichment of an ontology ( the Common Procurement 

Vocabulary) with information about its leaf-nodes; therefore, he chose those 

five measures since all of them are capable of calculating the semantic simi

larity within IS-A taxonomies (except the Lin measure, which is designed to 

work in almost any environment not just the IS-A taxonomies). The results 

of the (Warin, 2004) experiments show that Leacock-Chodorow outperforms 

the other four similarity measures. Also, since the Leacock-Chodorow mea

sure does not rely on a corpus to calculate the semantic similarity of two 

words, the result gained by this measure cannot be influenced by sparse 

1The information content of a word is equal to - logp(wordi) where p(wordi) is the 
probability computed from corpus frequencies of wordi. Therefore, the corpus used can 
greatly impact the the result of the information content-based measures (Warin, 2004). 
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data problems, which is encountered when the corpus of words that is used 

to calculate word frequencies is not comprehensive. Moreover, Warin also 

pointed out that in (Seco et al., 2004) among the five similarity measures 

the Leacock-Chodorow measure ranks first in terms of the correlation with 

human judgment. For instance, Table 3.1 shows the similarity values re

turned by five similarity measures of WordNet (Leacock-Chodorow, Resnik, 

Wu-Palmer, Lin, Jiang-Conrath) for nouns "young" and "juvenile". As it 

can be seen in Table 3.1, because of the use of different similarity calculation 

methods, different measures return different similarity values for the same 

words and the result of the Leacock-Chodorow measure is closer to human 

judgment. 

Table 3.1: Similarity values returned by the WordNet similarity measures for 
nouns "young" and "juvenile" 

I Similarity Measure I Similarity Value I 
Leacock-Chodorow 0.5637 

Resink 0.5159 
Wu-Palmer 0.2108 

Lin 0.0723 
Jiang-Conrath 0.0270 

By assumption of the existence of a virtual top node that is the superset of 

all the other words, the Leacock-Chodorow measure calculates the semantic 

similarity of two words by the following formula: 
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S . ( d d ) [ 1 length( woTd1 , w0Td2) ] 
zmLcH woT 1 , woT 2 = max - og----'--

2
-D-----'- (3.6) 

where, length( woTd1, woTd2) is equal to the number of nodes existing on 

the path between woTd1 and word2 and D is the longest possible path in the 

word hierarchy ( the maximum depth). 

In this thesis, WordNet version 3.0 and the Java implementation of the 

WordNet::Similarity package to find the semantic similarity of the stem of the 

simple words (nouns) were used. Since, based on our experiment, the max

imum similarity value returned by the Leacock-Chodorow measure is equal 

to 3.689 (when two words are the same like "mother" and "mother"), as 

opposed to 3.583 mentioned in (Warin, 2004), the returned similarity values 

are divided by 3.689 to be normalized and be a positive number less than or 

equal to 1. 

3.4.3 The steps of the linguistic check method 

checkURis(URI1, URI2): The first step tries to retrieve class names 

from the URis and then compare them together. An RD F URI is a string 

of characters consisting of a namespace(NS) and a unique name assigned 

to the resource, RDF URI = NS+ uniqueName. A class name retrieved 

from the URI can be either a simple word or a complex word. Applying the 

complex word comparison method on the retrieved class names determines 
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their semantic similarity value (Equation (3.5)). For example, assume the 

following two class URis: 

• http:\\ universityOntologyl#PairOJNodes 

• http:\\ university0ntology2# Vertex_pairs 

The retrieved class names are cwl = "PairOfNodes" and cw2 = "Vertex_

pairs" that are complex words; therefore, the arrays of simple words will 

be [Pair,Of,Nodes] and [Vertex,pairs]. The stems extracted out of cwl 

are ssw11 = "Pair" , ssw12 = "Of" , and ssw13 = "Node" and the stems 

extracted out of cw2 are ssw21 = "Vertex" and ssw22 = "pair". In the next 

step similarity values will be calculated as below: 

• similarity Value( "Vertex", "pair")= 0.3046 

• similarityValue("Vertex", "Node")= 0.4724 

And an exact match for ssw22 = "pair" will be found in the other complex 

word, similarity Value( "Pair", "pair") = 1. 

In this example, maxNumSimpleWords = 2 because cwl ="PairOfNodes" 

containing one stop word ( "of") and two simple words ( "Pair" and "Nodes"). 

And cw2 ="Vertex_pairs" containing two simple words ( "Vertex" and "pairs"). 

As a result, the semantic similarity value of cwl and cw2 will be: 

S . - - J(l - 1)2 + (1 - 0.4724)2 = 0 7362 
'lfficwl,cw2 - 1 2 

· 
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checkLabels(Label1, Label2): The second step of the linguistic simi

larity check is done if the similarity value calculated by the first step is less 

than a predefined threshold (here defined as 0.5). The labels associated with 

each class are collected and then complex words of the labels are extracted. 

Following Equation (3.5) complex words are compared with each other and 

their semantic similarity values are calculated. Finally the similarity value 

of the complex words is returned (Equation (3.7)). 

. V~~~~(l -max[Simcwli,cw2j])2 

Simlabell,label2 = 1 - N C l W d 
max um omp ex or s 

for 1 S j S m and n ~ m (3.7) 

where n and m are equal to the number of complex words in labell and label2 

respectively. 

checkComments(Comments1, Comments2): The comments of two 

matched classes are compared if the similarity value obtained from the previ

ous step is less than 0.5. Comments associated with each class are collected 

and stop words are eliminated from each comment; then, complex words 

are compared with each other and the average similarity value of each pair 

of comments is calculated. Finally, the average of the maximum similarity 

values is returned (Equation (3.8)). 
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Simcommentsl,comments2 = 
I:!:~(max [Simc1i,c2j]) 

m 

for 1 S j S m and m ~ n (3.8) 

In the matching procedure, in order to find terminological similarities, 

the procedure described in Figure 3.2 is used. The inputs of this procedure 

are of class URis, labels, and comments. First the terminological similarity 

of class URls is calculated. If it is greater than predefined threshold, the 

similarity value is returned otherwise the terminological similarity of the 

class labels is calculated by calling the checkLabels(Labell, Label2) method. 

If the calculated similarity value at this stage is greater than the threshold 

it is returned as the terminological similarity value of the classes otherwise 

the checkComments(Commentsl, Comments2) is called with the comments 

associated to the classes. If the result of none of the steps is greater than 

the defined threshold, here 0.5, the maximum similarity value calculated is 

returned. 

3.5 Expanding Matches 

In Figure 3.3, which illustrates an example, classes Cl and Bl from Ontology! 

and Ontology2 have been returned as a possible match. The shaded circles 

around them are their superclasses, subclasses, and siblings. To see if it is 
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Ontology1 Ontolo,gy2 

Figure 3.3: A snapshot of two matched classes Cl and Bl from Ontology! 
and Ontology2 and their neighbourhood. 

a match to be kept and expanded, the following operations and comparisons 

are done. Ontology models are created from OWL files using Pellet (Sirin 

et al., 2007) as the reasoner. 

checkAMatch: This method gets a match as the input and checks if a 

better match containing either one of the input classes exists. If not then 

the input match can be added to the stored matches. If any of the classes of 
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the input match exist in other matches with similarity values less than the 

current one, then those matches should be removed from the stored matches 

and the new input match is added. A better match here means a match 

with greater confidence value which is equal to the linguistic similarity value 

calculated using the procedure described in Figure 3.2. This method returns 

a boolean value indicating whether the matches have been modified or not. 

checkThelmmediateSuperclasses: Direct superclasses of classes in 

an input match are retrieved from the ontology models (RDF graphs). They 

are compared and a sorted array of matches based on their name similarity 

values is returned. Then matches are passed to the checkAMatch method 

which checks them with the already stored matches. In Figure 3.3, C2 and 

C3 are direct superclasses of Cl, and B2 is the direct superclass of Bl. By 

calling the checkThelmmediateSuperclasses method, B2 is compared with 

C2 and C3, and the pair with maximum similarity value is returned. In this 

example assume ( C3, B2) has a name similarity value greater than that of 

the pair ( C2, B2). As a result the checkAMatch method checks if either C3 

or B2 exists in other matches with greater confidences or not. If not then 

( C3, B2) are added to the stored matches. If they exist in other matches with 

similarity values less than the current one, then those matches are removed 

from the matches and the current one is added. 
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Procedure: checkTheimmediateSuperclasses 
Inputs: classU RI1, classU R/2, ont1, ont2 
Output: The total number of modifications in the matches' HashMap 
1: numO f Modifications = 0 
2: supers1 = getSuperClassesArray(ont1, classU R/1) 

3: supers2 = getSuperClassesArray(ont2, classU R/2) 

4: if ((supers1 == null) or (supers2 == null) 
or (OW L.Thing.getU RI().equals/gnoreCase(supersi[O]) 
or (OW L.Thing.getU RI().equals/gnoreCase(supers2[0])) then 

5: return 0 
6: end if 
7: sortedMatches = matchSimilarConcepts(ont1, ont2, supers1, supers2) 
8: if ( sortedM atches == null) then 
9: return 0 
10: end if 
11: for (i=l to sortedMatches.length - 1) do 
12: if ( checkAM atch( sortedM atches[i])) then 
13: numOfNiodifications++ 
14: end if 
15: end for 
16: return numOfModifications 

checkThelmmediateSubclasses: Direct subclasses of classes in an in

put match are retrieved from the ontology models. They are compared and 

a sorted list of matches based on their name similarity values is returned. 

Matches with greater similarity values are passed to the checkAMatch method 

which checks them with the already stored matches. In Figure 3.3, C7, C8, 

and C9 are direct subclasses of CL B5 and B6 are the direct subclasses 

of Bl. By calling the checkThe/mmediateSubclasses method, C7, C8, and 

C9 are compared with B5 and B6 and the pairs with maximum similar

ity values are returned. In this example assume (C7, B5) and (C9, B6) are 
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the matches with the greater name similarity values; therefore, checkAMatch 

method checks these matches, (C7, B5) and (C9, B6). 

checkTheSiblings: Just as the immediate superclasses and immediate 

subclasses of two classes are compared, siblings of two classes are compared 

to see if a better match involving their siblings can be found or not. Sib

lings of two matched classes are subclasses of their associated direct super

classes. The comparison process done here is the same as the comparison 

process done in the checkThelmmediateSuperclasses and checkThelmmedi

ateSubclasses methods. In Figure 3.3, ClO is the only sibling of Cl, and 

siblings of Bl are B3 and B4; thus, Cl and ClO are compared with Bl, B3, 

and B4. 

Check a class with subclasses of the other class: In the matching 

procedure, in addition to comparing direct subclasses of two matched classes, 

a class is compared with subclasses of the other class. A certain depth is de

fined in advance and when needed a class is compared with subclasses of the 

other class until it reaches the predefined depth or there are no more sub

classes to be compared with. In the example demonstrated in Figure 3.3, if 

the predefined depth is 1, Cl is compared only with B6, and Bl is compared 

with C7, C8, and C9. If the predefined depth is 2, Bl is still compared 

with C7, C8, and C9 because there are no more subclasses; however, Cl is 

compared with B7 and B8 besides B6. 
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Procedure: checkAClassWithSubclasses 
Inputs: ont1, ont2, classU RI1, classU Rh, bestM atch, depth 
1: if (bestMatch.getConfidence() == 1) then 
2: return 
3: max Sim Value = bestM atch.getConf idence() 
4: subs2 = getSubClassesArray(ont2, classU Rh) 
5: if ((depth> PREDEFINED_DEPTH) or (subs2 == null) 

or ((OW L.Nothing.getU RI()).equalslgnoreCase(subs2[0]))) then 
6: return 
7: end if 
8: for (i=O to subs2.length - 1) do 
9: sim Value = f indN ameSimilarity Value( ont1, ont2, classU Rli, subs2 [i]) 
10: aStoredMatch = matchesMap.get(subs2[i]) 
11: if ((aStoredMatch! = null) 

and ( aStoredM atch.getConf idence() >= sim Value)) then 
12: continue 
13: end if 
14: if (simValue > maxSimValue) then 
15: max Sim Value = sim Value 
16: betterU RI2 = subs2[i] 
17: end if 
18: if (maxSimValue == 1) then 
19: break 
20: end if 
21: end for 
22: if (bestM atch.getConf idence() < max Sim Value) then 
23: bestM atch.setConfidence(maxSimValue) 
24: bestM atch.setConceptl(classU RI1) 
25: bestM atch.setConcept2(betterU Rh) 
26: end if 
27: for (j=O to subs2.length - 1) do 
28: if (j == 0) then 
29: depth++ 
30: end if 
31: checkAClassWithSubclasses(ont1, 

ont2, classU RI1, subs2[j], bestMatch, depth) 
32: end for 
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Check a class with superclasses of the other class: Just as in the 

comparison process done between a class and subclasses of the other class, 

with a predefined height a class is compared with superclasses of a given 

class. In Figure 3.3, with the height defined as 2, Cl is compared with B2, 

and Bl is compared with C2, C3, C4, C5, and C6. 

Check the equivalent classes: owl:equivalentClass is one of the tree 

OWL's constructs that links and combines class descriptions to create class 

axioms. Class descriptions linked with the owl:equivalentClass built-in prop

erty have the same class extensions; however, this does not imply that they 

are equal since equality means intensionally representing the same concept 

that can be represented using the owl:sameAs construct (Dean and Schreiber, 

2004). In the matching method that is described further in the following sec

tion a list of equivalent classes related to a given class is retrieved from the 

ontology model. Each equivalent class can be a named class or an anonymous 

one. In the matching algorithm the anonymous class is checked to see if it is 

either the intersection of other classes and restrictions or if it is the union of 

a collection of classes. For different types of classes different operations and 

comparisons are done as follows: 

• If a class CO is equivalent to a named class ClO and CO has been 

matched with Bl5, it is inferred that ClO can also be a match for Bl5. 

• If a class CO is equivalent to an anonymous class AnonymO that is the 

intersection of named classes Cl and C2 (AnonymO = Cl n C2) and 
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CO has been matched with Bl5, Bl5 is compared with subclasses of 

Cl and C2, and Cl and C2 are compared with superclasses of Bl5. 

• If a class CO is equivalent to an anonymous class AnonymO that is the 

union of a collection of named classes Cl and C2 (AnonymO = ClLJC2) 

and CO has been matched with Bl5, Bl5 is compared with superclasses 

of Cl and C2, and Cl and C2 are compared with subclasses of Bl5. 

Compare names of a portion of the concepts of the first ontol

ogy with concepts of the other ontology: This method gets two class 

URis rootU RI1 and rootU RI2 as inputs. rootU RI1 specifies a class in the 

first ontology and rootU RI2 specifies a class in the other one. If any of these 

class URis has not been specified, class Thing will be chosen instead. Start

ing from rootU Rli, class names of each level are compared with subclasses 

of rootU Rh (immediate and non immediate) until the input portion amount 

is reached or there are no more subclasses of rootU RI2 with respect to the 

Depth option described in Section 3.6. Then possible matches are stored for 

further structure expansion in the future. 

In all of the comparisons involving two sets of classes and returning a set 

of matches, the Hungarian algorithm is utilized with the goal of maximizing 

the sum of the similarity values. To create the matrix of similarity values and 

increase the chance of the selection of more similar concepts, the following 

modifications are made: 

• If the similarity value of two concepts is less than 0.5, a similarity value 
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of O is stored in the matrix. 

• If the similarity value of two concepts is greater than 0.9, a similarity 

value of 2 is stored in the matrix. 

Procedure: portionNameComparison 
Inputs: ont1, ont2 , rootU Rli, rootU RI2 

1: aRoot = null 
2: portion = 0 
3: totalNumConcepts = 

ontl.getNumberO /Concepts() == O? 1 : ontl.getNumberO /Concepts() 
4: foundMatch = new Mappinglnfo(O, null, null," = ", 0) 
5: queue = new LinkedList < String > () 
6: subs1 = getSubClassesArray(ont1, rootU RI1) 
7: if (subs1! = null) then 
8: for (i=O to subsi,length - 1) do 
9: if ((subs1 [i]! = null) 

and (!subs1 [i] .equals! gnoreCase( OW L.N othing.getU RI()))) 
then 

10: queue.add(subs1[i]) 
11: end if 
12: end for 
13: end if 
14: while (!queue.isEmpty()) do 
15: aRoot = queue.remove() 
16: f oundM atch.setConceptU Ril(null) 
17: f oundM atch.setConcept2(null) 
18: f oundM atch.setConf idence(O) 
19: alreadyThere = matchesMap.get(aRoot) 
20: if ((alreadyThere == null) 

or (alreadyThere! = null 
and alreadyThere.getConfidence()! = 1)) 

then 
21: checkAClassW ithSubclasses( ont1, 

ont2 , aRoot, rootUri2 , foundMatch, 0) 
22: if (f oundM atch.getConceptU R/1()! = null) then 
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23: check AM atch(f oundM atch) 
24: end if 
25: end if 
26: portionCounter + + 
27: portion= portionCounter/totalNumConcepts 
28: if (portion>= PREDEFINEDpORTION) then 
29: break 
30: end if 
31: ratioO f Classes = (portionCounter+queue.size()) /totalN umConcepts 
32: if (ratioOJClasses < PREDEFINED_PORTION) then 
33: subs1 = getSubClassesArray(ont1, aRoot) 
34: if ( subs1 ! = null) then 
35: for (i=O to subsi,length - l) do 
36: if ((subsi[i)! = null) 

and (!subs 1 [i].equalslgnoreCase(OW L.Nothing.getU RI()))) 
then 

37: queue.add(subs1 [i]) 
38: end if 
39: end for 
40: end if 
41: end if 
42: end while 

For all of the comparison operations between the related classes of two 

classes involved in a match, a check is done to see if they have already been 

compared to avoid repeating the operation. Also, prior to the calculation 

of the similarity values, the stored matches are checked to see whether a 

similarity value for the two concepts has already been calculated. Further, 

each time that an array of correspondences is supposed to be returned, before 

the array is returned, it is sorted applying the merge sort algorithm with the 

worst case complexity of O(nlogn). This is done because of the intuition 

that if the new matches are going to update the already stored matches, by 
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checking the new matches with greater confidence (similarity) values first, 

the total number of updates can be reduced. 

3.6 The Matching Procedure 

The matching procedure starts by specifying two OWL ontologies to be 

matched. The user can also set the following options before the matching 

process is started ( otherwise the default values are used) : 

• Cut-off threshold: A cut-off threshold can be defined by the user 

such that matches with confidence values less than this threshold are 

not taken into consideration. 

• Depth: As mentioned, a class can be compared with superclasses or 

subclasses of another class until the comparison reaches a predefined 

depth or there are no more classes left to be compared with. This 

option defines the depth. 

• Rootl and Root2: These are two class URis that specify classes 

in two ontologies. Subclasses of these roots are compared when the 

Portion option is set to true. 

• Portion: It is a number between O and 1, [0,1) and it indicates the 

portion of the class names from the first ontology that will be compared 

with all or a portion of the class names from the second ontology. 

Classes of the first ontology are selected level by level starting from 
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subclasses of Thing or Rootl. From the second ontology, subclasses of 

Root2 or Thing will be compared with the specified portion of class 

names from the other ontology. 

• Stemmer: If set to true, the Porter2 stemming algorithm will be ap

plied on the simple words before they are passed to the WordNet sim

ilarity tool. 

• Use weights obtained by the GA to find anchors: As described 

in Sections 3.1-3.3, a set of weights can be chosen to find some initial 

matches (anchors) using information parameters for each class and ap

plying the Hungarian matching algorithm. By setting this option to 

true, all of these processes will be performed; otherwise, they will be 

skipped. 

• Filter: Currently three filtering rules have been implemented to elimi

nate conflicting matches (the filtering rules are described in Section 3.6.1). 

By setting this option to true, these filtering tasks are performed. 

The result of the matching process is a one to one alignment between the 

classes of two ontologies. Figure 3.4 provides a schematic overview of the 

ontology matching procedure. The steps of the procedure are as follows: 

1. Parse and classify ontologies 0 1 and 0 2 using Jena and Pellet reasoner 

APis and retrieve the information parameters. 
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Steps 2.a- 2.e 

. . -----------·-·····-----····-·····--------. • I 
I 

Steps 
1.a.i• 
7.a.iv 

Steps 7.b.i· 7.b.iv 

I 

·----------------------------------------··------. 

Step4 

Yes 

Figure 3.4: A schematic overview of the ontology matching procedure. 

2. If user has selected the option of using weights obtained by the GA to 

find anchors: 

(a) Read weights from a file. 

(b) Assign scores to the classes. 

( c) Find matches using the class scores and the Hungarian algorithm. 

(d) Sort the array of matches based on their confidence value (their 
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terminological similarity value) in descending order. 

( e) Add the matches, anchors, to the HashMap of matches. 

3. Compare the immediate subclasses of Thing from 0 1 and 0 2 and if 

necessary update the stored matches. Here an exception is made to 

increase the chances of similar concepts being matched. That is, if the 

similarity value of two concepts is greater than 0.49 and is not equal 

to 1, add 0.3 to it and if the result is greater than 1 store either a 

predefined similarity value (here defined as 0.85) or the raw similarity 

value depending on which one is greater. 

4. If portion>O compare subclasses of a specified root in 0 1 level by level 

with all the subclasses of a specified root in 0 2 until the portion value 

is reached or there are no more subclasses to be compared. Update the 

matches if necessary. 

5. If Filter has been set to true, perform the filtering tasks. 

6. Eliminate matches that have already been expanded and get the matches 

to be expanded. 

7. While there are still matches in the HashMaps to expand, for each 

match do the following: 

(a) If the confidence value is greater than 0.79 
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i. Check each one of the classes with superclasses and subclasses 

of the other class to see if a match with a greater similarity 

value can be found, and then update the matches if necessary. 

11. Compare the immediate superclasses, siblings, and equivalent 

classes of the new match and after each comparison update 

the matches if necessary. 

iii. Compare all the subclasses of the classes of the new match 

with each other and update the matches if necessary. 

1v. Set the expanded attribute of the new match to true. 

(b) Else, if the confidence value is less than 0.8 

1. Check each one of the classes with superclasses and subclasses 

of the other concept to see if a match with a greater similarity 

value can be found, and then update the matches if necessary. 

ii. Compare the immediate siblings, and equivalent classes of the 

new match and after each comparison update the matches if 

necessary. 

iii. Compare the immediate subclasses of the classes of the new 

match with each other and update the matches if necessary. 

iv. Set the expanded attribute of the new match to true. 

( c) If Filter has been set to true, perform the filtering tasks. 

( d) Eliminate matches that have already been expanded and get the 

matches to be expanded. 
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8. Select correspondences with confidence values greater than or equal to 

0.5 and return the one-to-one alignment. 

3.6.1 Filtering Rules 

If the user set the Filter option to true, three filtering rules are performed. 

These filtering rules try to find Parent-Child and Disjointness Knowledge 

inconsistencies (Fahad et al., 2011) or prevent expansion of the concepts with 

similarity values less than a predefined threshold. In the following paragraphs 

these filtering rules are described (input of the all of the filtering tasks is a 

list of correspondences). 

Filtering based on a predefined threshold: This filtering task is 

performed by comparing the confidence value of each of the correspondences 

with a predefined threshold. If the confidence value is less than the threshold, 

the correspondence is eliminated from the stored matches ( this threshold has 

been defined as 0.3). 

Parent-Child Inconsistency Pattern: Parent-child inconsistency hap

pens when a concept C1 from ontology 0 1 is mapped to another concept B1 

from ontology 0 2 while there exists a mapping between concepts C2 and B2 

from ontologies 0 1 and 0 2 such that C1 C C2 and B2 C B1. Such mappings 

lead to inconsistencies and create cycles when the two matched ontologies are 

merged. Figure 3.5 shows an example of parent-child inconsistency between 

concepts of Conference (01 ) and Cmt (02 ) ontologies from the Conference 
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dataset. In this example, Contribution_co-author has been mapped to User 

and Contribution_co-author is a subclass of Regular_author which has been 

mapped to Author and User is the superclass of Author. Between these two 

correspondences, Regular_author to Author mapping has the greater similar

ity value and is kept. To find this inconsistency, the following procedure is 

performed: 

Procedure: checkParentChildlnconsistency 
Input: A list of correspondences (L) 
1: for each Car E StoredCars do 
2: for each superclasses0f(Cor.e1) do 
3: if Car' E StoredCars where Car'.e2 E subclassesO f ( Car.e2) then 
4: remove the cor. ( Car or Cor') with the lower conf. value 
5: end if 
6: end for 
7: if an inconsistency with Cor.e1 was not found then 
8: repeat lines 2-6 for Car.e2 
9: end if 
10: end for 

Disjointness Knowledge Inconsistency Pattern: In OWL, classes 

can be explicitly defined as mutually disjoint and it means that they have 

no individuals in common (Definition 2.16). Disjointness Knowledge incon

sistency happens when a concept C1 from ontology 0 1 is mapped to another 

concept B1 from ontology 0 2 while there exists a mapping between concepts 

C 2 and B2 from ontologies 0 1 and 02 such that C1J_C2 and B1 C B2 or 

B2 C B1 or B 1 = B2 . To find such inconsistencies, the following procedure 

is performed: 
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Figure 3.5: An example of parent-child inconsistency between concepts of 
Conference ( 0 1) and Cmt ( 0 2) ontologies from the Conference dataset. 

Procedure: checkDisjointnesslnconsistency 
Input: A list of correspondences (L) 
1: for each Cor E L do 
2: for each Ci..lCor.e1 do 
3: if Cor' E StoredCors where Cor'.e1 == Ci then 
4: if ((Cor'.e2 E equivalentsOJ(Cor.e2)) 

or (Cor'.e2 E subclassesOJ(Cor.e2)) 
or (Cor'.e2 E superclassesOJ(Cor.e2))) then 

5: remove the cor. ( Cor or Cor') with the lower conf. value 
6: end if 
7: end if 
8: end for 
9: if an inconsistency with Cor.e1 was not found then 
10: repeat lines 2-9 for Cor.e2 
11: end if 
12: end for 

For instance, User from Cmt ontology is in a correspondence, C or, with 
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Scholar from ConfOf ontology and there is a correspondence between Meta

Reviewer from Cmt ontology and Registration_of_participants_event from Con

fOf ontology, Cor'. Registration_of_participants_event, Cor'.e2, has been ex

plicitly defined as disjoint with Scholar, Cor.e2, and User, Cor.e1 , is the 

superclass of Meta-Reviewer, Cor'.e1; therefore, one of them should be elimi

nated from correspondences. Since the similarity value of Cor is greater than 

the similarity value of Cor' (0.702 >0.552), Cor' is eliminated. 
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Chapter 4 

Test cases 

In this chapter test cases used for experiments are described. To evaluate 

ClsEqMatcher and to find weights to associate with the information param

eters, sets of test cases containing pairs of ontologies to be matched and 

reference alignments to compare the results of the matching process with 

are needed. Ontologies should be in OWL and in the same domain. It is 

also preferred that ontologies have been developed independently. Reference 

alignments should be encoded in RD F. 

4.1 Test Conditions to Find Weights 

To find weights ( wi) associated with the information parameters described 

in Chapter 3, De Jong's settings as illustrated in Table 4.1 were used. The 

GA was executed with the specified settings with I3CON and Conference 
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datasets described in Sections 4.2.1 and 4.2.2. For most GAs, De Jong's 

settings are the de facto standard that have been shown to work better than 

other combinations when function optimization is the objective (Newman, 

2008; Jong and Spears, 1991). 

Table 4.1: The GA's Settings 

I GA Parameter I Setting 

Population size 50 
Population type Fixed 
Generations 1000 or 500 
Crossover Rate 0.6 
Crossover Type One or Two Point 
Mutation Rate 0.01 of the genes are randomly selected to be mutated. 
Mutation Type Randomly generate a number between O and 1. 
Natural Selector 90% of the fitter population will be selected for the next generation. 

4.2 Ontology Matching Test Cases 

4.2.1 I3CON Datasets 

I3CON1 , the Information Interpretation and Integration Conference, was the 

first workshop held for ontology and schema alignment and integration re

search with the focus on automated ontology alignment. I3CON was inspired 

by the NIST Text Retrieval Conference (TREC) 2 series held annually since 

1992 to support research in the information retrieval area. 

In I3CON, several pairs of ontologies were presented to the participants 

with which they could test their tools. After submission of the test results, 

1 http://www.atl.external.lmco.com/projects/ ontology /i3con.html 
2http://trec.nist.gov/ 
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the performance of the tools was evaluated using reference alignments man

ually developed by experts and applying the information retrieval measures 

precision, recall, and F-Measure. From the publicly available sets of ontolo

gies and their reference alignments, the following four datasets containing 

ontologies implemented in OWL and the reference alignments in n3 were 

chosen; however, the reference alignments were converted to RDF /XML3 , 

in order to compare the results with the reference alignments automatically 

using Jena APL These ontology pairs are quite the same structurally and 

linguistically. Table 4.2 illustrates details of each ontology in the datasets. 

• Animal: AnimalA and AnimalB are the same ontologies with slight 

modifications. They both describe some animals' characteristics. 

• Hotel: Hotel ontologies are both about the concepts related to the 

characteristics of hotel rooms; however, they are described in different 

ways. 

• Network: NetworkA and NetworkB ontologies model nodes and con

nections in a local area network. They are slightly different in that 

NetworkA's focus is more on the nodes; however, NetworkB is more 

about the connections. 

• people+pets-noninstance: They both describe animals and some re

lationships between people, pets, and some other objects around them. 

Ontology B is a modified version of ontology A. 

3http://www.mindswap.org/2002/rdfconvert/ 
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Table 4.2: Details of the I3CON ontologies used in experiments 

I Name I Classes I Object Properties I Datatype Properties I 
AnimalA 12 12 3 
AnimalB 12 11 3 
HotelA 7 3 0 
HotelB 7 6 0 
NetworkA 28 5 0 
NetWorkB 27 6 0 
people+pets-noninstanceA 71 14 1 
people+pets-noninstanceB 69 14 1 

4.2.2 OAEI Datasets 

As mentioned in Chapter 1, the Ontology Alignment Evaluation Initiative 

(OAEI)4 is a recognized coordinated international initiative held every year 

since 2004 with the objective of evaluating schema and ontology matching 

and integration tools and methods. Each year, several datasets in different 

tracks are presented to participants with which they can evaluate their tools' 

strengths and weaknesses and compare their results. To evaluate our on

tology matching method, Conference and Anatomy datasets of OAEI 20115 

were chosen; OAEI 2011 was held in association with the ISWC Ontology 

Matching workshop in Bonn, Germany in October 24, 2011. These two 

datasets are included in the expressive ontologies track of OAEI 2011. They 

are real world ontologies developed in OWL. Details of the initiative's tracks, 

datasets, and results can be found in (Euzenat et al., 2011). In OAEI 2011 

and in our experiments, in addition to run time, other evaluation measures 

4 http://oaei.ontologymatching.org 
5http://oaei.ontologymatching.org/2011/ 
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are: precision, recall, and F-Measure; however, in the Conference task 

F2-Measure and F0.5-Measure are used as well (for more information about 

these two measures please refer to Definition 2.19 in Chapter 2). For each 

dataset, reference alignments in RDF /XML are also provided. Below, Con

ference and Anatomy datasets arc briefly described. 

• Conference This dataset includes sixteen ontologies in the domain of 

organizing conferences developed as a part of the OntoFarm project 6 • 

The main features of these test cases are (Euzenat et al., 2011): 

- Their domain is generally understandable. 

- They have been developed independently using different resources 

such as conference series and their web pages, software tools for 

conference organization support, and experience of people. 

- They are all relatively rich in axioms and contain several OWL 

DL axioms. 

From these sixteen ontologies, seven have been chosen to run ontology 

matching tests against, and for each pair of ontologies (21 pairs), there 

is a reference alignment. Table 4.3 illustrates details of these selected 

ontologies. 

• Anatomy The Anatomy dataset consists of two ontologies in the 

biomedical domain that have been developed in OWL. This dataset 

6http://nb.vse.cz/svatek/ontofarm.html 
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has been used by OAEI since 2007 (Euzenat et al., 2007). One of 

the ontologies of the dataset is about Adult Mouse Anatomy from the 

Adult Mouse Anatomical Dictionary and the other one describes Hu

man Anatomy and is a part of the NCI (National Cancer Institute) 

thesaurus. Besides their domain of knowledge, the Anatomy dataset is 

different from the Conference dataset in two other aspects: 

1. The Anatomy ontologies are large size ontologies ( the Adult Mouse 

Anatomy has 27 44 classes and the Human Anatomy has 3304 

classes); therefore, they can be used to test the scalability of the 

matcher. 

2. The Anatomy ontologies use different annotations and roles such 

as the part-of relation that has been used extensively in ontologies 

of this domain (biomedcal domain). 

Table 4.3: Details of the OAEI Conference ontologies used in experiments 

I Name I Classes I Object Properties I Datatype Properties I 
Cmt 29 49 10 

Conference 59 46 18 
ConfOf 38 13 23 
Edas 104 30 20 
Ekaw 74 33 0 
lasted 140 38 3 
Sigkdd 49 17 11 
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Chapter 5 

Results 

In this chapter implementation details and results of the tests performed on 

the datasets described in Chapter 4 are presented and discussed. 

5.1 Implementation Details 

All the tests were run on an Apple Macintosh laptop with 4 GB of RAM and 

a 2. 7 GHz Intel Core i7 processor. 

If the user does not set the matching options before the matching process 

is started, default values as described below are used: 

• Cut-off threshold: 0.3. 

• Depth: 15. 

• Rootl and Root2: null. 
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• Portion: 0.3. 

• Stemmer: true. 

• Use weights obtained by the GA to find anchors: false. 

• Filter: true. 

To implement the GA, JGAP (Java Genetic Algorithm Package) (Meffert, 

2012) was used. JGAP is an easy to use Java framework with a good set 

of documentation and examples. Using this framework, the chromosome 

representation and the fitness function, as described in Chapter 3, should 

be defined. Having defined the chromosome representation and the fitness 

function, reproduction, crossover, and mutation rates and methods can be 

set through JGAP as well. The population size and the number of evolution 

cycles can be set by JGAP built-in methods. 

Matches are stored in HashMaps with class URis as keys. In the tests, 

whenever generated alignments needed to be compared with reference align

ments developed in RDF /XML, Jena API was used to read the RDF files 

and iterate through RDF triples (Definition 2.11) to create a HashMap of 

true correspondences (Definition 2.4). In this HashMap, keys are URis of 

the first entities ( e1) in the correspondences. After creation of the HashMap, 

generated correspondences could be checked against true ones to calculate 

the total number of true and false positives automatically. 
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5.2 Test Results of Finding Weights 

As described in detail in Chapter 3, the information retrieved from the on

tologies is: 

• Information that can be retrieved from the is-a hierarchies, namely: 

a) the level number, b) the number of direct superclasses, and c) the 

number of direct subclasses. 

• Information that can be retrieved from properties: a) the number of 

object properties, b) the number of datatype properties, c) the num

ber of functional properties, and d) the number of object properties 

associated with the class that relate an individual of the given class to 

another individual of the same class. 

• Other information that can be retrieved from OWL ontologies that are: 

a) the number of classes with which the given class is disjoint, b) the 

number of necessary conditions defined on the given class, and c) the 

number of necessary and sufficient conditions defined on the given class 

( equivalent classes). 

Table 5.1 shows how much of these information can be gained from on

tologies of the I3CON and Conference datasets (in the table X means the 

information is represented in the ontology). 

For each dataset, the GA was run 5 times with the specified settings 

described in Chapter 4. Because of the selection method of the GA, the fitness 
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Table 5.1: Information that can be obtained from ontologies 

is-a Hierarchies Properties Other 
Ontology a b C a b C d a b C 

AnimalA X X X X X X X X X 
AnimalB X X X X X X X X X 
HotelA X X X X X X 
HotelB X X X X X X 
NetworkA X X X X X X 
NetworkB X X X X X X 
people+pets-noninstanceA X X X X X X X X 
people+pets-noninstanceB X X X X X X X X 
cmt X X X X X X X X X 
Conference X X X X X X X X X X 
ConfOf X X X X X X X X X 
Edas X X X X X X X X X 
Ekaw X X X X X X X 
lasted X X X X X X X 
Sigkdd X X X X X X 

function described in Equation (3.2) is modified to be F = truePositives+ l; 

1 is added to the total number of true positives returned by the solution 

to make sure that the fitness value is greater than 0. Results of running 

tests showed that the optimized weight values for different datasets were so 

diverse. To find out which weight set would return the most true positive 

correspondences in all of the test cases in total, for each dataset and for 

each weight set (125 sets), the scoring and matching procedure was executed 

using the Hungarian matcher. The results showed that the following weigh 

sets illustrated in Table 5.2 returned the most true positive correspondences 

in total. 

Discussions: 

Except Hotel ontologies, other three datasets ofl3CON are structurally quite 
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Table 5.2: Weight sets that returned the most true positive correspondences 
in total 

I Information Parameter (Pi) 

Superclasses 0.924 0.27 
Level 0.512 0.042 
Subclasses 0.185 0.614 
Object properties 0.502 0.111 
Datatype properties 0.613 0.639 
Functional properties 0.371 0.873 
Properties having the same class as domain and range 0.711 0.886 
Necessary and sufficient conditions 0.234 0.58 
Necessary conditions 0.578 0.545 
Disjoint classes 0.799 0.758 

similar; therefore, matching only based on the class scores returned better 

results in these datasets. If two input ontologies are the same ontologies, 

no matter which weight set is used, this matching method returns all the 

correct correspondences ( the number of correct correspondences is equal to 

the number of classes in the ontologies); thus, this method can be useful 

in scenarios when the goal is to detect same ontologies that are in different 

languages or are using different naming methods or do not have meaningful 

class names or labels. For example, using specified weights in Table 5.2 and 

applying the scoring and matching method, 7 out of 9 correspondences of An

imalA and AnimalB ontologies from I3CON's datasets could be found (they 

are the same ontologies with slight modifications). Figures 5.1 and 5.2 and 

Tables 5.3, 5.5, 5.6, and 5. 7 illustrate class hierarchies, indexes of information 

parameters, information parameters' values, class assignment's cost matrix, 

and final assignments found between classes of AnimalA and AnimalB on

tologies. As it can be seen in Table 5.7, TwoLeggedPerson has been correctly 
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matched with BipedalPerson without considering their names. When linguis

tic checks were applied, without the use of a stemmer, and BipedalPerson was 

compared to superclasses of TwoLeggedPerson, linguistic matcher found that 

BipedalPerson is more similar to HumanBeing than TwoLeggedPerson (0.674 

>0.607 ) and it replaced the correct ( TwoLeggedPerson - BipedalPerson) 

match with HumanBeing to BipedalPerson match. 

Figure 5.1: Class hierarchy of AnimalA ontology from I3CON's datasets. 
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Figure 5.2: Class hierarchy of AnimalB ontology from I3CON's datasets. 

Table 5.3: Indexes of information parameters. Object stands for object prop
erties and Dtype represents datatype properties. 

[Supers, Subs, Level: Object: Dtype, Functional , SameDornainRange, Nee. & Suff., Nee., Disjoint] 

Table 5.4: Information parameters ' values for different concepts (AnimalA 
ontology). 

AnimalA Info. Parameters' Values 

C1: Animal (1 , 2, 3, 4, 0, 2, 1, 0, 1, OJ 
C2: TwoLeggedThing [1, 2, 1, 0, 0, 0, 0, 0, 1, OJ 
C3: Female [1 , 3, 1, 4, 0, 2, 1, 0, 1, OJ 
C4: Male [1 , 3, 1, 4, 0, 2, 1, 0, 1, OJ 
Cs: Person (2 , 3, 4, 6, 1, 4, 2, 1, 6, OJ 
C6: H urnanBeing [2, 2, 1, 6, 1, 4, 0, 1, 2, OJ 
C7: TwoLeggedPerson [2 , 2, 1, 6, 1, 4, 0, 1, 3, OJ 
Cs : Man [2 , 4, 0, 6, 1, 4, 0, 0, 2, OJ 
C9 : Woman [2 , 4, 0, 7, 1, 4, 0, 0, 2, OJ 
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Table 5.5: Information parameters' values for different concepts (AnimalB 
ontology). 

I AnimalB I Info. Parameters' Values I 
Cf: Animal [1, 2, 4, 4, 0, 2, 1, 0, 1, OJ 
C~: Bipedal Thing [1, 2, 1, 0, 0, 0, 0, 0, 1, OJ 
q: Female [1, 3, 1, 4, 0, 2, 1, 0, 1, OJ 
q: Male [1, 3, 1, 4, 0, 2, 1, 0, 1, OJ 
C~: Person [1, 3, 3, 8, 1, 6, 2, 0, 5, OJ 
C~: Hermaphrodite [1, 3, 0, 4, 0, 2, 0, 0, 1, OJ 
q: BipedalPerson ~' 2, 1, 8, 1, 6, 0, 1, 3, ~ 
Cf: Man [2, 4, 0, 8, 1, 6, 1, 0, 2, OJ 
q: Woman [2, 4, 0, 9, 1, 6, 1, 0, 2, OJ 

Table 5.6: Class assignment's cost matrix. 

C'l C'2 C'3 C'4 C'5 C'6 C'7 C'S C'9 

C1 0.185 3.831 0.142 0.142 7.64 0.754 5.338 6.076 6.578 
C2 4.016 0.0 3.973 3.973 11.471 3.077 9.169 9.907 10.409 
C3 0.043 3.973 0.0 0.0 7.498 0.896 5.196 5.934 6.436 
C4 0.043 3.973 0.0 0.0 7.498 0.896 5.196 5.934 6.436 
Cs 7.63 11.646 7.673 7.673 0.175 8.569 2.477 1.739 1.237 
c6 2.829 6.845 2.872 2.872 4.626 3.768 2.324 3.062 3.564 
C1 3.407 7.423 3.45 3.45 4.048 4.346 1.746 2.484 2.986 

Cs 3.434 7.45 3.477 3.477 4.021 4.373 1.719 2.457 2.959 
Cg 3.936 7.952 3.979 3.979 3.519 4.875 1.217 1.955 2.457 

Table 5. 7: Final assignments between classes of AnimalA and AnimalB on
tologies. 

I Class Assignment ( min cost) 

C 1 : Animal - q: Hermaphrodite 
C2 : TwoLeggedThing - C~: BipedalThing 
C3: Female - q: Female 
C4: Male - C~: Male 
Cs: Person - C~: Person 
C6 : H umanBeing - Ci: Animal 
C7 : TwoLeggedPerson - C~: BipedalPerson 
Cs: Man - q: Man 
Cg: Woman - q: Woman 

I Total Cost 
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0.754 
0.0 
0.0 
0.0 

0.175 
2.829 
1.746 
2.457 
2.457 
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Without application of any linguistic matchers and by just relying on the 

class scoring and matching method, results of the experiments with Con

ference datasets were not acceptable. The reason is that, although all the 

Conference ontologies are about organizing a conference, same concepts in 

them do not necessarily have the same values for the information parame

ters ( they are not structurally similar). However, since these ontologies are 

in English, have meaningful class names or labels, and are about the same 

subject, it is likely that classes with similar names describe same concepts 

in two ontologies. As a result, after finding such classes their neighbourhood 

can be searched for more matches. 

Further, using the GA, several other tests can be performed to make a 

better conclusion. For instance, tests can be run using different informa

tion parameters, class scoring formulae, class assignment cost calculation 

formulae, and fitness functions instead of the ones used in these experiments 

(Equations (3.1), (3.4), and (3.2)). In addition to that, with a wider range 

of datasets in different domains and with different levels of expressivity more 

comprehensive conclusions can be made. 

5.3 Ontology Matching 

In all the experiments Depth=15, and if the first round matching with the use 

of weights ( wi) was performed, weights illustrated in Table 5.2 were applied. 

Test conditions mentioned in the following tables and diagrams are described 
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in Table 5.8. 

Table 5.8: Description of the test conditions. 

I Test Condition(Cond.) II Portion I Weights (wi) I Stemmer I 
1 1 false false 
Sl 1 false true 
GAO 0 true false 
GASO 0 true true 
GAS0.3 0.3 true true 
GAS0.4 0.4 true true 
GAS0.5 0.5 true true 

5.3.1 I3CON Test Results 

Table 5.9 and Figures 5.4 and 5.3 illustrate the results of running experi

ments for different test conditions on datasets of I3CON. ClsEqMatcher did 

well with these four sets of ontologies that are structurally similar. Among 

these datasets, only people+pets-noninstance ontologies contain disjointness 

statements. 

Discussions: Use of the stemmer increased precision and recall of exper

iments with all the datasets except for people+pets-noninstance ontologies. 

In these datasets, class names are similar too; therefore a simple matching 

method based on string similarity of class names can also return a good 

result. 
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Table 5.9: 13CON test results, Filter= false, Size is equal to the number of returned correspondences. 
RTime (Run Time) is in milliseconds unless mentioned. People stands for people+pets-noninstance. Filter= 
false 

I Ontologies II Cond. I It. TI§] RTime I Pree. Fo.5Meas. F1Meas. F2Meas. Rec. 
1 1 10 1 s: 696 ms 0.8 0.816 0.842 0.87 0.889 
Sl 2 10 494 0.9 0.918 0.947 0.978 1.0 

AnimalA-AnimalB GAO 1 10 316 0.8 0.816 0.842 0.87 0.889 
GASO 1 9 442 1.0 1.0 1.0 1.0 1.0 
GAS0.3 1 9 449 1.0 1.0 1.0 1.0 1.0 

Classes= 9-9 GAS0.4 1 10 395 0.9 0.918 0.947 0.978 1.0 
Correspondences= 9 GAS0.5 1 10 43 0.9 0.918 0.947 0.978 1.0 

1 1 5 101 0.6 0.625 0.667 0.714 0.75 
Sl 2 5 125 0.8 0.833 0.889 0.952 1.0 

HotelA-HotelB GAO 2 6 65 0.5 0.536 0.6 0.682 0.75 
GASO 2 4 77 1.0 1.0 1.0 1.0 1.0 
GAS0.3 1 4 125 1.0 1.0 1.0 1.0 1.0 

Classes= 7-7 GAS0.4 1 4 71 1.0 1.0 1.0 1.0 1.0 
Correspondences= 4 GAS0.5 1 4 107 1.0 1.0 1.0 1.0 1.0 

1 2 24 3 s: 3344 ms 0.875 0.882 0.894 0.905 0.913 
Sl 2 22 1 s: 811 ms 1.0 0.991 0.978 0.965 0.957 

NetworkA- NetworkB GAO 2 24 473 0.875 0.882 0.894 0.905 0.913 
GASO 2 22 298 1.0 0.991 0.978 0.965 0.957 
GAS0.3 2 22 377 1.0 0.991 0.978 0.965 0.957 

Classes= 27-27 GAS0.4 2 22 339 1.0 0.991 0.978 0.965 0.957 
Correspondences= 23 GAS0.5 2 22 367 1.0 0.991 0.978 0.965 0.957 

1 3 57 10 s 1.0 0.997 0.991 0.986 0.983 
Sl 2 56 9s 1.0 0.993 0.982 0.972 0.966 

PeopleA- PeopleB GAO 3 58 8 s 0.983 0.983 0.983 0.983 0.983 
GASO 3 57 7s 0.982 0.979 0.974 0.969 0.966 
GAS0.3 3 57 7s 0.982 0.979 0.974 0.969 0.966 

Classes= 60-58 GAS0.4 2 57 8 s 0.982 0.979 0.974 0.969 0.966 
Correspondences= 5 7 GAS0.5 2 57 8 s 0.982 0.979 0.974 0.969 0.966 



Comparison of Recall values for 13CON Datasets when Fitter= false 
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Figure 5.3: Comparison of recall values for I3CON datasets when Filter= 
false. 
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Figure 5.4: Comparison of recall values for I3CON datasets when Filter= 
false. 
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5.3.2 OAEI Conference Test Results 

For the following experiments with Conference datasets shown in Tables 5.10-

5.21 and Figures 5. 7- 5.10, whenever needed, weights ( wi) listed in Table 5.2 

were applied. 

Discussions: Overall, the returned recall values by ClsEqMatcher were 

greater than or equal to the most recall values returned by LogMap. To 

calculate recall values, Definition 2.19 was used. In Definition 2.19's formula, 

CM is equal to the total number of equivalent classes that exist between 

input ontologies (according to reference alignments) and TP is equal to the 

total number of correct equivalent class mappings that could be found by 

the matcher. The results were compared against a set of available reference 

alignments that were obtained from the OAEI's website; the alignments set 

is one of the five possible sets. 

Precision values could be increased by execution of filtering rules since 

some of the false positives could be detected and removed from the returned 

correspondences; therefore, using the formula in Definition 2.19, filtering 

rules decreased M. There were also cases (Cmt-Iasted, Conference-Ekaw, and 

Iasted-Sigkdd) that for some test conditions, returned lower precision values 

when the filtering rules were executed. It can happen because filtering rules 

are applied after each iteration and they look for inconsistency patterns be

tween already found correspondences and to decide which correspondence 

should be kept and which one should be removed they compare their lin

guistic similarity values. As a result, it is possible that a true positive is 
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removed from the correspondences because it is inconsistent with another 

correspondence which has greater linguistic similarity value but is a false 

positive. Further, the remaining false positive can result in addition of more 

false positive or elimination of more true positive correspondences; addition 

of false positive correspondences reduces the precision value and elimination 

of true positive correspondences reduces the recall value (Cmt-Conference). 

On the other hand, in some cases elimination of inconsistent correspondences 

can increase the possibility of finding more true positive correspondences, in 

that case, recall value is increased. Also in cases like lasted and Sigkdd 

which do not contain disjointness statements, the filtering rule looking for 

disjointness inconsistency patterns does not make any difference in the preci

sion of their matching result. Moreover, execution of the filtering rule based 

on a cut-off threshold can lead to elimination of correct correspondences 

which do not have linguistic (name) similarity values greater than thresh

old. As an example, the similarity value of "OperatingSystem" and "OS" 

classes from Network ontologies is equal to 0.444 which is less than 0.5; 

therefore, it was not included in the returned alignment. Conversely, when 

Filter was set to true, the precision of the GAS0.5 test for Animal ontologies 

was increased without affecting its recall because the false positive match 

HumanBeing-Hermaphrodite with similarity value=0.293 was removed from 

the correspondences. 

Use of the stemmer usually increases the recall value by comparing the 

roots of words together; however, there are also cases (Cmt-Sigkdd) that 
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stemming can reduce the recall by finding similar roots which actually form 

different meanings in combination with suffixes and prefixes. For example 

words "Organizer" and "Organization" both have the same root "Organize" 

but different meanings; thus, WordNet returns 1 as the similarity value of 

their roots. In the implementation of ClsEqMatcher, cases like these are 

taken into account; however, there are more cases that result in finding wrong 

similarity values and therefore wrong matches ( Cmt-ConfOf). 

One of the suggested matching tasks in OAEI is to pass partial alignment 

to the matcher and see how it can extend that and find other correspondences. 

Using this idea, and to automate it, the experiments were performed with 

portion values greater than O and less than 1 (GAS0.3, GAS0.4, GAS0.5). 

In order to provide the partial alignment, a portion of the class names, as 

described in Chapter 3, are compared to all or a portion of the class names 

in the other ontology to produce correspondences, then their neighbourhood 

are checked based on the threshold values and other options. It is beneficial 

when similar concepts in two ontologies appear on different levels and as 

subclasses of not linguistically similar classes. For instance, as it can be seen 

in test results of Conference-ConfOf dataset, the recall value increases from 

0.455 to 0.636 when 30% of subclasses of Thing from Conference ontology 

are compared with all the subclasses of Thing from ConfOf ontology. It is 

because, "Workshop" and "Tutorial" concepts of ConfOf are subclasses of 

"Working_event" appearing on level 3 while the exact same concept appears 

on level 2 in Conference ontology as the subclasses of "Conference_part" 
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Figure 5.5: A part of conference ontol
ogy class hierarchy. 

(Figure 5.5, 5.6). Checking 30% of classes of "Conference" ontology with all 

the classes of "ConfOf" ontology is enough to find these similar concepts. 
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Table 5.10: Conference test results!, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. It. I Size I Run time I Pree. F0 .5 Meas. F1Meas. F2Meas. Rec. 
1 3 26 9 0.423 0.47 0.564 0.705 0.846 
1S 3 22 3 0.545 0.594 0.686 0.811 0.923 

Cmt-Conference GAO 3 25 1 0.44 0.487 0.579 0.714 0.846 
GASO 3 23 1 0.522 0.571 0.667 0.8 0.923 
GAS0.3 2 23 1 0.522 0.571 0.667 0.8 0.923 

Classes= 29-59 GAS0.4 2 23 1 0.522 0.571 0.667 0.8 0.923 
Correspondences= 13 GAS0.5 3 23 1 0.522 0.571 0.667 0.8 0.923 

1 3 26 2 0.269 0.31 0.4 0.565 0.778 
1S 2 20 3 0.3 0.337 0.414 0.536 0.667 

Cmt-ConfOf GAO 2 21 1 0.286 0.323 0.4 0.526 0.667 
GASO 3 19 2 0.263 0.294 0.357 0.455 0.556 
GAS0.3 3 18 2 0.278 0.309 0.37 0.463 0.556 

Classes= 29-38 GAS0.4 3 17 2 0.294 0.325 0.385 0.472 0.556 
Correspondences= 9 GAS0.5 3 20 2 0.3 0.337 0.414 0.536 0.667 

1 1 29 10 0.310 0.360 0.474 0.692 1.0 
1S 3 24 4 0.375 0.429 0.545 0.75 1.0 

Cmt-Edas GAO 4 24 1 0.375 0.429 0.545 0.75 1.0 
GASO 3 23 1 0.391 0.446 0.562 0.763 1.0 
GAS0.3 3 25 1 0.360 0.413 0.529 0.738 1.0 

Classes= 29-103 GAS0.4 2 23 2 0.391 0.446 0.562 0.763 1.0 
Correspondences= 9 GAS0.5 2 23 2 0.391 0.446 0.562 0.763 1.0 

1 2 25 4 0.2 0.229 0.294 0.41 0.556 
1S 2 24 3 0.208 0.238 0.303 0.417 0.556 

Cmt-Ekaw GAO 2 25 1 0.16 0.183 0.235 0.328 0.444 
GASO 2 23 1 0.174 0.198 0.25 0.339 0.444 
GAS0.3 2 23 2 0.217 0.248 0.312 0.424 0.556 

Classes= 29-73 GAS0.4 2 23 2 0.217 0.248 0.312 0.424 0.556 
Correspondences= 9 GAS0.5 2 23 2 0.217 0.248 0.312 0.424 0.556 
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Table 5.11: Conference test results2, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I It. [Size I Run time I Pree. Fo_5Meas. FiMeas. F2Meas. Rec. 

1 2 29 7 0.172 0.207 0.294 0.51 1.0 
1S 3 25 5 0.2 0.238 0.333 0.556 1.0 

Cmt-Iasted GAO 2 26 1 0.192 0.229 0.323 0.543 1.0 
GASO 2 24 1 0.208 0.248 0.345 0.568 1.0 
GAS0.3 1 24 2 0.208 0.248 0.345 0.568 1.0 

Classes= 29-140 GAS0.4 2 24 2 0.208 0.248 0.345 0.568 1.0 
Correspondences= 5 GAS0.5 2 26 3 0.192 0.229 0.323 0.543 1.0 

1 2 24 2 0.375 0.425 0.529 0.703 0.9 
1S 3 22 2 0.364 0.408 0.5 0.645 0.8 

Cmt-Sigkdd GAO 2 22 1 0.409 0.459 0.563 0.726 0.9 
GASO 2 20 1 0.4 0.444 0.533 0.667 0.8 
GAS0.3 2 22 1 0.364 0.408 0.5 0.645 0.8 

Classes= 29-49 GAS0.4 2 22 2 0.364 0.408 0.5 0.645 0.8 
Correspondences= 10 GAS0.5 2 22 1 0.364 0.408 0.5 0.645 0.8 

1 3 35 2 0.257 0.298 0.391 0.57 0.818 
1S 2 27 1 0.37 0.42 0.526 0.704 0.909 

Conference-ConfOf GAO 2 25 1 0.2 0.225 0.278 0.362 0.455 
GASO 3 18 1 0.278 0.301 0.345 0.403 0.455 
GAS0.3 3 23 1 0.304 0.34 0.412 0.522 0.636 

Classes= 59-38 GAS0.4 3 23 1 0.304 0.34 0.412 0.522 0.636 
Correspondences= 11 GAS0.5 3 24 1 0.292 0.327 0.4 0.515 0.636 

1 2 56 12 0.196 0.231 0.314 0.491 0.786 
1S 2 53 6 0.208 0.243 0.328 0.505 0.786 

Conference-Edas GAO 3 43 3 0.233 0.269 0.351 0.505 0.714 
GASO 2 37 2 0.324 0.37 0.471 0.645 0.857 
GAS0.3 3 41 4 0.293 0.337 0.436 0.619 0.857 

Classes= 59-103 GAS0.4 3 42 5 0.286 0.33 0.429 0.612 0.857 
Correspondences= 14 GAS0.5 2 44 5 0.295 0.342 0.448 0.65 0.929 



co 
""' 

Table 5.12: Conference test results3, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I I~. J Size I Run time] Pree. Fo.5Meas. F1Meas. F2Meas. Rec. 
1 3 49 9 0.449 0.493 0.579 0.701 0.815 
1S 2 45 5 0.422 0.459 0.528 0.621 0.704 

Conference-Ekaw GAO 3 46 2 0.37 0.403 0.466 0.552 0.63 
GASO 2 28 1 0.214 0.216 0.218 0.221 0.222 
GAS0.3 4 39 2 0.462 0.492 0.545 0.612 0.667 

Classes= 59-73 GAS0.4 4 40 3 0.45 0.481 0.537 0.608 0.667 
Correspondences= 27 GAS0.5 3 43 4 0.419 0.452 0.514 0.596 0.667 

1 3 57 15 0.07 0.083 0.114 0.183 0.308 
1S 3 44 8 0.159 0.185 0.246 0.365 0.538 

Conference-Isated GAO 2 44 4 0.091 0.106 0.14 0.208 0.308 
GASO 3 30 1 0.167 0.188 0.233 0.305 0.385 
GAS0.3 3 34 3 0.176 0.201 0.255 0.349 0.462 

Classes= 59-140 GAS0.4 3 39 5 0.154 0.178 0.231 0.33 0.462 
Correspondences= 13 GAS0.5 2 36 5 0.111 0.127 0.163 0.227 0.308 

1 3 37 4 0.27 0.313 0.408 0.588 0.833 
1S 2 31 3 0.387 0.441 0.558 0.759 1.0 

Conference-Sigkdd GAO 4 36 2 0.278 0.321 0.417 0.595 0.833 
GASO 3 29 1 0.414 0.469 0.585 0.779 1.0 
GAS0.3 3 31 2 0.387 0.441 0.558 0.759 1.0 

Classes= 59-49 GAS0.4 3 31 2 0.387 0.441 0.558 0.759 1.0 
Correspondences= 12 GAS0.5 2 31 2 0.387 0.441 0.558 0.759 1.0 

1 3 38 5 0.342 0.389 0.491 0.663 0.867 
1S 3 33 4 0.333 0.374 0.458 0.591 0.733 

ConfOf-Edas GAO 3 28 1 0.25 0.276 0.326 0.398 0.467 
GASO 3 27 1 0.185 0.203 0.238 0.287 0.333 
GAS0.3 3 29 1 0.276 0.305 0.364 0.449 0.533 

Classes= 38-103 GAS0.4 3 31 2 0.290 0.324 0.391 0.495 0.6 
Correspondences= 15 GAS0.5 3 31 2 0.290 0.324 0.391 0.495 0.6 
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Table 5.13: Conference test results4, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I It. I Si~e I Run time I Pree. F0 .5 Meas. F1Meas. F2Meas. Rec. 
1 2 37 3 0.432 0.476 0.561 0.684 0.7 
IS 2 29 2 0.483 0.515 0.571 0.642 0.7 

ConfOf-Ekaw GAO 2 35 1 0.457 0.5 0.582 0.696 0.8 
GASO 3 26 1 0.5 0.524 0.565 0.613 0.65 
GAS0.3 2 27 1 0.481 0.508 0.553 0.607 0.65 

Classes= 38-73 GAS0.4 3 27 1 0.519 0.547 0.596 0.654 0.7 
Correspondences= 20 GAS0.5 3 27 1 0.519 0.547 0.596 0.654 0.7 

1 3 38 7 0.158 0.186 0.255 0.405 0.667 
IS 3 34 4 0.147 0.172 0.233 0.357 0.556 

ConfOf-lasted GAO 2 28 1 0.143 0.165 0.216 0.312 0.444 
GASO 2 26 1 0.154 0.177 0.229 0.323 0.444 
GAS0.3 2 28 1 0.179 0.207 0.27 0.391 0.556 

Classes= 38-140 GAS0.4 2 30 2 0.167 0.194 0.256 0.379 0.556 
Correspondences= 9 GAS0.5 2 32 2 0.156 0.182 0.244 0.368 0.556 

1 4 24 2 0.208 0.245 0.333 0.521 0.833 
IS 2 21 2 0.238 0.278 0.37 0.556 0.833 

ConfOf-Sigkdd GAO 4 27 1 0.074 0.088 0.121 0.196 0.333 
GASO 3 15 1 0.2 0.227 0.286 0.385 0.5 
GAS0.3 2 18 1 0.167 0.192 0.25 0.357 0.5 

Classes= 38-49 GAS0.4 2 19 1 0.211 0.244 0.32 0.465 0.667 
Correspondences= 6 GAS0.5 2 19 1 0.211 0.244 0.32 0.465 0.667 

1 1 103 23 1.0 1.0 1.0 1.0 1.0 
Sl 1 103 11 1.0 1.0 1.0 1.0 1.0 

Edas-Edas GAO 1 103 4 1.0 1.0 1.0 1.0 1.0 
GASO 1 103 3 1.0 1.0 1.0 1.0 1.0 
GAS0.3 1 103 3 1.0 1.0 1.0 1.0 1.0 

Classes= 103-103 GAS0.4 1 103 3 1.0 1.0 1.0 1.0 1.0 
Correspondences= 103 GAS0.5 1 103 3 1.0 1.0 1.0 1.0 1.0 
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Table 5.14: Conference test results5, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. L~t. J Size I Runtime I Pree. Fo.sMeas. FiMeas. F2Meas. Rec. 
1 3 63 14 0.254 0.290 0.368 0.503 0.667 
IS 3 58 10 0.259 0.293 0.366 0.487 0.625 

Edas-Ekaw GAO 4 56 3 0.25 0.282 0.35 0.461 0.583 
GASO 3 51 2 0.176 0.197 0.24 0.306 0.375 
GAS0.3 3 49 4 0.204 0.227 0.274 0.345 0.417 

Classes= 103-73 GAS0.4 3 52 5 0.212 0.237 0.289 0.372 0.458 
Correspondences= 24 GAS0.5 3 54 6 0.185 0.208 0.256 0.333 0.417 

1 4 76 35 0.158 0.185 0.25 0.385 0.6 
IS 3 72 21 0.153 0.179 0.239 0.362 0.55 

Edas-lasted GAO 3 69 6 0.13 0.152 0.202 0.302 0.45 
GASO 4 51 4 0.157 0.179 0.225 0.305 0.4 
GAS0.3 4 61 8 0.131 0.152 0.198 0.284 0.4 

Classes= 103-140 GAS0.4 4 67 10 0.119 0.139 0.184 0.272 0.4 
Correspondences= 20 GAS0.5 3 70 12 0.114 0.133 0.178 0.267 0.4 

1 2 42 8 0.190 0.223 0.302 0.465 0.727 
IS 2 36 7 0.194 0.226 0.298 0.438 0.636 

Edas-Sigkdd GAO 2 39 2 0.179 0.21 0.28 0.422 0.636 
GASO 3 32 2 0.219 0.252 0.326 0.461 0.636 
GAS0.3 4 33 3 0.212 0.245 0.318 0.455 0.636 

Classes= 103-49 GAS0.4 4 33 4 0.212 0.245 0.318 0.455 0.636 
Correspondences= 11 GAS0.5 3 37 4 0.189 0.22 0.292 0.432 0.636 

1 3 69 21 0.101 0.122 0.175 0.31 0.636 
IS 3 57 13 0.123 0.146 0.206 0.347 0.636 

Ekaw-Iasted GAO 5 59 5 0.085 0.101 0.143 0.243 0.455 
GASO 4 48 4 0.125 0.148 0.203 0.326 0.545 
GAS0.3 3 49 6 0.122 0.145 0.2 0.323 0.545 

Classes= 73-140 GAS0.4 3 48 7 0.104 0.123 0.169 0.272 0.455 
Correspondences= 11 GAS0.5 3 50 8 0.1 0.118 0.164 0.266 0.455 



<O 
0,) 

Table 5.15: Conference test results6, Filter= false, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond.J It. I Size I Run time I Pree. Fo.sMeas. F1Meas. F2Meas. Rec. 

1 2 41 5 0.195 0.229 0.308 0.471 0.727 
IS 3 32 4 0.25 0.288 0.372 0.526 0.727 

Ekaw-Sigkdd GAO 3 35 2 0.229 0.265 0.348 0.506 0.727 
GASO 3 29 1 0.241 0.276 0.35 0.479 0.636 
GAS0.3 3 32 2 0.25 0.288 0.372 0.526 0.727 

Classes= 73-49 GAS0.4 3 32 2 0.25 0.288 0.372 0.526 0.727 
Correspondences= 11 GAS0.5 3 30 3 0.233 0.267 0.341 0.473 0.636 

1 2 46 11 0.283 0.325 0.419 0.591 0.812 
IS 2 43 8 0.326 0.372 0.475 0.654 0.875 

Iasted-Sigkdd GAO 3 42 3 0.214 0.245 0.31 0.425 0.562 
GASO 4 41 2 0.195 0.222 0.281 0.381 0.5 
GAS0.3 4 43 4 0.326 0.372 0.475 0.654 0.875 

Classes= 140-49 GAS0.4 2 42 4 0.333 0.38 0.483 0.66 0.875 
Correspondences= 16 GAS0.5 2 42 4 0.333 0.38 0.483 0.66 0.875 
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Table 5.16: Conference test resultsl, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. [It. I Size I Run time I Pree. Fo.5Meas. FiMeas. F2Meas. Rec. 
1 3 22 11 0.455 0.495 0.571 0.676 0.769 
IS 3 19 4 0.579 0.618 0.688 0.775 0.846 

Cmt-Conference GAO 3 24 4 0.417 0.459 0.541 0.658 0.769 
GASO 2 22 2 0.545 0.594 0.686 0.811 0.923 
GAS0.3 2 22 3 0.545 0.594 0.686 0.811 0.923 

Classes= 29-59 GAS0.4 2 22 3 0.545 0.594 0.686 0.811 0.923 
Correspondences= 13 GAS0.5 3 22 4 0.545 0.594 0.686 0.811 0.923 

1 2 17 6 0.471 0.519 0.615 0.755 0.889 
IS 3 14 6 0.357 0.385 0.435 0.5 0.556 

Cmt-ConfOf GAO 1 18 2 0.333 0.370 0.444 0.556 0.667 
GASO 2 13 3 0.308 0.328 0.364 0.408 0.444 
GAS0.3 3 13 4 0.385 0.410 0.455 0.510 0.556 

Classes= 29-38 GAS0.4 3 11 4 0.455 0.472 0.5 0.532 0.556 
Correspondences= 9 GAS0.5 1 14 3 0.357 0.385 0.435 0.5 0.556 

1 2 20 11 0.45 0.506 0.621 0.804 1.0 
IS 2 19 9 0.474 0.529 0.643 0.818 1.0 

Cmt-Edas GAO 1 21 4 0.429 0.484 0.6 0.789 1.0 
GASO 2 17 5 0.529 0.584 0.692 0.849 1.0 
GAS0.3 1 17 3 0.529 0.584 0.692 0.849 1.0 

Classes= 29-103 GAS0.4 2 19 5 0.474 0.529 0.643 0.818 1.0 
Correspondences= 9 GAS0.5 2 19 6 0.474 0.529 0.643 0.818 1.0 

1 3 18 11 0.278 0.309 0.370 0.463 0.556 
IS 3 19 10 0.263 0.294 0.357 0.455 0.556 

Cmt-Ekaw GAO 2 19 4 0.211 0.235 0.286 0.364 0.444 
GASO 2 19 4 0.211 0.235 0.286 0.364 0.444 
GAS0.3 2 20 5 0.25 0.281 0.345 0.446 0.556 

Classes= 29-73 GAS0.4 2 20 5 0.25 0.281 0.345 0.446 0.556 
Correspondences= 9 GAS0.5 1 20 4 0.25 0.281 0.345 0.446 0.556 
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Table 5.17: Conference test results2, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I It. I Si~Lllun time I Pree. Fo.5Meas. FiMeas. F2Meas. Rec. 
1 3 26 1 m: 32 s 0.192 0.229 0.323 0.543 1.0 
IS 3 24 50 0.208 0.248 0.345 0.568 1.0 

Cmt-lasted GAO 4 21 33 0.143 0.169 0.231 0.366 0.6 
GASO 2 21 15 0.238 0.281 0.385 0.610 1.0 
GAS0.3 1 21 44 0.238 0.281 0.385 0.610 1.0 

Classes= 29-140 GAS0.4 2 23 8 0.217 0.258 0.357 0.581 1.0 
Correspondences= 5 GAS0.5 2 24 8 0.208 0.248 0.345 0.568 1.0 

1 2 24 5 0.375 0.425 0.529 0.703 0.9 
IS 2 22 4 0.364 0.408 0.5 0.645 0.8 

Cmt-Sigkdd GAO 3 22 3 0.409 0.459 0.563 0.726 0.9 
GASO 3 19 3 0.421 0.465 0.552 0.678 0.8 
GAS0.3 3 21 4 0.381 0.426 0.516 0.656 0.8 

Classes= 29-49 GAS0.4 3 21 4 0.381 0.426 0.516 0.656 0.8 
Correspondences= 10 GAS0.5 3 21 4 0.381 0.426 0.516 0.656 0.8 

1 2 28 6 0.321 0.366 0.462 0.625 0.818 
IS 2 24 4 0.417 0.467 0.571 0.735 0.909 

Conference-ConfOf GAO 3 20 4 0.2 0.220 0.258 0.313 0.364 
GASO 3 12 1 0.417 0.424 0.435 0.446 0.455 
GAS0.3 3 19 2 0.368 0.402 0.467 0.556 0.636 

Classes= 59-38 GAS0.4 3 19 2 0.368 0.402 0.467 0.556 0.636 
Correspondences= 11 GAS0.5 3 21 3 0.333 0.368 0.437 0.538 0.636 

1 2 33 16 0.273 0.308 0.383 0.506 0.643 
IS 3 32 10 0.344 0.387 0.478 0.625 0.786 

Conference-Edas GAO 4 32 10 0.312 0.352 0.435 0.568 0.714 
GASO 2 27 4 0.481 0.533 0.634 0.783 0.929 
GAS0.3 2 29 6 0.448 0.5 0.605 0.765 0.929 

Classes= 59-103 GAS0.4 3 29 8 0.448 0.5 0.605 0.765 0.929 
Correspondences= 14 GAS0.5 3 30 8 0.4 0.448 0.545 0.698 0.857 
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Table 5.18: Conference test results3, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

[ Ontologies [[ Cond. [ It. J Size I Run time I Pree. Fo.sMeas. F1Meas. F2Meas. Rec. 
1 2 38 11 0.5 0.531 0.585 0.651 0.704 
1S 3 36 8 0.444 0.468 0.508 0.556 0.593 

Conference-Ekaw GAO 3 38 10 0.342 0.363 0.4 0.445 0.481 
GASO 3 21 3 0.238 0.225 0.208 0.194 0.185 
GAS0.3 4 33 7 0.485 0.503 0.533 0.567 0.593 

Classes= 59-73 GAS0.4 4 33 8 0.485 0.503 0.533 0.567 0.593 
Correspondences= 27 GAS0.5 3 38 8 0.421 0.447 0.492 0.548 0.593 

1 3 55 2 m: 14 s 0.073 0.086 0.118 0.187 0.308 
1S 3 42 1 m: 28 s 0.167 0.193 0.255 0.372 0.538 

Conference-Isated GAO 3 41 2 m: 21 s 0.098 0.113 0.148 0.215 0.308 
GASO 3 27 2s 0.185 0.207 0.25 0.316 0.385 
GAS0.3 3 33 4s 0.182 0.207 0.261 0.353 0.462 

Classes= 59-140 GAS0.4 3 35 5 s 0.171 0.196 0.25 0.345 0.462 
Correspondences= 13 GAS0.5 2 34 5s 0.118 0.134 0.170 0.233 0.308 

1 3 37 5s 0.270 0.313 0.408 0.588 0.833 
1S 2 31 3s 0.387 0.441 0.558 0.759 1.0 

Conference-Sigkdd GAO 4 36 2 s 0.278 0.321 0.417 0.595 0.833 
GASO 3 28 1 s 0.429 0.484 0.6 0.789 1.0 
GAS0.3 3 31 2s 0.387 0.441 0.558 0.759 1.0 

Classes= 59-49 GAS0.4 3 30 2s 0.4 0.455 0.571 0.769 1.0 
Correspondences= 12 GAS0.5 2 30 2 s 0.4 0.455 0.571 0.769 1.0 

1 3 25 14 s 0.520 0.565 0.65 0.765 0.867 
1S 3 18 7s 0.611 0.632 0.667 0.705 0.733 

ConfOf-Edas GAO 3 18 5 s 0.389 0.402 0.424 0.449 0.467 
GASO 2 11 2 s 0.545 0.508 0.462 0.423 0.4 
GAS0.3 2 16 3s 0.562 0.570 0.581 0.592 0.6 

Classes= 38-103 GAS0.4 2 15 5 s 0.6 0.6 0.6 0.6 0.6 
Correspondences= 15 GAS0.5 2 15 5 s 0.6 0.6 0.6 0.6 0.6 
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Table 5.19: Conference test results4, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I It. I Size I Run time I Pree. Fo.sMeas. FiMeas. F2Meas. Rec. 
1 3 31 11 s 0.452 0.486 0.549 0.631 0.7 
18 3 28 9s 0.607 0.644 0.708 0.787 0.850 

ConfOf-Ekaw GAO 3 30 6s 0.467 0.5 0.560 0.636 0.7 
GA80 3 21 4s 0.667 0.673 0.683 0.693 0.7 
GA80.3 3 21 4s 0.619 0.625 0.634 0.644 0.650 

Classes= 38-73 GA80.4 3 21 5s 0.619 0.625 0.634 0.644 0.650 
Correspondences= 20 GA80.5 3 21 5 s 0.619 0.625 0.634 0.644 0.650 

1 3 37 1 m: 55 s 0.162 0.191 0.261 0.411 0.667 
18 2 29 1 m: 21 s 0.172 0.2 0.263 0.385 0.556 

ConfOf-lasted GAO 4 25 1 m: 26 s 0.160 0.183 0.235 0.328 0.444 
GA80 2 16 4 0.188 0.205 0.240 0.288 0.333 
GA80.3 3 19 7 0.211 0.235 0.286 0.364 0.444 

Classes= 38-140 GA80.4 3 21 16 0.190 0.215 0.267 0.351 0.444 
Correspondences= 9 GA80.5 3 23 10 0.174 0.198 0.25 0.339 0.444 

1 1 23 4 0.217 0.255 0.345 0.532 0.833 
18 3 20 5 0.25 0.291 0.385 0.568 0.833 

ConfOf-Sigkdd GAO 5 24 5 0.083 0.098 0.133 0.208 0.333 
GA80 3 16 2 0.125 0.143 0.182 0.25 0.333 
GAS0.3 3 18 4 0.111 0.128 0.167 0.238 0.333 

Classes= 38-49 GA80.4 3 17 4 0.176 0.203 0.261 0.366 0.5 
Correspondences= 6 GA80.5 3 14 4 0.214 0.242 0.3 0.395 0.5 

1 1 103 2 m: 48 s 1.0 1.0 1.0 1.0 1.0 
18 1 103 2 m: 7 s 1.0 1.0 1.0 1.0 1.0 

Edas-Edas GAO 1 103 2 m: 34 s 1.0 1.0 1.0 1.0 1.0 
GASO 1 103 2m 1.0 1.0 1.0 1.0 1.0 
GAS0.3 1 103 1 m: 59 s 1.0 1.0 1.0 1.0 1.0 

Classes= 103-103 GA80.4 1 103 2m 1.0 1.0 1.0 1.0 1.0 
Correspondences= 103 GA80.5 1 103 2m 1.0 1.0 1.0 1.0 1.0 
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Table 5.20: Conference test results5, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies II Cond. I It. I SizeJ Run time J Pree. Fo.sMeas. F1Meas. F2Meas. Rec. 
1 3 37 35 0.459 0.494 0.557 0.639 0.708 
18 3 30 26 0.5 0.521 0.556 0.595 0.625 

Edas-Ekaw GAO 4 30 12 0.367 0.382 0.407 0.437 0.458 
GA80 3 24 8 0.458 0.458 0.458 0.458 0.458 
GA80.3 3 27 15 0.444 0.455 0.471 0.488 0.5 

Classes= 103-73 GA80.4 3 27 19 0.444 0.455 0.471 0.488 0.5 
Correspondences= 24 GA80.5 3 28 13 0.429 0.441 0.462 0.484 0.5 

1 3 43 2m 0.256 0.286 0.349 0.447 0.550 
18 3 40 1 m: 9 s 0.275 0.306 0.367 0.458 0.550 

Edas-Iasted GAO 6 44 1 m: 37 s 0.205 0.230 0.281 0.363 0.450 
GA80 3 37 16 0.216 0.238 0.281 0.342 0.4 
GA80.3 3 39 26 0.205 0.227 0.271 0.336 0.4 

Classes= 103-140 GA80.4 3 39 31 0.205 0.227 0.271 0.336 0.4 
Correspondences= 20 GA80.5 3 40 32 0.2 0.222 0.267 0.333 0.4 

1 3 25 14 0.320 0.360 0.444 0.580 0.727 
18 4 24 11 0.292 0.327 0.4 0.515 0.636 

Edas-Sigkdd GAO 1 24 3 0.292 0.327 0.4 0.515 0.636 
GA80 4 24 6 0.292 0.327 0.4 0.515 0.636 
GA80.3 4 26 8 0.269 0.304 0.378 0.5 0.636 

Classes= 103-49 GA80.4 4 26 8 0.269 0.304 0.378 0.5 0.636 
Correspondences= 11 GA80.5 4 26 8 0.269 0.304 0.378 0.5 0.636 

1 4 58 2 m: 10 s 0.121 0.144 0.203 0.343 0.636 
18 4 48 1 m: 39 s 0.146 0.172 0.237 0.380 0.636 

Ekaw-Iasted GAO 4 50 1 m: 38 s 0.1 0.118 0.164 0.266 0.455 
GA80 3 35 14 0.143 0.166 0.217 0.316 0.455 
GA80.3 3 36 20 0.139 0.161 0.213 0.312 0.455 

Classes= 73-140 GA80.4 3 36 20 0.139 0.161 0.213 0.312 0.455 
Correspondences= 11 GA80.5 3 33 19 0.152 0.175 0.227 0.325 0.455 
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Table 5.21: Conference test results6, Filter= true, Size is equal to the number of returned correspondences, 
and Run time is in seconds. 

I Ontologies 11 Cond. I It.] ~ize I Run time I Pree. Fo.sMeas. FiMeas. F2Meas. Rec. 
1 3 33 12 0.212 0.245 0.318 0.455 0.636 
1S 3 30 10 0.267 0.305 0.390 0.541 0.727 

Ekaw-Sigkdd GAO 4 32 8 0.25 0.288 0.372 0.526 0.727 
GASO 3 27 5 0.222 0.252 0.316 0.423 0.545 
GAS0.3 3 28 6 0.25 0.285 0.359 0.486 0.636 

Classes= 73-49 GAS0.4 3 28 7 0.25 0.285 0.359 0.486 0.636 
Correspondences= 11 GAS0.5 3 27 7 0.259 0.294 0.368 0.493 0.636 

1 2 46 8 m: 5 s 0.283 0.325 0.419 0.591 0.812 
1S 2 43 lm 0.326 0.372 0.475 0.654 0.875 

lasted-Sigkdd GAO 3 42 43 s 0.214 0.245 0.310 0.425 0.562 
GASO 3 37 2 0.189 0.213 0.264 0.347 0.438 
GAS0.3 3 43 4 0.326 0.372 0.475 0.654 0.875 

Classes= 140-49 GAS0.4 3 43 4 0.326 0.372 0.475 0.654 0.875 
Correspondences= 16 GAS0.5 3 43 4 0.326 0.372 0.475 0.654 0.875 
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Figure 5.11: Comparison of recall values for Cmt-Edas ontologies when Fil
ter= false or true. 
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Figure 5.12: Comparison of precision values for Cmt-Edas ontologies when 
Filter= false or true. 
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Figure 5.13: Comparison of recall values for Cmt-Conference ontologies when 
Filter= false or true. 
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Figure 5.14: Comparison of precision values for Cmt-Conference ontologies 
when Filter= false or true. 

106 



5.3.3 OAEI Anatomy Test Results 

Anatomy ontologies contain few disjointness statements. Classes of these 

ontologies are related via is-a hierarchies and UNDEFINED_parLof ob

ject properties (part-of relations); Anatomy ontologies do not contain any 

Datatype properties. Anatomy datasets are also test cases of using class la

bels instead of class URis since meaningful class names can not be derived 

from their class URis but the class labels are meaningful. Human and Mouse 

ontologies are not structurally similar therefore the GA weight scoring option 

was disabled. There are 1516 equivalent class correspondences between the 

two ontologies. 

Discussions: Our matcher, ClsEqMatcher, passed the scalability test by 

generating an alignment in a reasonable time ( test results can be found in 

Table 5.22), which puts the ClsEqMatcher above 8 out of 14 matchers that 

participated in OAEI 2011. ClsEqMatcher is a general ontology matcher 

and has not been designed for biomedical (domain-specific) ontology ontolo

gies; therefore, in its implementation part-of relations that are usually used 

in biomedical ontologies are not considered; however, the matcher can be 

extended by adding a component to it to process ranges of UNDEFINED_

part_of object properties of correspondences and create part-of hierarchies 

and find more matches. In addition to that, in ClsEqMatcher, \VordNet has 

been utilized as a general-purpose lexicon to find name similarities. By re

placing WordNet with a domain-specific lexicon or thesaurus such as UMLS 

for biomedical domains, the results of Anatomy test cases can be improved. 
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Root of the Human anatomy was set to "Anatomic_Structure_System_or_

Substance" (http:human.owl#NCLC12219) since all other classes of Human 

ontology are subclasses of this class. By checking all the subclass names 

of "Anatomic_Structure_System_or _Substance" from Human ontology with 

all the class names of Mouse ontology, recall= 0.677 was produced which 

is greater than the recall value returned by a simple string check matcher 

(0.622). Setting the portion value to 0, which means that only immediate 

subclasses of the Human's root class was compared to all the class labels of 

Mouse ontology at the beginning, after 33 min an alignment with recall= 

0.406 and F-Measure= 452 was produced which puts ClsEqMatcher above 

MaasMatch with recall= 0.287, F-Measure=0.445 and 18 hours of run time. 
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Table 5.22: Anatomy test results, Size is equal to the number of returned correspondences (Classes= 2744-
3304, Correspondences= 1516). 

I Filter II Cond. I It. I Size I Run time j Pree. F0.5 Meas. FiMeas. F2M eas. Rec. J 

i true II O I 12 I 1206 j .. 33 m I 0.51 0.485 0.452 0.423 o.406 I 
false 0.01 15 1475 42 m: 56 s 0.514 0.511 0.507 0.503 0.5 
true 0.01 15 1473 44 m: 33 s 0.515 0.512 0.508 0.504 0.501 
true S0.01 16 1313 29 m 0.516 0.500 0.479 0.459 0.447 

L fa!se II 0.1 I 10 I 1452 I 59 m: 49 s I o.506 0.501 0.495 0.488 o.484 1 

false 0.3 9 1672 2 h: 22 m 0.511 0.520 0.536 0.552 0.563 
false S0.3 7 1635 1 h: 49 m 0.531 0.539 0.552 0.564 0.573 
true S0.3 7 1641 1 h: 44 m 0.529 0.537 0.55 0.563 0.573 

I false II 0.5 1 1 1 1815 1 3 h: 19 m I o.5o5 0.522 0.551 0.582 0.605 J 

I true II 1 I 6 I 2046 1 3 h: 40 m I o.502 0.529 0.577 0.633 0.611 J 



5.4 Evaluation 

Table 5.23: Summary of recall values for equivalent concepts returned by 
LogMap1 and ClsEqMatcher for Conference dataset when Filter= true. 

Ontologies II ClsEqMatcher LogMap 
II GASO GAS0.3 GAS0.4 

Cmt-Conference 0.923 0.923 0.923 0.538 
Cmt-Confof 0.444 0.556 0.556 0.556 
Cmt-Edas 1.0 1.0 1.0 1.0 
Cmt-Ekaw 0.444 0.556 0.556 0.667 
Cmt-lasted 1.0 1.0 1.0 1.0 
Cmt-Sigkdd 0.8 0.8 0.8 0.8 

Conference-Confof 0.455 0.636 0.636 0.727 
Conference-Edas 0.929 0.929 0.929 0.571 
Conference-Ekaw 0.185 0.593 0.593 0.519 
Conference-lasted 0.385 0.462 0.462 0.385 
Conference-Sigkdd 1.0 1.0 1.0 0.75 

Confof-Edas 0.4 0.6 0.6 0.667 
Confof-Ekaw 0.7 0.65 0.65 0.6 
Confof-lasted 0.333 0.444 0.444 0.444 
Confof-Sigkdd 0.333 0.333 0.5 0.667 

Edas-Edas 1.0 1.0 1.0 1.0 
Edas-Ekaw 0.458 0.5 0.5 0.625 
Edas-lasted 0.4 0.4 0.4 0.4 
Edas-Sigkdd 0.636 0.636 0.636 0.636 

Ekaw-lasted 

I 
0.455 0.455 0.455 0.636 

Ekaw-Sigkdd 0.545 0.636 0.636 0.727 

I lasted-Sigkdd 11 o.438 0.875 0.875 0.875 

ClsEqMatcher works best for medium-sized ontologies that are in the same 

domain and one of them is a modification of the other one ( see results of run

ning tests on I3CON dataset in Section 5.3.1). With medium-sized ontologies, 

initial matches using weights obtained by the GA in advance can be found 

in a reasonable time. Since ontologies are modified versions of each other 

1 All results of participants in OAEI 2011 can be downloaded from here: 
http:oaei .ontologymatching.org201 lresultsconferenceindex.html 
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they are structurally similar, therefore; the list of initial matches is more 

likely to contain more equivalent or similar concepts ( more true positives). 

Then the linguistic matcher checks the neighbourhood of initial matches ac

cording to a search depth defined by the user. The number of iterations 

to complete the matching process can be reduced in this way and for such 

ontologies ( e.g. ConfOf-Iasted results in Table 5.13). Ignoring linguistic in

formation to find initial matches is also useful when there are same ontologies 

in different languages and the task is to find such ontologies. After finding 

structurally similar concepts, the total number of accesses to the dictionary 

can be reduced. This test was not performed; however, for example, in Ta

ble 5.13 Edas-Edas ontologies are the same ontologies in English that their 

equivalent concepts are matched in one iteration. And as it can be seen the 

execution time is less when the initial matches are found first since confi

dence value of correspondences is equal to one and the number of linguistic 

comparisons are reduced. 

Further, as it can be seen in Figures 5.7- 5.10 in Section 5.3.2 and Ta

ble 5.23, for ontologies of Conference dataset, the average recall value for 

GAS0.4 with threshold values described in Chapter 3 is 0.68, which is greater 

than the average recall values calculated for ontology matchers participated 

in OAEI 2011 (Euzenat et al., 2011). On the other hand, to compete with 

other matchers in precision values, the precision values returned by ClsEq

Matcher need to be improved. Execution of three filtering rules described in 

Chapter 3 increases the precision, as well as the execution time, yet, it is not 
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sufficient. Matchers that apply reasoning techniques to refine alignments re

turn higher precision values since they can reason over ontology models, find 

and remove inconsistencies and prevent error cascade. For instance, in OAEI 

2011, LogMap, which is a logic-based ontology matcher, returns the highest 

average precision value for Conference dataset. However, as it can be seen in 

Table 5.3.2, there are cases that the recall value returned by ClsEqMatcher 

is higher than the recall value returned by LogMap, such as for GAS0.4 for 

Cmt-Conference ontologies. It is due to the different ways of combining and 

applying matchers, expanding matches, finding linguistic similarities, and 

using thresholds. Test case GAS0.4 for Cmt-Conference returns twelve out 

of thirteen true positives while LogMap returns seven. One of the possi

bilities for this difference is that during the repair process and elimination 

of inconsistencies, LogMap removes some true positives from the matches 

( as it was noticed the same when the filtering rules were executed, detailed 

in Section 5.3.2). ClsEqMatcher returns six out of seven correct correspon

dences that are returned by LogMap. It matches "Cmt:Chairman" with 

"Conference:Chair" instead of "Cmt:AssociatedChair" since they are both 

subclasses of equivalent concepts "Cmt:Person" and "Conference:Person" 

and WordN et returns one as the similarity value of "Chairman" and "Chair". 

"Cmt:SubjectArea" and "Conference:Topic" are matched by ClsEqMatcher 

since they are both immediate subclasses of "owl:Thing" and Equation (3.5) 

returns 0.906 as their name similarity value. "Cmt:Document" and "Con

ference:Conference_document" are matched because they are immediate sub-
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classes of "owl:Thing" with name similarity value greater than 0.49; therefore, 

they will be stored as a match with the increased similarity value and that 

results in keeping the match. 

Conversely, The recall value returned by LogMap for Edas-Ekaw ontology 

set is greater than the recall value returned by ClsEqMatcher. It is because 

of the way ClsEqMatcher finds name similarities and it does not have an 

acronym finder. Hence it fails to match concepts such as "edas:TPCMember" 

with "ekaw:PC_Member". The other reasons are use of thresholds and exe

cution of filtering rules that result in elimination of true positives, and also 

the lack of sufficient reasoning. 

In case of scalability ( see results of running tests on Anatomy dataset in 

Section 5.3.3), ClsEqMatcher is placed above eight out of fourteen matchers 

participated in OAEI 2011. It produces acceptable alignments with different 

settings described in Table 5.22. In this track in OAEI 2011, LogMap works 

the best as well, with run time of 24 seconds and recall value of 0.846. One 

of the main reasons for the incredibly good execution time of LogMap is spe

cific data structures used in its implementation. LogMap has been designed 

to work with very large ontologies and in its design, class hierarchies of on

tologies are extended and indexed using an interval labelling schema, which 

decreases the time of query executions on the large class hierarchies ( Jimenez

Ruiz et al., 2011; Grau and Jimenez-Ruiz, 2011). For accuracy of the results, 

one of the reasons that ClsEqMatcher does not return high recall values 

for Anatomy dataset is the lack of background knowledge. ClsEqMatcher 
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has been designed and developed as a general matcher; therefore, it uti

lizes WordNet and works on the is-a hierarchies while ontologies of Anatomy 

dataset are biomedical ontologies and have specific annotations and part-of 

hierarchies. Ontology matchers such as LogMap or SAMBO that have been 

specifically designed to work on biomedical ontologies, benefit from domain 

specific dictionaries and thesauri and take particular charscteristics of such 

ontologies into account; hence, they can produce more accurate alignments. 

114 



Chapter 6 

Conclusions and Future Work 

This thesis addressed the problem of automatically finding equivalent con

cepts between general ontologies developed in OWL. To solve this problem, 

an ontology matcher using terminological and structural matchers was devel

oped and evaluated using I3CON and OAEI Conference and Anatomy test 

cases. The developed ontology matcher called ClsEqMatcher uses WordN et 

and Porter2 as external resources and returns a one-to-one alignment be

tween classes of two input ontologies. Since the alignment is one-to-one it 

can also be called an ontology mapper (Definition 2.7). The user does not 

need to interact with the system during the matching procedure; however 

he can specify the value of some matching options in advance. In order to 

reduce the number of name checks, a class scoring and matching method 

was suggested and developed to find structurally similar concepts at the 

beginning (initial mappings). To score classes, ten information parameters 
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described in Chapter 3 were selected and for each class the value of these 

information parameters were extracted out of the ontologies. A real number 

weight between O and 1 was also associated with each one of the informa

tion parameters. Using the calculated scores for classes and the Hungarian 

matcher, ClsEqMatcher generates an initial alignment after this round of 

matching which can be improved further. To find the associated weights, a 

GA described in Chapter 3 was utilized and run with both I3CON and Con

ference datasets in advance. Ontologies of I3CON's datasets are structurally 

similar; therefore, application of the weights and performing the first round 

of matching procedure ignoring the class names returns good results. ClsEq

Matcher works well when the input ontologies are structurally similar ( one of 

them is a modified version of the other one) or there are same ontologies in 

different languages. In addition to that, as it could be seen in experiments, 

considering linguistic similarities could sometimes result in keeping a false 

but linguistically more similar match rather than a structurally similar and 

correct match. 

The weights returned by the GA can be improved and more work can be 

done by running other tests with different GA's settings, fitness functions 

and scoring formulae. One of the things that can be seen in the current re

turned weight sets is that since in the Conference test cases, similar concepts 

can appear on different levels, the weight associated with the level is small 

( O. 042). Further, the GA can be run for test cases in different domains of 

knowledge such as biomedical or geospatial or with different sets of informa-
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tion parameters to find out which combination of weights and information 

parameters can get better initial matches. 

ClsEqMatcher also utilizes a terminological matcher. The experiments 

were performed with seven different combinations of test options. Overall 

ClsEqMatcher could return alignments with recall values greater than or 

equal to the LogMap's matcher participated in OAEI 2011. To be more spe

cific, in 16 out of 21 test cases of Conference dataset, GAS0.4 test condition 

returned higher or equal recall values. By applying different formulae to find 

linguistic similarities and also by increasing the portion value of the matching 

procedure, the results of the other five test cases are possible to be improved. 

Development and execution of three filtering rules to find inconsistencies 

and also eliminate correspondences with lower similarity values than a prede

fined threshold, increased the precision of the results; however, it still needs 

to be improved by looking for more inconsistency patterns or performing 

reasonings over the alignments. Improvement of the results is also possible 

by taking restrictions and properties defined on the classes into account and 

process them further. 

ClsEqMatcher passed the scalability test by returning alignments with 

different matching settings in reasonable time (33 minutes as the best running 

time and 3 hours and 40 minutes as the worst); the recall values vary from 

0.406 to 0.677. In comparison to other general matchers participated in OAEI 

2011 this is a good result. There are ways to improve the results of running 

experiments on Anatomy datasets. One is to replace the WordNet lexicon 
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with a domain-specific dictionary or thesaurus such as UMLS, the other is 

to take the biomedical ontologies' specific annotation properties and part-of 

hierarchies into account to find more correct correspondences. 

The overall result is that, ClsEqMatcher is an ontology matcher that in 

finding equivalent classes can compete with other matchers participated in 

OAEI 2011 and in some cases returns higher recall values. Our final goal is 

to extend it to find correspondences between properties and individuals and 

participate in the next OAEI. 
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Appendix A 

An Example of the Output of 

the Matcher 

Here is a part of the output of the matcher when input ontologies are CMT 

and Conference. 

id: 1 

http://cmt#Co-author 

http://conference#Contribution_co-author 

Confidence: 0.792 

Relation:= 

id: 2 

http://cmt#Reviewer 

http://conference#Reviewer 
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Confidence: 1.0 

Relation:= 

id: 3 

http://cmt#Review 

http://conference#Review 

Confidence: 1.0 

Relation:= 

id: 4 

http://cmt#ProgramCommitteeChair 

http://conference#Active_conference_participant 

Confidence: 0.738 

Relation:= 

id: 5 

http://cmt#SubjectArea 

http://conference#Topic 

Confidence: 0.906 

Relation:= 
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