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Abstract

Data integration over the web or across organizations encounters several unfavorable 
features: heterogeneity, decentralization, incompleteness, and uncertainty, which pre­
vent information from being fully utilized for advanced applications such as decision 
support services. The basic idea of ontology related approaches for data integration is 
to use one or more ontology schemas to interpret data from different sources. Several 
issues will come up when actually implementing the idea: (1) How to develop the 
domain ontology schema(s) used for the integration; (2) How to generate ontology 

data for domain ontology schema if the data are not in the right format and to create 
and manage ontology data in an appropriate way; (3) How to improve the quality of 
integrated ontology data by reducing duplications and increasing completeness and 
certainty.

This thesis focuses on the above issues and develops a set of methods to tackle 
them.

First, a key information mining method is developed to facilitate the development 
of interested domain ontology schemas. It effectively extracts from the web sites useful 
terms and identifies taxonomy information which is essential to ontology schema 
construction. A prototype system is developed to use this method to help create 

domain ontology schemas.
Second, this study develops two complemented methods which are light weighted 

and more semantic web oriented to address the issue of ontology data generation. 

One method allows users to convert existing structured data (mostly XML data) to 
ontology data; another enables users to create new ontology data directly with ease.
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In addition, a web-based system is developed to allow users to manage the ontology 
data collaboratively and with customizable security constraints.

Third, this study also proposes two methods to perform ontology data matching 
for the improvement of ontology data quality when an integration happens. One 

method uses the clustering approach. It makes use of the relational nature of the 
ontology data and captures different situations of matching, therefore resulting in an 

improvement of performance compared with the traditional canopy clustering method. 
The other method goes further by using a learning mechanism to make the matching 
more adaptive. New features are developed for training matching classifier by ex­
ploring particular characteristics of ontology data. This method also achieves better 

performance than those with only ordinary features. These matching methods can 
be used to improve data quality in a peer-to-peer framework which is proposed to 
integrate available ontology data from different peers.



Chapter 1 

Introduction

This chapter overviews the research conducted in the thesis. It aims to help readers 
get a whole picture of the research topics covered in this study. It has four sections, 
Section 1.1 analyzes the research issues that this study tries to tackle. Section 1.2 
lists the contributions of this study. Section 1.3 outlines the overall structure of the 
thesis. The author’s publications which are related to this study are shown in Section 
1.4.

1.1 Research Issues and Motivations

Data and information integration has become an ongoing research topic since comput­
ers were used to help information management. Initially, the need for data integration 
arose in organizations such as large enterprises where multiple databases were used to 
store and manage data. The research therefore was mostly related to database area, 
seeking both theoretical approaches [100] [154] and practical solutions [89] [71] so that 
users can be provided with a unified and consistent view of data from different data 
sources. Applications of data integration in this sense can obviously benefit business 

or industry such as financial services, telecommunications and freight brokerage [135].
While the Internet and the web have become an important platform for informa­

tion publication, dissemination and acquisition, the boundary of data/information

1
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integration applications broadens. Not only commercial business and industry de­

mand for better data/information integration and knowledge sharing. Public services 
like health care service require health data and information to be integrated so that 

the quality of services could be improved [28]. Since the event of September 11, it has 
been realized that appropriate data/information integration and knowledge sharing 
between government agencies are very essential in the battle against terrorism [26].

In the meantime, the diversity of the scenarios and the dynamic environments 
pose a lot of challenges for data/information integrations. Unfavorable information 
features (e.g., heterogeneity, decentralization, incompleteness and uncertainty) have 
become dramatically evident. They prevent information from being fully utilized to 

support various applications and services in different areas.

In response, research in the area has evolved as well. One trend is to incorporate 
knowledge representation techniques such as ontologies for better integration. An 
ontology basically is “a specification of a representational vocabulary for a shared do­
main of discourse - definitions of classes, relations, functions, and other objects” [65]. 
Obviously, this makes ontologies very suitable for the role of helping data/information 

integration and knowledge sharing. This role allows ontologies to have a very broad 
spectrum of application areas and to enrich a variety of research areas, from the gen­
eral semantic web [16, 139] to some specific areas such as health informatics [133, 134]. 
The proposal of a semantic web treats ontologies as an important layer towards a 
platform where information can be understood and processed intelligently by dif­
ferent computers in the networks. Following that, some frameworks and systems 
that use ontologies as basis for integration have been proposed and developed (e.g., 

[7][46][81][113], more details in Section 2.5).
The basic idea of ontology related approaches for data integration is to use one 

or more ontology schemas to interpret data from different sources. The semantics, 

expressed in the ontology schema and the mapping between several ontology schemas, 
enable the data to be compatible and consistent with each other to reasonable degrees 

so that computers can process them effectively. However, several important issues
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come up when actually implementing the idea.
How to construct domain ontology schema(s) used for the integration.
Ontologies can actually be partitioned into two parts: ontology schemas and on­

tology data (more details in Section 2.2.3 and Section 2.4.1). Concepts and relations 
between concepts are contained in ontology schemas, which provide semantic interpre­
tation to the data. Given a domain in which data integration is needed, constructing 

an ontology schema that can naturally and appropriately describe the domain is very 
critical to the success of the integration, especially when the process of the inte­
gration happens continually. Usually, domain experts are needed to develop ontology 
schemas for a particular domain and such tasks are performed almost manually, which 

is time-consuming. Researchers have proposed a particular paradigm which is called 
ontology learning [107], trying to semi-automatically learn from available data sources 
for appropriate ontology elements. Then how to specifically use this paradigm to per­
form domain ontology construction becomes a research question. Motivated by this 
paradigm, this thesis provides our particular method (Chapter 3) to this issue.

How to generate ontology data for the domain ontology schema if the 

data are not in the right format and to manage the ontology data in an 
appropriate way.

It is obvious that having an appropriate domain ontology schema is only a prereq­
uisite step towards successful integration applications. If the domain ontology doesn’t 

have sufficient data interpreted by its schema, then this ontology-based approach will 
lose its significance. Normally, data that are desirable for integration come from dif­
ferent sources (e.g., multiple databases, XML file, web pages, and etc). As mentioned 
before, integration of data from multiple databases has been studied from the perspec­
tive of database theories and practices. Typically, view-based solutions are proposed 
[154, 73]. In this type of solutions, views (either local schemas treated as views or 

global schemas as views [100]) act as a mapping so that different data sources can 

be queried to a more unified degree. This type of solutions can be adopted and used 
for integrating ontology data [24, 75]. Obviously, such data to be integrated are very



Chapter 1. Introduction 4

structured and often static since they are stored in database. In an ever changing and 
growing environment such as the current web, data are not so structured. Instead, 
they are semi- or even un-structured data such as XML files or web pages. Using 
traditional methods to map such data into a unified view faces great challenges. Re­
search on information extraction provides possible solutions to this problem. It tries 
to extract structured data from a large amount of raw data by learning interested 

patterns with typical wrapper software [97] [59] [95]. The extracted data therefore 
can be aligned to the domain ontology schema.

In the mean time, ontology data mapping and generation are not limited to the 
research area of data integration. The current web is offering a variety of ways for 
quick information publication. From traditional online forums and discussion groups 

to fashionable blogging, wikis, social bookmarking, and etc, information is created 
dramatically faster than ever before. However, most of such information is still ori­

ented towards human users and therefore unstructured or semi-structured. Little 
semantics are expressed in a way that computers can handle just as the vision of 
semantic web provides. Adding semantic support (using ontologies) to these popu­
lar publication methods is desirable. And it is also very important to ensure such 
information is managed with a degree of reliability.

How to improve the quality of integrated ontology data by reducing 
duplications and increasing completeness and certainty.

In traditional data integration tasks, usually, the integrated data is aligned to a 
predefined global schema for easy access and analysis. But often a certain degree of 
overlapping happens, resulting in duplicated records that degrade the data quality 

and affect the further analysis. A merge/purge process [82] of duplicated records is 

therefore very essential to the quality of the integrated data.
Similarly, the emerging semantic web can be viewed as a process in which data 

published from different individuals or organizations is becoming more semantically 
understandable (for computers) due to the conformance to certain domain ontologies. 

While a particular domain ontology acting as a global schema makes data integration
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much easier, the duplication problem caused by overlapping data may become even 

more serious because of the increasing amount of sources and more decentralized 
environment. Therefore, the task of identification of duplicated ontology data within 

a certain domain becomes very necessary if we want to improve the quality of data and 
obtain reliable analytical results upon it or create reliable services from it (detailed 

discussion in Chapter 6).
In summary, the above issues for ontology related approaches for data integration 

motivate us to develop new methods and techniques. We are inspired to develop 
and use these methods to help better domain ontology schema generation in certain 
situations, to ease the way of generating and managing web ontology data, and to 
improve the ontology data integration by effective matching methods. Details of the 

contributions are discussed in the next section.

1.2 Contributions

The contributions of this thesis are reflected through the efforts made to tackle the 
issues that we’ve discussed before. Through the study, new methods and techniques 
have been developed to deal with these issues from different angles. Promising results 
have been achieved particularly through the experiments conducted in this study. 
Some of these methods have been reported in several papers that are published in 
international conference proceedings and journals. The following subsections will 
briefly introduce the major contributions presented in this thesis.

1.2.1 Key Information Mining Method and Its Application 
to Web Ontology Schema Generation

Developing appropriate ontology schemas for given domains is the most prerequisite 

step towards the integration of data in the domain. This thesis proposes a key infor­

mation mining method that can be used to facilitate the development of the interested 
domain ontology schemas using web pages as data source. First, key information in 

the web pages has been identified in contrast to “noisy information”. It usually refers
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to the certain information embedded in web pages that can categorize related web 
pages into several meaningful classes or identify a particular web page within a web 

site. By analyzing the characteristics of the existence of key information in web pages, 
we developed an effective method to extract potential key information from web sites 
and to identify those pieces of key information (such as taxonomy structures) which 
is essential to ontology schema construction. Our experiments with thousands of web 
pages from several web sites have shown quite promising results. In addition to the 
method itself, we also developed a prototype system that uses this method to help 

create domain ontology schemas.
Besides the application to ontology schema generation, the method for key in­

formation mining from web pages can also be used for some other areas. As key 

information is usually provided by web site constructors to keep users aware of cur­
rent browsing positions in terms of topics within a web site, it is obvious that mining 
key information can help classify web pages precisely according to the topics. There­
fore, it can contribute to the research area of web page classification. Another area 
that the method of key information mining can help is catalogue integration [3]. Cat­

alogue integration is a process of merging several catalogues into a single one. It 
requires at least two catalogues that already have their categories. With key infor­
mation extracted from web pages and these web pages from each web site categorized 
using our mining methods, an integration of catalogues can then proceed.

The work related to this method has been published in [162] [161] [167].

1.2.2 Methods for Web Ontology Data Generation and Man­
agement

In response to the issue of web ontology data generation for given domains, this study 
proposes two methods, trying to make the generation of web ontology data easier and 

more efficient. The first method is designed to deal with existing data which belong 

to a certain domain but have not yet been interpreted by certain ontology schemas. It 
goes beyond the mapping methods by converting such structured or semi-structured
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data into web ontology data. The use of the XQuery [19] (the query language for 

XML) for conversion in the method makes the process much more flexible. The other 
method is designed to deal with the creation of new ontology data from ordinary 

users (typically web users). Following this method, a web-based system “robinet” is 
developed so that users are enabled to author new ontology data collaboratively in a 

wiki-like style 1. But unlike other wiki-like approaches, this system can be extended 
with more management functions based on the underlying ontologies. Provided that, 
this study also proposes an ontology enhanced model to enforce a flexible manage­
ment mechanism on the system so that users can manage the web ontology data 
collaboratively but also securely to a certain degree.

Therefore, our robinet system can be used not only as a general platform to 

generate ontology data in a web environment, but also as a management system with 
a degree of security to ensure the reliability of the web ontology data.

The work related to these methods has been published in [166].

1.2.3 Web Ontology Data Matching Methods for Integration

When ontology schemas are being developed and web ontology data are being gen­
erated, the need to integrate ever growing ontology data for given domains becomes 
increasingly essential. Ontology data matching, as a process to improve the quality of 
integrated ontology data, is equally important. This study discusses several typical 
scenarios that demonstrate the significance of these tasks. However, on the other 
hand, our literature review shows that most studies on data matching are focused 
on the structured data stored in databases or formatted with table-like structures. 
While they can be used for ontology data matching in a straight forward way, we be­
lieve that the features of ontology data could allow us to develop even more effective 

methods based on them.
As a result, two methods have been developed in this study to perform ontology *

*A wiki is a web site that allows visitors to add, remove, edit and change content collaboratively. 
Refer to http://en.wikipedia.org/wiki/Wiki for more detail
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data matching for the improvement of ontology data quality when integration hap­

pens. One method uses the clustering approach. It makes use of the relational nature 

of the ontology data and captures different situations of matching. This results in an 
improvement of performance compared with the traditional canopy clustering method, 
which has been confirmed by our experiments. The other method goes further by us­
ing a learning mechanism to make the matching more adaptive. New features are 

developed for training matching classifier by exploring particular characteristics of 
ontology data. As a result, this method also achieves better performance than those 
with only ordinary features, as shown in our experiments. In addition, this study also 
proposes a peer-to-peer framework to integrate available ontology data from different 
peers. The mentioned matching methods are designed to discover matchings among 

the ontology data across the peers so that the overall quality of the ontology data in 
the framework can be improved.

The two ontology data matching methods can be further improved. They can 
have potential applications in the areas such as semantic web, security informatics, 

health care data integration, where typical scenarios have been discussed.
The work related to these methods has been published in [165] [164] [166].

1.3 Organization of the Thesis

The rest of the thesis is organized as follows. Chapter 2 provides some background 
knowledge of ontology and discusses related work in the area of ontology generation 
(including ontology schema generation and ontology data generation) and ontology- 

based data integration and matching. In Chapter 3, the method that is used to 
help develop domain ontology schema from the web is discussed. Chapter 4 then 

shows the methods for web ontology generation and Chapter 5 proposes the enhance 

model for web ontology data management. Chapter 6 starts to discuss the importance 
of web ontology data matching for integration with several typical scenarios and it 

also presents our clustering-based method for ontology data matching. Chapter 7 
continues the topic of ontology matching by presenting a learning method which
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explores ontology features for new similarity metrics. A peer-to-peer framework that 

uses the ontology matching method for the improvement of the quality of web ontology 
data across the peers is also discussed in this chapter. Finally, the conclusions and 

future work are discussed in Chapter 8.
Figure 1.1 serves as a map of this thesis and shows the logical relations of all the 

chapters in this thesis.
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Chapter 2

Background and Literature Review

2.1 Introduction

This chapter discusses the concepts of ontology and reviews related literature in re­
search areas of ontology generation and ontology-based data integration and match­
ing. First, a discussion on ontology including its definition, classification and lan­

guages is presented in Section 2.2. Section 2.3 is designated to introduce some ontol­
ogy related research areas and to show the important roles that ontologies are playing 
in them. Section 2.4 discusses related work on ontology generation including ontology 

schema generation and ontology data generation. Section 2.5 reviews related work 
on ontology-based data integration and matching from three different perspectives. 

Section 2.6 summarizes this chapter.

2.2 Ontology

This section discusses the definition of ontology, the classification of different types 

of ontologies, and the languages that are used to express ontologies

13
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2.2.1 Definition of Ontology

Ontology was originally a term from philosophy. The Merrian Webster online dictio­

nary defines it as the following 1:

1: a branch of metaphysics concerned with the nature and relations of 

being
2: a particular theory about the nature of being or the kinds of things 

that have existence

Now ontologies have been used by researchers of computer science in several re­
search areas such as knowledge representation, artificial intelligence, natural language 

processing, semantic web and etc. In this sense, ontology is “a term borrowed from 
philosophy that refers to the science of describing the kinds of entities in the world 
and how they are related” [141]. Informally speaking, the most typical kind of on­
tology has a taxonomy and a set of inference rules [16]. In [65], Gruber states that 
“A specification of a representational vocabulary for a shared domain of discourse - 

definitions of classes, relations, functions, and other objects - is called an ontology”. 
In [104], Maedche gives a more formal definition of an ontology structure, which is 
shown as follows:

Definition 2.1 (Ontology). An ontology is a 5-tuple as O ::=< C, R, LIC ,rel, A° >, 
where C is a set of classes (concepts); R is a set of relations; Hc C C x C is called 
taxonomy, Hc(ci,C2) means C\ “is-a” cp, rel : R —» C x C is a function defined for 
other relations; and A° is a logical language.

2.2.2 Classification of Ontologies

Along with the definitions, it should be noted that ontologies are being used to
describe a great variety of models, ranging from simple taxonomies such as that

of Open Directory Project 1 2 to very sophisticated models written in variants of first-
order logic [21]. According to a semantic spectrum (which means a variation of levels

1 http://www.m-w.com/cgi-bin/dictionary?va=ontology
2http: / / dmoz.org
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of formalization and expressiveness) ontologies can be classified as shown in Table 2.1 

and Figure 2.1 [110] [21].

Table 2.1: Semantic spectrum of ontologies

Spectrum Description
Controlled vocabularies Finite lists of terms
Glossaries Lists of terms whose meaning is described 

in natural language, similar to dictionaries.
Thesauri Lists of terms and definitions that stan­

dardize words for indexing purpose.
Informal is-a hierarchies Hierarchies that use generalization rela­

tionships in an informal way.
Formal is-a hierarchies Hierarchies that fully respect the general­

ization relationship
Frames Models that include class and properties 

after the frame representation [115]
Ontologies with expres­
siveness of value restric­
tion

Ontologies that provide constructs to re­
strict values their class properties can take

Ontologies with expres­
siveness of logic restric­
tion

Ontologies that allow first-order logic re­
strictions to be expressed.

This thesis mainly focuses on ontologies with at least formal is-a features, that is, 
the right-hand side of the cut-off shown in Figure 2.1.

General
logical

constraints

Frames
(properties)

Formal
is-a

Thesauri
'narrower term" relation

Catalog/ID

Disjointness, 
inverse, part-
of, ...______

Formal
instance

Value
restrictionsTerms/Glossary Informal is-a

Figure 2.1: The ontology Spectrum according to the classification by McGuiness [110]

Apart from the classification based on semantic spectrum, ontologies can also be 

classified based on their generality, as proposed by [67]. This classification scheme
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divides ontologies into the following four types: Upper level ontologies; Domain on­

tologies; Task ontologies; Application ontologies. Obviously, upper level ontologies 
are the most general ontologies while application ontologies are often the most specific 
ontologies. This thesis mostly works on the domain ontologies and task ontologies 
which are of suitable generality according to the discussed topics.

2.2.3 Ontology Languages

Formal ontologies can be expressed in some forms of logic languages such as Frame 
logic (F-Logic) [93] or Description logics (DL) [11]. In the research area of the seman­
tic web and many others, they are mostly expressed in DL. DL is a well-known family 
of knowledge representation mechanism and have been studied for several years. In 
DL, an ontology can be regarded as a typical knowledge base that consists of two 
components: a “TBox” and a “ABox”. Concepts and their relations of the ontology 

are defined in the TBox as a set of asserted axioms. Individuals (i.e., instances of 
concepts) are contained in the ABox. Given a DL knowledge base, typical reasoning 

tasks, for example, checking subsumption of concepts, can be performed by a DL 
reasoner. Figure 2.2 shows an example of a simple DL knowledge base consisting of 

the ABox and TBox [11].
In addition to abstract logic languages, there are also some concrete languages 

(e.g., SHOE [81] , DAML+OIL [83] , and etc), some of which are derived from those 
abstract logic languages. Among them, web ontology language (OWL) [111] is a DL- 
based language proposed by World Wide Web Consortium (W3C). It is layered over 
the Resource Description Framework (RDF) [108] and RDF Schema (RDFS) [22], 

both of which are also proposed by W3C. Actually, OWL is a family of languages 
with different level of expressiveness, consisting of: OWL Lite, OWL DL and OWL 

Full. This design is motivated by different requirements that different users may have 
for a web ontology language, which can be summarized as follows (including RDF 

and RDFS) [147] :

• RDF and RDFS is intended for those users who primarily need a classification
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Woman = Person FI Female 

Man = Person n -iWoman 

Mother = Woman n 3hasChild.Person 

Father = Man FI dhasChild.Person 

Parent = Father FI Mother
MotherWiouthDaughter = Mother FI VhasChild.->Woman

TBox

Father (PETER) MotherWithoutDaughter(MARY) 

hasChild(MARY,PETER) hasChild(PETER, HARRY) 

hasChild(MARY, PAUL)

ABox

Figure 2.2: An example of a simple DL knowledge base consisting of a TBox and an 
ABox [11]

hierarchy;

• OWL Lite adds the possibility to express (in)equalities and simple constraints 
on such hierarchies;

• OWL DL supports those who want the maximum expressiveness while retaining 
computational completeness (all conclusions are guaranteed to be computable) 
and decidability (all computations will finish in finite time);

• OWL Full is meant for those who want maximum expressiveness and syntactic 

freedom with no computational guarantee.

OWL provides a set of vocabulary as constructs, enabling people to define con­
cepts, properties, individuals, and their relations. Typically, property in OWL has 

two categories: data type property and object property. Data type properties allow



Chapter 2. Background and Literature Review 18

people to describe specific attributes of a concept, such as “age of person”, “address 

of company”. Meanwhile, object properties enable people to link two concepts with 
a semantic relation, like “supervision” between “professor” and “student”. Related 

examples are shown in Figure 2.3.

<owl:Class rdf:about="#FullProfessor"> 
<rdfs:suClassOf rdf:resource="#Professor"/> 

</owl:Class>

<owl:ObjectProperty rdf:about-'#hasSupervisor”> 
<rdfs:domain rdf:resource-'#Student"/>
<rdfs:range rdf:resource="#Person"/> 

</owl:ObjectProperty>

<owl:DatatypeProperty rdf:about-'#age"> 
<rdfs:domain rdf:resource="#Person7> 

</owl:DatatypeProperty>

<u:GraduateStudent rdf:about=',#GraduateStudentA,’> 
<u:name>Graduate Student A</u:name> 
<u:age>30</u:age>
<u:memberOf rdf:resource-'#UniversityB" /> 
<u:hasSupervisor rdf:resource="#ProfessorC" />

</u:GraduateStudent>

Figure 2.3: Some examples of concepts, properties and individuals in OWL

This thesis will discuss ontologies expressed in DL languages and the DL-based 

OWL language in most cases. As DL languages with high level of expressiveness will 
cause dramatic computational costs, they are not very often used in solving practical 
problems. Therefore, ontologies used in this thesis will be kept to an acceptable level 

of expressiveness.
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2.3 Ontology Related Research Areas

As ontologies are mostly used to provide ways to describe entities and their relations, 

the fundamental role of ontology related techniques is to help data/information in­
tegration and knowledge sharing. This role allows ontologies to have a very broad 
spectrum of application areas and to enrich a variety of research areas, from the gen­

eral semantic web [16, 139] to some specific areas such as electronic commerce [57, 62], 
health informatics [133, 134] and etc. According to the topics of this thesis, we briefly 
introduce the following several research areas and the specific roles of ontologies in 
these areas.

2.3.1 Semantic Web

The semantic web is an extension of the current world wide web, in which informa­
tion is given well-defined meaning, better enabling computers and people to work in 
cooperation [16]. The major concern in realization of the semantic web is the creation 
of appropriate languages which are suitable for the delivery of semantic web contents. 

This may be inspired by the great success of hypertext markup language (HTML) 
[132] in creation of the massive web. As HTML is mostly an presentation language 
rendered by web browsers so that human can read and understand the contents it 
delivers, it can hardly fulfill the goal of a machine-understandable web.

The picture of a layered stack shown in Figure 2.4 outlines how the semantic web 

could be formed [15]. Unicode 3 and Universal Resource Identifier (URI) construct 
the foundation of this stack. Unicode provides a unique number for every character, 

no matter what the platform, the program, or the language is. This facilitate the pro­
cessing of characters, especially when characters from different languages need to be 

encoded. The Unicode Standard has already been adopted by many industry leaders 
[86]. In the meantime, a URI is a compact sequence of characters that identifies an 

abstract or physical resource [14]. Since URIs have global scope and are interpreted 
consistently across contexts, associating a URI with a resource means that anyone

■http: / / Unicode, org/
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Figure 2.4: The layered architecture of semantic web proposed by Berners-Lee [15]

can link to it, refer to it, or retrieve a representation of it. Therefore, they underpin 
the Semantic Web, allowing machines to process data directly [139].

Built upon the layer of Unicode and URI, is Extensible Markup Language (XML), 
XML Name Space (NS) and XML Schema. XML [20] is a simple, very flexible text 
format, designed originally to meet the challenges of large-scale electronic publishing. 
It is also playing an increasingly important role in the exchange of a wide variety of 
data on the web and now on the semantic web.

Resource description framework (RDF) [108] and RDF Schema (RDFS) [22] were 
among the first attempts to bring semantics to the web. They are usually encoded in 
XML syntax as they are on top of the layer of XML. They have provided a minimal 
ontology representation language that the research community has adopted fairly 

widely [139].
RDF and RDF Schema may not be sufficient enough for people to specify ontology 

vocabulary. For those who need greater expressivity for ontology development and 
deployment, the Web Ontology Language (OWL) specification has been proposed by 

by World Wide Web Consortium (W3C). As we have mentioned before, this ontology 
language has become more and more popular compared to other ontology languages.
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When ontologies become widely used for rendering rich semantics to data, it is 

possible to develop rules and inference mechanisms to take advantage. Highly intelli­
gent web applications and services could be developed, which finally turns the vision 

of the semantic web into reality.
From the discussion, the important position of ontologies in the formation of the 

semantic web is obvious.

2.3.2 Web Intelligence

Compared to the research of the semantic web, which involves many efforts in real­
izing a machine-understandable web, web intelligence (WI) is a research area that 
exploits artificial intelligence (AI) and advanced information technology on the web 
and internet [174]. In [176], Zhong proposes four conceptual levels of web intelli­

gence in order to develop a “wisdom web”. The four-level framework ranges from 
the lower hardware-centered level to the higher application-centered level as shown in 
Figure 2.5. It builds upon the fast development of application of various hybridization 

of AI and web technologies.

support 
functions

Figure 2.5: Four levels of web intelligence proposed by Zhong [176]

According to Zhong [176], one of the fundamental issues of WI is to study the 

semantics on the web with respect to level 3 of WI, that is, modeling semantics of

Application-1 wcl ubiquitous computing
and social intelligence utilities

Know ledge-k*vel information processing
and management tools

Interface-leve 1 multi-media presentation
standards

Internet-level communication.
infrastructure and security protocols
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web information. This may look similar to what the semantic web tries to address.
These two research areas (WI and semantic web) may overlap each other to some 

extent. It seems that web intelligence has an emphasis on the exploration of artifi­
cial intelligence in developing advanced web-based applications. However, to develop 
web-based applications with high-level intelligence, the dependence on the shared 

knowledge among machines and users is inevitable. This again relies on the research 
and development of ontologies which bring semantics to the web. Therefore, the 
roles and functions of ontologies in this situation includes: communication between 
different web communities; agent-based communications; knowledge-based web re­
trieval; understanding web contents and intelligent discovery of social networks and 

web communities [176].

2.3.3 E-Service Intelligence

Many business organizations and government departments are developing and pro­
viding Internet based electronic services (e-services) featuring various intelligent func­
tions. This form of e-services is commonly called e-service intelligence (ESI) which, 
integrates intelligent technologies and methodologies into e-service systems for realiz­
ing intelligent Internet information searching, presentation, provision, recommenda­

tion, online system design, implementation, and assessment to Internet users [103]. 
Similar to the research of WI, one important element of ESI is the integration of 

intelligent technologies. But it put more emphasis on the improvement of particular 
electronic services provided by various organizations.

The use of ontologies can help improve the performance of e-Services. For ex­

ample, Using informal ontologies such as those of Open Directory Project 4 or eBay 
Catalogs 5, can help users locate and navigate information on the web sites more 

efficiently. When it comes to providing recommendation and personalization services 

to web users, ontology-enhanced semantic web mining could achieve more sensible 

results than traditional techniques [39] [40]. Incorporating ontology technologies into

4http: / / dmoz.org
5 http://www.ebay, com
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web services [38] [5] creates the new research held of semantic web services, which 

“enables a wide variety of agent technologies for automated web service discovery, 
execution, composition, and interoperation” [112].

Here we provide a typical case to show the potential benefit of using ontology in 
e-Services. Nowadays, while more and more people are opting to buy products online, 

online product reviews have therefore begun to be an importance source for people’s 
online purchase decision making. However, the increasing amount of reviews makes it 
impossible for users to read though all of them. Various techniques [85] [43] [128] [163] 
have been employed to automatically analyze online reviews so that integrated infor­
mation like classification of positive reviews and negative reviews can be generated for 
customers’ references. For example, Pang, et al [128] investigate several supervised 
machine learning methods (naive bayes classifier, maximum entropy classifier and 

support vector machines) to semantically classify movie reviews with the conclusion 
that machine learning techniques outperform human-produced baseline but do not 
perform as well on sentiment classification as on traditional topic-based classification. 
Dave, et al [43] develop a method for automatically classifying positive and negative 
reviews and experiment several methods related to feature selection and scoring. Hu 
and Liu [85] use the adjective synonym sets and antonym sets in WordNet [55] to 
judge semantic orientations of adjectives, which helps to classify the semantic ori­
entations of product reviews with improved accuracy. Wang, et al [163] develop a 
method based on machine learning to judge the semantic orientations of reviews at 
the sentence level.

However, the unstructured nature of online product reviews often degrades the 

performance of those methods, which results in an unsatisfactory service of product 
review summarization. If an appropriate domain ontology is available and is able 

to depict the features of products that customers intend to comment on and the 

possible vocabulary with their semantic categories that customers intend to use to 
express opinions, the task of online product reviews integration would be easier and 

better electronic services such as product recommendation, personalized shopping,
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and etc could be delivered.

2.4 Ontology Generation

The previous section clearly shows the important roles of ontologies in various research 

areas. Ontology generation (or ontology construction) therefore becomes very crucial.
Generation of ontology can start from different points, such as: 1) starting from 

scratch, 2) starting from existing ontology, and 3) from a corpus of information sources 
[156] . Along with these different starting points, the degrees of automation in gener­
ating ontology vary, ranging from fully manual, semi-automated, to fully automated. 
Fully automated ontology construction may only used for very lightweight ontologies 

in limited circumstances [156].
From the view of engineering, methods to generate an ontology could lie summa­

rized the following general types: (1) bottom up - from specification to generalization; 
(2) top-down - from generalization to specification; and (3) middle-out - from the most 
important concepts to generalization and specification [50].

Unlike many other literatures, this thesis distinguishes the parts of ontologies 
(schema and data) and discusses the generation of them respectively.

2.4.1 Ontology Schema and Data

As mentioned earlier in Section 2.2.3, ontologies expressed in DL have two parts: 
TBox and ABox [11]. Similar to the notions in database research field, ontology 
schema can be used to refer to the concepts, relations and etc in the TBox, while 
ontology data can be used to refer to the individuals or instances of concepts in the 
ABox. These notions seems to be common especially when OWL is used to encode 

ontologies.
In some literatures when ontology is mentioned, it sometimes or mostly refers to 

ontology schema. Accordingly, ontology data is often mentioned as “ontology anno­

tated/aligned data”. In the DL research community, ontology data (i.e. instances of
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concepts) is often mentioned as “individuals”. In this thesis, unless specific notes are 

provided, “instance” is used as an equivalent term to “individual”.

2.4.2 Ontology Schema Generation

This subsection discusses the traditional ways of creating ontology schemas manually 
with tools, analyzes the new paradigm of ontology learning and its various methods, 
and finally focuses on the study of ontology learning from web pages.

Manual Ontology Schema Generation with Tools

Firstly, ontology schemas can be generated manually by some experts who are famil­
iar with those interested domains and with ontology technologies as well. There exists 
several software programs that can be used for design and development of ontology 

schemas as well as ontology data. To list a few, they are Protege [60], OntoEdit 
[148], SWOOP [92], Protege 6 is a free, open source ontology editor and knowledge­
base framework that supports two main ways (Protege-Frames and Protege-OWL) 
of modeling ontologies including ontology schemas. OntoEdit 7 provides an ontology 
engineering environment that supports the development and maintenance of ontolo­
gies (typically ontology schemas) using graphical means. In contrast to the traditional 
knowledge representation (KR)-based paradigms which Protege and OntoEdit belong 
to, SWOOP 8 is a “hypermedia-based OWL ontology browser and editor that is meant 
for rapid and easy browsing and development of OWL ontologies”. The graphic user 
interface and proper reasoning facilities in those software tools help experts to create 

concepts, properties and etc intuitively and consistently. Associated with the man­
ual construction, often are some ontology design principles or methodologies such as 

those described in [155].

6 http://protege, stanford.edu/
' http://www.ontoknowledge.org/tools/ontoedit.shtml
8http://www. mindswap.org/2004/SWOOP/
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Ontology Learning: a Class of Different Methods

Obviously, the manual ontology schema generation is often time-consuming, labor­

intensive and error-prone, especially when working on large scale ontologies. These 
drawbacks force researchers to consider adding certain degrees of automation in this 

manual process. This results in a typical research topic called ontology learning 9, 
which involves utilizing number of complementary disciplines and methods to process 
different types of data sources (ranging form unstructured, semi-structured, to fully 
structured) for the support of semi-automatic, cooperative ontology engineering [107].

In the work of Maedche et al [107], a general ontology learning framework is pro­
posed including a processing cycle from ontology import and reuse, extraction, prun­
ing, refinement, to evaluation and an architecture with components like management 
component and algorithm library. Besides the general framework and architecture, 
some implemented techniques are also discussed to help ontology learning from free 
text, dictionaries and legacy ontologies.

In the work of Gomez-Perez et al [63], a fairly comprehensive survey of differ­

ent methods and techniques is delivered. It summarizes different ontology learning 
approaches and related tools with respect to the different types of input: text, dictio­
nary, knowledge base, semi-structured schemata and relational schemata. Table 2.2 
shows a survey of different ontology learning approaches based on the survey of [107] 

and [63].
According to Table 2.2, many different methods have been applied to perform on­

tology learning from different sources. However, the purposes of using these methods 
differ. Many of these research works (e.g., [80] [1] [53] [4] listed in the table) already 
have a basic domain ontology. Their proposed methods try to enrich this basic on­
tology by adding more related vocabulary as concepts and relations to the existing 

ontology, which does not change major concepts and structures but makes the on­
tology more complete and precise [127]. Some research works (e.g., [131][30][31][169]

9Although it’s called ontology learning, the major tasks in this topic are to learn or enrich concepts 
and relations from available data sources. So it is regarded as a class of methods for ontology schema 
generation
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Table 2.2: Different ontology learning approaches.
(Abbreviation explanations: EO: Enrich existing ontologies; DT: Develop taxonomies 
for ontologies; CR: Discover conceptual relations; DI: Data integration; TE: The­
saurus enrichment)

Sources Approaches Main goals References
Statistical and Frequency 
based approaches

EO, DT
[1] (EO), [53] (EO), 
[42] (DT), [138] (EO)

Clustering EO, DT
[1] (EO), [54] (DT), 
[30] (DT)

Free text and 
semi-structured
text

Formal Concept Analysis DT
[131], [31], [169]

NLP and word patterns EO
[72], [80], [4], [119], 
[138]

Association Rules CR
[106]

Semi-structured
schema

machine learning DI
[51]

relational schema mapping DI
(136), [146]

Dictionary linguistic patterns, statisti­
cal approaches

TE
[79], [88]

Knowledge base Statistical approaches DT
[149]

listed in the table) , on the other hand, don’t have a basic ontology to start with, but 
need to construct it from scratch with available sources. The latter seems to be more 
difficult than the former.

Ontology learning from free texts or semi-structured data is more popular than 
from other sources according to Table 2.2. This may be largely because of the widely 

available sources of free texts and semi-structured texts, especially over the web. Since 

there is lack of formal syntax and restricted structure in free texts, learning ontologies 

from them is quite difficult. Some basic statistical methods (e.g., [1][53] listed in 

the table) can only help suggest popular terms from the source texts as possible 
ontology concepts or relations. More advanced methods use techniques such as natural



Chapter 2. Background and Literature Review 28

language processing, formal concept analysis, machine learning and etc to perform 

learning tasks, trying to generate more than suggested concept and relationship terms. 
Semi-structured texts largely refer to HTML pages from the web. The tags and 

structures in them sometimes have typical patterns, which can help improve the 
performance of ontology learning.

Learning Domain Ontologies from Web Pages

Our research focuses on learning domain ontologies from web pages. So in the follow­
ing, we will discuss the most related work in more detail.

Maedche et al. [105] focus on the development of the taxonomic backbone of the 

ontology (an essential part of ontology engineering) by investigating existing work 
on learning taxonomic relations from texts that are extracted from a web site. Two 

types of existing approaches (symbolic and statistics-based approaches) are analyzed 
including their advantages and disadvantages. For a reconciliation between the two 

types, it proposes new algorithms for taxonomy learning using existing taxonomic 
relations as background knowledge. Experiments are conducted to evaluate the per­
formances of the approaches including the proposed approaches. Although texts from 
the web are used as the sources for ontology learning in this study, the features of such 
hypertexts (HTML tags and structures, links, etc) are not explored in the proposed 
approaches. Like many other studies, texts from the web are often preprocessed by 
removing all the HTML tags. The elimination of HTML tagging information makes 
such texts just look like normal free texts, which prevents the possibility of developing 
more sophisticated methods that can make use of HTML tagging information.

OntoMiner [42] [45] is a more specific system able to bootstrap and populate on­
tologies (including the backbone taxonomy for the ontology schemas) from domain- 
specific web sites. In this system, HTML tagging information is used intensively to 

capture the desired information (concepts and hierarchical relations) in the web pages. 
Both its semantic partitioning algorithm and tree-mining algorithms rely on the oc­

curring patterns of HTML tags. Therefore, the results are quite promising thanks
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to the sensible use of such tagging information in the web pages. However, the way 

it uses to capture the vocabulary and structures in web pages is quite complicated 
and it may need to tune many parameters to obtain such the desired information 

precisely.
In the meantime, the patterns of HTML tagging information have been widely 

used in various web mining tasks, including automatic information extraction [97] 
[59] [95], table and block detection [168] [102] [27] [142], classification and clustering 
[101] [175], and etc. Such tagging information helps improve the performances of 
these tasks. This leads us to believe that ontology learning from semi-structured 
web pages should benefit from the exploration of the tagging information. This has 
actually been confirmed by our study (presented in Chapter 3).

2.4.3 Ontology Data Generation

Similar to ontology schema generation, there are various ways to generate ontology 
data. This section lists five main techniques associated with this topic.

Ontology Development Tools

Some ontology development tools (e.g. Protege [60], OntoEdit [148], SWOOP [92]) 
can be used to assist create new ontology data as well as to develop ontology schemas. 
However, as these tools are designed with an emphasis on knowledge representation 
(i.e. design of a proper ontology schema that reflects a certain domain), they are 
often used by experienced domain experts familiar with ontology related techniques. 

Ordinary users may have difficulty using it, which hinders the generation of ontology 
data in a large scale.

Mapping Using Views

From the perspective of traditional data integration research, the task of ontology 
data generation can be performed by creating mappings between existing data schema 

(mostly those schema describing structured data stored in databases) and the target
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domain ontology schema [24, 75]. The mappings, sometimes regarded as views, allows 

existing structured data to be treated as aligned ontology data for certain domains. 
If such structured data are available, this type of solutions is quite efficient for gener­

ating ontology data. However, it is difficult to use this type of solution to deal with 
unstructured or semi-structured data, such as web pages.

Annotation

Annotation of existing data (mostly web pages) with ontologies is also a way to 
generate ontology data. SHOE [81], Ontobroker [46], CREAM [78] are the systems 
that can be used to create meta information as ontology data for existing web pages 
by users. Normally, a crawler is needed to gather these ontology data from annotated 

web pages scattered over the web.
Ontology data can also be generated by automatically annotating web pages (e.g. 

[48, 32, 29]). Although a large amount of ontology data can be generated by this type 
of methods, some applications may not be able to use them due to its relatively poor 

quality.

Semantic Wikis

Recently, inspired by the success of wiki-like systems 10 11, researchers have shown in­
creasing interest in bringing wiki systems and semantic web technologies together 
[96]. This results in the proposal of semantic wikis, which tries to enable people to 
create ontology data through online collaboration.

The main idea of most wiki systems is to let web users create and maintain web 
contents in a collaborative way. These systems provide convenient functions so that 

an ordinary user with little knowledge of web page making can contribute contents to 
the web. Wikipedia11, the most well-known online collaborative encyclopedia on the 

web, is a successful application of wiki systems. However, most contents maintained 

in wiki systems are semi-structured web pages only for web users to search and read.

10http: //en. wikipedia.org/ wiki/Wiki
11http://www.wikipedia.org
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Facts and knowledge expressed in those web pages lack proper syntax and semantics 

for computers to process.
Semantic wiki systems then emerge to introduce semantic web standards (e.g., 

RDF/RDFS , OWL) and techniques to the common wiki systems, trying to make the 
collaborated contents have more semantics for computers to understand and process. 
We will discuss these systems as follows.

Platypus Wiki [151] is an extended wiki system that allows users to input RDF 
and OWL statements in addition to plain text. However, how the system helps users 
to create such semantic statements has not been discussed in detail in [151].

Rhizome [143] is an application stack that lets developers build web applications 
which uses familiar technology such as XML and etc, but run in an environment 

where the outside world is presented as a universe of RDF statements. It can be used 
to develop a wiki-like application that lets the user create arbitrary RDF resources 
and the application logic for presenting and interacting with them. Several custom 

text formats (ZML, RxML) are used in the system to write semantic content. The 
use of those custom text formats may help experienced users to generate semantic 
content effectively and allow the system to process it efficiently, but it can also raise 
some barriers for ordinary users.

Powl [9] is a web based platform that provides a collaborative environment for 
semantic web development. OntoWiki [10], which is built upon Powl, employs web 
2.0 techniques to bring more features in authoring, editing, and searching semantic 
contents. Unlike Powl and OntoWiki which concentrate more on ontology editing, 
Semantic Wikipedia [158], as an extension to the popular MediaWiki software, brings 

semantics to texts and links in its wiki system. These systems usually have better 
user interfaces than those discussed before.

There exist more other semantic wiki systems (e.g., WikSAR [44], COW [58], 
WikiFactory [87] and etc), which provide more features such as integration with the 

desktop [44], typical query mechanisms [58], domain-oriented design [87], and etc.
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One major issue of the most current wiki and semantic wiki systems is the reliabil­

ity of the contents and the security of the systems. Wiki systems assume collaborators 
often contribute reliable contents. If someone makes some mistakes, others will cor­

rect it. Version control systems are used to track all the changes. Semantic wiki 
systems mostly rely on this assumption as well. This assumption makes wiki systems 
very vulnerable to malicious editing from some ill-disposed users. Human users in 
such cases can judge the trustability of the contents by their own existing knowledge. 
Computers on the other hand, have little ability to filter our incorrect knowledge cre­
ated by malicious users in semantic wiki systems if they haven’t been well designed. 
This issue has limited the use of those wiki and semantic wiki systems in some serious 

situations.
Since the wiki way has been proven to be an effective method to help create on­

tology data, this study also uses it to design the system that facilitates the authoring 

of ontology data for ordinary users (Chapter 4). To address the issue related to relia­
bility and security in the conventional (semantic) wiki systems, an ontology enhanced 
model is proposed (Chapter 5) so that the wiki-like system that is implemented with 
the model can be used in some serious situations that require certain security levels.

2.5 Ontology-based Data Integration and Match­
ing

After the discussion of the related work on the construction/development of ontology 
data and the generation of ontology data, we proceed to discuss the related work on 
ontology-based or ontology-involved data integration and matching.

The research scope of ontology-based or ontology-involved data integration and 

matching could be broader than web ontology data integration and matching. It 

includes any forms of integration of any types of data (not limited to web ontology 

data) as long as the ontology-related technologies have been used. This broad research 
area can hardly be studied from one single angle. The research perspectives of it can 

at least be viewed from the following three angles:
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• perspective from data semantics and representations (how ontology to be used 

in the integration);

• perspective from data distribution and management (how to manage and orga­

nize data from different locations) and;

• perspective from data integration and match approaches (what methods to be 

used in integrating and matching data).

We will first overview the first two perspectives briefly and then focus on the third 
perspective, as the third issue that we try to tackle just falls in this perspective.

2.5.1 Data Semantics and Representations

This perspective has actually been discussed to some degree in the previous sec­

tions. For example, design of appropriate ontology languages is the first issue towards 
ontology-based data integration from this perspective and it has been discussed in 
Section 2.2.3. The discussion in this section will be focused on how ontologies are 
employed to organize integrated data.

Like the variety of ontology representation methods (which result in different 

ontology languages), the approaches to use ontologies vary. Roughly, they can be 
identified as following three ways: single ontology approaches, multiple ontologies 
approaches and hybrid approaches [160, 147]. Single ontology approaches use one 
global ontology (schema) to provide a shared vocabulary for the specification of the 
semantics exploited by multiple data sources. In multiple ontology approaches, each 

data source is described by its own ontology (schema) and inter-ontology mappings 
are created to make effective data exchange possible. Hybrid approaches are similar to 

multiple ontology approaches as the semantics of each source is described by its own 
ontology, but instead of using inter-ontology mappings, one global shared vocabulary 

is used for effective schema integration.
These different approaches have been used in several frameworks/systems. For
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example, SIMS [7] and PEPSINT [36] use single global ontology approaches; OB­
SERVER [113] uses multiple ontologies approaches; COIN [61] and approach by [159] 
use hybrid approaches. Obviously, different approaches have their own advantages 
and disadvantages [160]. Single ontology approaches provide a global view by deploy­
ing a single ontology schema. This is helpful for querying the integrated information; 

but they may not satisfy the need of changes from data sources or from ontologies 
themselves. Multiple ontologies approaches and hybrid approaches seem to be more 
flexible but this flexibility is at the expense of complexity by the introduction of 
inter-ontology mappings or complicated architecture.

Since this study will mostly works on the integration of ontology data within some 

given domains, a single global ontology schema for a given domain is often used to 
align data from different sources. Therefore, we will mostly use the single ontology 

approaches to keep the complexity at an acceptable level at the first stage. However, 
the extensibility to multiple ontologies approaches has also been considered for the 
future work.

2.5.2 Data Distribution and Management

Ontologies allow data to be presented with a more unified view to the end users. This 
mostly deals with the integration problem at the logical level. The distribution of 
the actually data in the integration can have different ways. One way is to gather 

all the data to a central place for integration. For example, SHOE [81] provides a 
language and a tool to allow users to create web pages containing semantically anno­
tated information. Therefore such information can be crawled by a typical web robot 

designed to extract SHOE mark-up to form a integrated knowledge base. Similarly, 
Ontobroker [46] uses a component called “Ontocrawler” to extracts formal knowl­

edge from HTML pages. Wrappers are introduced in the design of “Ontocrawler” 

to extract formal descriptions from large collections of web pages of similar struc­
tures. CREAM [78] is another framework focusing on relational metadata creation 

with component-based, ontology-driven features. Like the importance of hyperlinks
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over the existing web, the importance of richly interlinked, machine-understandable 
data over the semantic web is pointed out. Therefore, it allows to construct relational 
metadata (class instances and relationship instances) based on domain ontologies.

While most of ontology-based information/data integration systems require that 
data should be collected to a central place so that integration should proceed, recent 

researches on peer-to-peer network have proposed decentralized solutions to data 
management. Edutella [121] is a peer-to-peer infrastructure based on RDF. It uses 
RDF schemas that is able to represent semantics of data and provide query services 
that is intended to be a standardized query exchange mechanism for RDF meta­
data stored in distributed RDF repositories across the peers. Piazza [74] is another 
peer-to-peer data management system. Unlike Edutella, Piazza emphasizes on the 
mediation between data sources (hosted by different peers) in different formats (RDF, 
XML, or database). PEPSINT [36] is a framework designed to semantically integrate 

heterogeneous XML and RDF data sources in a peer-to-peer environment. The use 
of a global RDF ontology differentiates it from Edutella and Piazza.

This study has also come up with a peer-to-peer framework design. Unlike the 
above discussed frameworks, our framework tackles the integration issue not only 
from this perspective, but also from the third perspective. That is, data matching 
methods will be studied to improve the data quality in the peer-to-peer framework.

2.5.3 Data Integration and Match Approaches

The perspective of data integration and matching approaches has been pursued in 
the database research community for decades. Initially, such integration and match­

ing approaches was studied for the data stored in databases. Research topics involves 
creating semantic mapping or matching between different data sources (mainly differ­

ent databases). This matching problem includes schema matching and data match­
ing. Schema matching deals with finding semantic corresponding between different 

database schemas; whereas data matching tries to decide if two relational tuples from 

two sources refer to the same real world entity [52]. Views can be regarded as a type
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of schema mapping between different databases. Therefore, research on using views 

for data integration [154, 73, 24, 75] deals with the integration problem mostly at the 
schema level and discusses how queries can be answered by using views. As our study 
assumes that a global domain ontology is used to align relevant data from different 

sources, the problem of schema matching has been minimized. Therefore, this study 
mainly focuses on data matching.

While studies on schema mapping have been extended from database schemas 
to ontology schemas [24], most studies on data matching are still focused on the 
structured data stored in databases or formatted with table-like structures. So the 
following will mostly discuss the data matching methods and techniques proposed for 

the structured data.

Overview of the Data Matching Methods

Performing data matching has been used in many applications to reduce duplications 

of the data. Ironically, there exist several names which refer to this very task. In the 
area of statistics, it is initially referred to as “record linkages” [125], which tries to 
identify duplicates when unique identifiers are not available. In some other research 
communities, it is also called data cleansing/cleaning [99], object identification [152], 
object consolidation [114], entity resolution [17], entity reconciliation [47], approximate 
matching/joins [68], fuzzy matching [6], merge/purge [82], duplicate detection [18], 
deduplication [37], and etc.

Here we show the basic definition of the data matching problem [66] that these 
methods try to solve. There exist several different data sources that contain data 

instances assumed to represent observations of entities. These instances are assumed 
to contain some attributes (fields or variables) identifying an individual entity. Ex­

amples of such attributes could be name, address, age and gender. Suppose source A 
has na instances and source B has nb instances. Each of the nb instances in source 

B is a potential match for each of the na instances in source A. So there are na x nb 
instance pairs whose match/non-match status is to be determined. Two disjoint sets
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M and U can be defined from the cross-product of A with B1 the set A x B. A 
instance pair is a member of set M if that pair represents a true match. Otherwise, 
it is a member of U. The data matching process attempts to classify each instance 
pair as belonging to either M or U.

This problem was formalized with a probabilistic model in [56] and was further 

extended in [172], Basically, the model computes the ratio of probabilities of the 
following form:

R =
P(7 e T|(a, b) e M)

(2.5.1)
P(y e r|(a,6) e U)

where 7 is an arbitrary agreement pattern or a similarity measure in a comparison 
space T between the pair of instances a and b. Given this formula, the decision rule 

is given as:

[ R, > Tm (a, b) as a match

\ Tji > R >T\ (a, 6) as a possible match for review (2.5.2)
T\ > R (a, b) as a non-match

where and T\ are two cutoff thresholds determined by a priori error bounds on

false matches and false non-matches [173].
The 7 as an agreement pattern or a similarity measure is usually calculated against 

some field/attribute values that the instances have. Such values are generally names, 
addresses, and etc. To ensure effective matching, some forms of standardization 
(especially for names and address) are performed [173]. In addition, various similarity 
metrics have proposed to measure the similarity degrees between the field/attribute 
values of the pair. String edit distance (SED) [70] and TF-IDF [137] are two types of 

commonly used metrics.
Since this basic model was published, many data matching methods have been 

proposed, either based on this model but with more extended work, or from a new 

angle with a slightly different ground (for example, some machine learning methods). 

The following will discuss the work in categories of “unsupervised matching methods”, 
“supervised matching methods” and “methods for relational data matching”, which 

are highly related to our studies.
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Unsupervised Matching Methods

A matching process that uses unsupervised matching methods can be either the major 

single process that produce the final results, or a subprocess in a multi-stage process. 
For example, the “blocking” method [124][123][13], often as a type of unsupervised 
methods, is used as a subprocess that generates candidate instance pairs for further 
matching. The blocking process helps create blocks of instances that have an accepted 

similarity degree only on a (set of) field(s)/attribute(s) such as surname or date of 
birth. This can reduce the potential pairs from \A x B\ to a smaller number for more 
efficient processing.

Besides blocking methods 12, clustering methods are another type of commonly 

used unsupervised methods in data matching either as major single process or as 

subprocess. In [109], multi-stage clustering-based methods are proposed to identify 
duplicates in publication references. Their approach performs quick canopy clustering 

with two thresholds at the first stage and perform more expensive clustering meth­
ods within each canopy cluster at the second stage for refined results. In the first 
stage, cheap distance metrics are used in combination of simple clustering methods 

to speed up the creation of canopy clusters. While in the second stage, a variety 
of clustering approaches, such as Greedy Agglomerative Clustering (GAC), K-means 
and Expectation-Maximization (EM) [116] [77] can be performed within each canopy 
cluster to refine the results using more expensive metrics and computations.

Supervised Matching Methods

In addition to unsupervised methods, supervised learning methods have also been 

employed to make data matching or duplicate detection more adaptive with given 

data. Cohen et al [33] propose an adaptive clustering method and introduces the 
notion of pairing function that can be learned to check duplicates. Tejada et al 

[153] use a mapping-rule learner consisting of a committee of decision tree classifiers 

and a transformation weight learner to help create mapping between records from

12Generally speaking, blocking methods could also be regarded as clustering method
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different data sources. Bilenko and Mooney [18] use a stochastic model and Support 
Vector Machine (SVM) [157] to learn string similarity measures from samples so that 
accuracy can be improved for the given situation. These methods are more adaptive 

and accurate because of their various learning processes which require an adequate 
amount of labeled data.

It should be noted that the data instances or records for de-duplication in those 
mentioned methods (whether supervised or unsupervised) are not relational, which 
means each record is a separate instance with no explicit relation with another.

Relational Data Matching

Recently, the relations between data records have been noticed in duplicate detection 
research community. Singla and Domingos [140] build a collective model that relies 
on Conditional Random Fields (CRFs) [98] [150] to capture the relation of records 
for de-duplication. The relationship is indicated just by common held values of data 

records. The model proposed by Culotta and McCallum [37], which is based on CRFs 
as well, deals with multi-type data records with relations other than common held 
values. These methods improve the accuracy of de-duplication by capturing relational 

features in their models. They also belong to the learning paradigm, which requires 
labeled samples for training the model parameters. Due to the complexity of the 
model, the training and inferencing require considerable time, which poses scalability 
problems.

To this point, we have seen that almost all the work on data matching/duplicate 

detection deals with structured data. While those methods can be used for ontology 

data matching in a straight forward way, we argue that the features of ontology data 
could allow us to develop even more effective methods based on them.

2.6 Summary

This chapter provides some background knowledge about ontology and its related 
topics. It explains what ontology is and what roles it plays in various research fields
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and how important the roles are.
Furthermore, an extensive (if not comprehensive) literature review has been made 

in the related research fields on ontology generation (including ontology schema gen­
eration and ontology data generation) and ontology-based data integration. Partic­
ularly, some most related research topics within these fields have been intensively 
discussed. This includes related work on ontology schema learning from the web, se­
mantic wikis for ontology data generation and data matching methods for data inte­
gration. Their limitations and possible improvements are analyzed as well. Therefore, 
the next chapters will propose some new methods and techniques to address these 
issues.



Chapter 3

Ontology Schema Generation by 
Key Information Mining from the 
Web

3.1 Introduction

According to the previous discussion in Section 2.4.2, ontology schema generation can 

be assisted by ontology learning from different data sources, among which data from 
the web (web pages, etc) form a very important type of sources. The web has already 
become a successful platform on which people disseminate and collect various kinds 
of information. Classification, clustering, and some other data mining methods, have 
been applied to mine web information so that useful knowledge can be discovered 

for web users [25] [76]. Obviously, such discovered knowledge can also help domain 
ontology schema generation.

However, unlike the data stored in databases, the information in the form of web 
pages spread over the web, is semi-structured, heterogeneous and of huge amount. 

The normal data mining methods, which may work well for traditional structured 
data, may not be effective when they are directly applied to web pages. “Noisy 
information” contained in web pages, such as advertisements, copyright statements, 
and, etc, affects the functioning of normal data mining methods. Despite this, it 
has been found that using “key information” embedded in web pages can help data

41
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mining tasks such as classification [102] [175]. Key inform,ation refers to the certain 

information embedded in web pages that can categorize related web pages into several 

meaningful classes or identify a particular web page within a web site. For example, 
a distinctive menu item in each web page indicates the category of the main content 
in this page; a hierarchical navigation indicator shows the main topic of the page. 

Such menu items and navigation indicators are considered as key information as they 
can effectively categorize web pages into different classes. As such information is 
able to categorize web pages with a certain structure, it is often designed carefully 
in advance by the expert in the related domain. Therefore, it would help develop 
ontology schemas in this domain.

A straightforward method to obtain embedded key information from web pages is 

to extract it based on some prior observations. It is fortunate that most web pages 
from the same web site often have a consistent layout. By observing the pattern of the 
key information and its context, one can build up an information extracting tool (often 
called wrapper [129] [8]) to extract it for a given web site. However, as the layouts of 
web pages and the patterns of key information always differ from site to site, a good 

wrapper for one web site may generate totally a wrong result for other web sites. Thus, 
when some web pages from a new target web site need to be processed, a new wrapper 
should be created by prior observations of the layout of this web site. In addition, 
manually building a wrapper is often time-consuming. Although there exists some 

wrapper induction systems that can create wrapper automatically using some machine 
learning techniques [118] [97] [59], most of them require several labeled web pages as 
examples so that inductive learning can be performed to automatically construct the 
wrappers. More over, such wrapper tools or systems are usually designed to extract 
structured data from semi-structured resources such as HTML tables in web pages. 

Obviously, the key information we want to extract from web pages doesn’t look like 

this type of structured data.
This study therefore proposes a new method called Key Information Method 

(KIM) to help extract key information effectively. This method does not require
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prior observations of certain web sites for creating certain wrappers. It generates 
a set of candidate key information and then employs entropy evaluation to identify 

right key information. This study has also developed a prototype based on the KIM 
method and we will show its application in helping build domain ontology schema.

For the rest of the chapter, Section 3.2 discusses the common features of web pages 

which are related to key information. Section 3.3 presents the KIM method in detail. 
The experimental results about the KIM method are shown in Section 3.4. Section
3.5 shows how to use the KIM method to assist the generation of domain ontology 
schemas. Section 3.6 summarizes this chapter.

3.2 Key Information and Common Features of Web 
Pages

As we have mentioned, key information refers to the certain information embedded 
in web pages that can categorize related web pages into several meaningful classes or 
identify a particular web page within a web site. However, due to the flexible use of 
the HTML tags in web pages, there is no guarantee that which tag or combination of 
tags promises the appearance of the wanted key information. For example, the tag 
<H1> indicates the text enclosed by it would be a level one heading. However, some 

of the commercial web pages don’t use it as they have their own schemes to express 
headings. More over, the tag <TABLE> is supposed to be used to arrange a group 
of structured data, but in practise, it is also widely used as a mechanism of layout 
design. Therefore, it is not practical to only rely on the types of tags to extract the 
wanted key information.

The types of HTML tags are not reliable for automatically mining key information. 

To handle this issue, we have conducted an observation-based survey for a considerable 
amount of web pages. The results show that well designed web pages often have the 

following features:

• Use of information block. Web information is grouped into blocks based on
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its content to make users ease of use. Within one block, the content is logically 

related.

• Use of menus and navigation indicators. Menus and navigation indicators 

(also called “breadcrumb navigation”) are widely used in web sites. Automatic 

recognition and reuse of them would be beneficial for data management tasks.

• Similarity of word length of items in menus/navigation indicators.
Though the schemes of menus (the tags used, the styles rendered) differ from 
site to site, two features are common in most web sites: word length of the menu 
items in a web site is same or similar; and word length of each item is quite 
short (around two or three words). We believe the selection of words for menus 
is always well considered by the web site constructors so that the resulted menu 
is informative in content but concise and balanced in its appearance.

Figure 3.1 presents four examples of menus/navigation indicators from different 
web sites T It is easy to see their styles differ, but the word length of each item is 
similar and less than three words. Such common features can be used to develop 
general and efficient methods to extract key information from a large amount of web 

pages.

3.3 A Key Information Mining Method

3.3.1 Overview of the Method

The KIM method consists of two main steps as illustrated in Figure 3.2:

Step 1: Generation of candidate key information: to extract a candidate key infor­

mation list (CKIL) from each web page due to a set of given criteria; to merge 

obtained CLKILs to form a site candidate key information list (SCKIL);

Obtained from http://www.webdesignpractices.com/navigation/breadcrumb.html and 
http: //www.pcmag.com
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Horn.; > Product > Computer System* > laptops fc Notebooks

Home | Running f Apparel | Women’s

Home: Running: Apparel

Office Supplies / Calendars & Planners / Pei 
Accessories /

Figure 3.1: Word length in menus/navigation indicators of different web sites

Step 2: Entropy evaluation: to apply the entropy evaluation technique to SCKIL so 

that real key information can be identified.

The following two subsections will give detailed explanations of the two main 

steps.

3.3.2 Generation of Candidate Key Information

This subsection presents the technique to generate candidate key information (CKIL 
and SCKIL) from web pages. To make the description for this step clearer, we first 
define some concepts as follows:

Definition 3.1 (text node). We regard “CDATA” embedded in the tags of a web page 
DOM tree as text node with the exception of those embedded in the tag <SCRIPT>, 
<STYLE> and <SELECT>, as texts in them are just functional codes, style or form 
data. An <IMG> tag is also treated as a text node if its attribute “alt” is set with 
values.

Definition 3.2 (word length). The word length of a text node is the number of words 
the node contains. The words here do not include separate characters (i.e. space, 
table character) or other meaningless characters. If the word length equals zero, the 
corresponding node will be ignored.
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web pages

CKIL

Entropy Evaluated 
SCKIL ASCKIL

Step 2

Figure 3.2: Overview of the KIM method

Definition 3.3 (menu subtree). A menu subtree is a subtree of the DOM tree of 
a web page, which contains only text nodes whose word length is less than a. The 
value of a can be adjusted. We commonly let o=5. Choosing a as five is based on 
our observations on a large amount of sample web pages that the word length of a 
menu item is often less than 5.

Definition 3.4 (menu item). Menu items are created from a menu subtree. A menu 
item / has two components, denoted by (name, style), where name is the text ex­
tracted from a text node of a menu subtree and style is the style pattern created by 
concatenating the tag information from the root of the menu subtree down to the 
leave of the text node. The tag information includes the name of the tag and its 
attribute lists.

Definition 3.5 (menu instance). A menu instance MI is denoted as (IList, Pages), 
where IList is a list of menu items created from one specific menu subtree; and Pages 
is a set of web pages that contain this menu subtree. An initially created MI from 
one page only has this page in its set of Pages. If MI.Pages contain a page p, then 
p is called to be associated with this MI.

Definition 3.6 (similarity of menu instances). Two menu instances MU and Mlj 
extracted from two different web pages are compared according to their first menu 
item (i.e., IList[0]). MU and Mlj are similar (denoted by MU ~ Mlj) if and only
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if:

M Ii.I List[0\.name = MIj.IList[0\.name 
or

M Ii.I List[0\.style = MIj.IList[0\.style
0 <i,j<N

where N is the number of web pages. It should be noted that two similar menu 
instances may not be identical. MIi and Mlj are identical (denoted by MI% — Mlj) 
only if:

Mli. IList [0]. name = Mlj. IList [0], name
and

MIi.IList[0\.style = M Ij .1 List[0\.style
0 <i,j<N

If MO — Mlj, then they can merge into one menu instance MI with MI.I List = 
Mli.IList and MI .Pages = M Ir. Pages n M Ij.Pages.

Definition 3.7 (site menu). A site menu M consists of a set of similar menu instances 
extracted from different web pages collected from one web site, denoted by MI Set. 
Thus, VM/j, Mlj G MISet(i ^ j), we have MIt « MI,. However, if MI, = M7,, 
they should merge into one menu instance.

By these definitions, we can notice that the candidate key information is able to 
be expressed in a more concrete concept “menu”. A CKIL is denoted as a menu 
instance list of a certain web page, and a SCKIL is corresponding to the site menu 
list.

It should be noted that the definition of the menu subtree is so loose that some 
other parts of the web pages may become menu instances. However, as far as the 

menus containing key information can be extracted, the definition is acceptable, as 

we will perform an entropy evaluation later to discover them.
Figure 3.3 is an example (adopted from http://www.pcmag.com) to explain these 

definitions. A and B are menu subtrees, as they only contain text nodes with 
word length less than 5. The first menu item of menu instance created from A 

has name “Home” and style “<div class=breadcrumb><a href=al>”. The two cor­

responding menu instances are similar because their first menu item is the same.
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However, they are not identical due to the difference of their fourth menu item 
(i.e. "fenbsp;&gt;&nbsp;Laptops & Notebooks’' from A and “fenbsp; fegt; &nbsp; 
Desktops” from B).

<div class3"breadcrumb">
<a href = ”al”>Horne</a>
■Snbsp; &gz; snbsp;
<a href = "a2">Prc»duct Guides</a> 
Snfosp; &gt; .sribsp;
<a href~”a3">Cornputer Systea»s</a> 
finbsp; sgt; Siib3p; Laptops & Notebooks 

</div>
A

<div c lass® "toreadcruinb">
<a href="al">Howe</a> 
snbsp;&gt;snbsp;
<a href="a2">Product Guides</a> 
fiiibsp; £gt; £nbsp;
<a href="a3">Computer Systems</a> 
Snbsp;5gt;Snbsp;Desktops 

</div>
B

Figure 3.3: Two illustrative menu subtrees

Using the above definitions 3.1 to 3.7, we propose an algorithm (shown in Figure 
3.4) that can extract a list of menu instances from a given web page. This algorithm 
is a bottom-up procedure with recursive design. It first checks the leaf nodes to mark 

if they are valid text nodes or not. The parameter a, given a value “5” for example, 
has been discussed in the definition of menu subtree. The up-level nodes are then 
examined. According to the status of marks their children have, the algorithm will 

determine if menu instances are created or not. The parameter f3, usually given a 

value “1”, is used to ensure each menu instance to have at least one menu item. All 

the menu instances are extracted and added into a menu instance list (MIL) finally.
After a menu instance list is extracted from each web page, all these menu in­

stance lists from the same web site can be merged into a one-site menu list. The 

merging process is controlled by the definition of similarity of menu instances and
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Input: n: root node of one DOM tree
Output: MIL: menu instances list

getMIL(n) {
if (n is a text node)|

1 = word length of n; 
if (1>0 and l<a) 
mark n as Y; 

else if (l>=a) 
mark n as N;

(else if (n has child) { 
for (each child i of n) 
getMIL(i) ;

if (NO child of n marked N){
CountY = numbers of mark Y; 
if (CountY >=(3) {
regard n as menu subtree; 
create menu instance MI from n; 
add MI to MIL; 
mark n as N;

)

) else {// some children marked N 
for (each child i of n not marked N)( 
regard i as menu subtree; 
create menu instance MI from i; 
add MI to MIL; 
mark i as N;

)

mark n as N;
)

}

}//end of getMIL

Figure 3.4: An algorithm for extracting a menu instance list from a web page

site menus, as discussed before. After the merge, a site menu list is generated for 
entropy evaluation.

3.3.3 Entropy Evaluation

As the definition of the menu subtree is quite loose, the list of site menu may contain 
a lot of “false menus”. Therefore, an evaluation mechanism is needed to find out the 
real informative menus that contain key information.

There are three main kinds of site menus. The first kind is called “noisy informa­

tion menus”. Advertisements and copyright information can be treated as this kind 
of menus. Such noisy information always constantly appears in web pages across the
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web site. This kind of information, if treated as menus, may only have one menu in­

stance with many web pages associated. For example, there are 100 web pages from 
one web site X. A site menu containing an advertisement may have only one menu 

instance associated with 95 pages. Obviously, this kind of menus is “false menus”. 
The second kind of menus is called “accidental menus”, as some parts of the main 

contents of the web pages sometimes can be accidentally treated as menus according 
to the loose definition of a menu subtree. In this case the menu instances of these 
menus usually have little web pages associated. Continue the example of the site 
X: an “accidental menu” may contain two instances: one is associated with two web 
pages and the other with three web pages. This kind of menus is “false menus” too. 
The third kind of menus is those menus containing real key information. Such menus 

always have several instances, each of which are associated with a number of web 
pages. For the example site X, a menu containing key information may have four 
instances associated with 10, 15, 20 and 30 web pages respectively. We regard a menu 
as a random variable with several values (instances) it can take. If the probability 
of taking each value is closer, the entropy of the random variable would be greater. 
Therefore, an entropy evaluation is suitable for distinguishing menus containing key 
information.

Definition 3.8 (entropy of menus). Suppose a menu M has n menu instances and 
the z-th instance has pi web pages associated. The total number of web pages from 
the web site is S. Let N = pl} then S > N. The entropy of menu M can be 
calculated using the following formula [35] according to the definition of entropy in 
information theory:

Where S > N means that some web pages are not associated to any instances of the 
menu M. In this case, we assume there is a “fictional instance” with S — N web pages 
associated.

In order to compare the entropies of different menus, we normalize them to a 

fixed range of values. Given the property of the entropy: 0 < H{X) < logr, where

(3.3.1)
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r denotes the number of all possible values that random variable X can take, we 

calculate the normalized entropy for each menu using the following formula [35]:

NH{M)

H(M)
log 71 S = N

H{M)
log(n+l) S > N

(3.3.2)

Continue using the above example of the web site X, we calculate normalized 
entropies of these three kinds of menus. The normalized entropy of the noisy menu 
that contains advertisement is 0.29. For the accidental menu, its normalized entropy 
is 0.21. The real key information menu has normalized entropy value 0.96. Therefore, 
a menu with higher normalized entropy is more likely to contain key information that 
we expected.

A set of experiments have shown that the above evaluation method works well. 
However, sometimes it may be fooled by some “false menus” which have only one 
instance associated with around half of all web pages from a related web site. These 

“false menus” are usually some fixed advertisements existing on a proportion of the 
web pages. To overcome this problem, we also calculate the normalized entropy of 
the menus without considering the “fiction instances” (denoted by NHx). The final 
value used to evaluate the site menu is the average normalized entropy (ANH) of 

NH and NHx.

NHx(M)
En EL 

______ i-1 N
log 72 (3.3.3)

„ rTT/w, NH(M) + NHx(M) .ANH(M) =----- -—------- -—- (3.3.4)

After ANH of each site menu is calculated, they are resorted according to this 

value. A new list of a site menu is presented so that its users can pick out those that 
contain key information by checking a few top ranked menus.
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3.4 Experiments

This section demonstrates the experimental results of the proposed KIM method. To 
conduct the experiment, we have collected the web pages from five well known web 

sites for this experiment: ABC news 2, Yahoo news 3, CNET 4, PC Magazine 5, and 
PC World 6. The method used to collect web pages is a breadth first crawling within 
a given web site. Due to the large size of web pages one site can have, the collected 
web pages are only a proportion of all the pages from each web site.

We have applied the KIM method to the web pages from each site to obtain an 
entropy sorted list of site menus. From this list, key information of the web pages 
can be discovered. Table 3.1 presents the experiment results for the five selected web 
sites. The column “Number of Pages” denotes the number of web pages collected 
from the corresponding web sites. “List Length” means the length of list containing 

extracted site menus. Due to the looseness of the site menu extraction method and 

the noisy nature of the commercial web pages, this list is normally quite long. The 
average normalized entropy values of the key information are listed in Column 4. 
“Rank” is the rank position of the key information in the candidate list according 
to the average normalized entropy values. For the web site ABC news and Yahoo 
news, this key information is the categories of the news (e.g. politics, technology, 
or etc); For CNET, PC Magazine, PC World, it is the topics of the review articles, 
purchase guides (e.g. digital cameras, laptops, printers, or etc). It is obvious that 

the rank position of the key information is quite up with a high average normalized 
entropy value. For example, key information in the web site ABC news ranks the 
first (as shown in table), which means it has the highest average normalized entropy 

in the candidate list. Key information in the web site PC Magazine ranks the second 
(also as shown in Figure 3.5). A little of “false” key information still has high values

2http: //abcnews.go.com
3http: / / news.yahoo.com
4 http://reviews.cnet.com
5http: //www.pcmag.com
6http://www.pcworld.com
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Table 3.1: Experiment results for five web sites

Web site Number 
of pages

List
length

Average
normalized
entropy

Rank

ABC news 671 484 0.929 1
Yahoo news 492 558 0.924 2
CNET 786 5837 0.666 3
PC magazine 700 1235 0.808 2
PC world 2360 847 0.877 1

for some web sites, for instance, the CNET web site. This is because the web pages 
from these web sites contain lots of small sentences or short phrases. These noises 
are all treated as potential key information, building up a very long site menu list 
(for CNET, 5837 long). Thus the effectiveness of the entropy evaluation is slightly 
degraded. However, the results are acceptable since the rank is still high compared 
with the long length of the candidate key feature list.

3.5 Domain Ontology Schema Generation with KIM

Key information can contribute to certain domain ontology generation. According to 
the research results of Uschold and Gruninger [155], ontology generation or develop­
ment consists of three main phases. Building the ontology which includes ontology 
capture, ontology coding and integrating existing ontology is the second phase and 
the most important one. From this view, using key information to help domain on­

tology generation is able to help accelerate this phase as the taxonomy knowledge 
captured by key information can alleviate the work of domain experts.

We have developed a prototype based on the KIM method and have applied it 
to help domain ontology generation. First, when the scope of domain ontology has 

been identified, users are expected to provide seed URLs of web sites related to the 

ontology. This process can be assisted by using major search engines such as Google 
(http://www.google.com) and Yahoo (http://www.yahoo.com) or online directories



Chapter 3. Ontology Schema Generation by Key Information Mining ... 54

such as Google Directory (http://directory.google.com) and Open Directory Project 

(http://dmoz.org). Once the related URLs are collected, crawling is performed to 
gather web pages from those web sites. These web pages are then fed into our appli­

cation and key information mining is conducted. The mining results are presented to 
the users via a friendly user interface so that they can interact with the application 
to check the results and to select the wanted information items for ontology gener­
ation. Those selected items can then be exported into an ontology hie with OWL 
as description language. As mentioned before, OWL [111] is a language developed 

by W3C to describe web ontologies and is widely used in the semantic web research 
community. Finally the exported ontology hie can be imported into Protege [60], the 

popular ontology editing tool. The users are then able to modify the raw ontology in 
the Protege environment without having to build a new ontology from the scratch.
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Figure 3.5: The interface of key information mining and OWL class marking & ex­
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Figure 3.5 illustrates the interface of the developed application prototype. For 
example, to develop an ontology relating to the domain of electronic products, we 
first identify web sites that publish information about this domain. Web pages are 

then crawled from the identified web sites. These web pages are analyzed by the KIM 
method and the result (the entropy ranked list of key information) is derived (shown 

in the left area of Figure 3.5). The hierarchical structure of the extracted information 
items is displayed in the top right area and the web pages relating to the selected 
information item are listed in the bottom right area. After marking the desired items 
as concepts relating to the target domain of electronic products, users can export 
them into an OWL format file, which can be opened in Protege for further editing 

and refinement (Figure 3.6).

Figure 3.6: The exported raw owl file opened in Protege for further editing and 
refinement

It is easy to see that this prototype application enables users to find the key infor­
mation easily for ontology schema generation in some interested domains. However, it
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should be noted that this method and prototype may not work well when the domains 

don’t have abundant and well-organized resources on the web.

3.6 Summary

This chapter points out the existence of key information in web pages and the use of 
key information for developing domain ontology schemas. It has also proposed KIM, 
a two-step method that can automatically mine key information from web pages. 
The method first extracts a list of candidate key information. It then uses an entropy 
evaluation to filter most of the noisy information in the list so that the key information 
can be discovered easily. Our experimental results show that it is effective in mining 

key information from web pages. Based on the KIM method, an application prototype 
has been developed to make use of the extracted key information for domain ontology 

schema generation. The intended users can mark the desired information items and 
export them as ontology concepts together with their hierarchical relations. By using 
ontology editing tools, the users can edit and refine those concepts easily. Therefore, 
it helps alleviate the work of developing the domain ontology schema from the scratch 
and reduce the involvement of domain experts in certain cases.



Chapter 4

Web Ontology Data Generation

4.1 Introduction

While last Chapter has shown a web mining method that can be used for the gener­

ation of domain ontology schemas, this chapter will focus on the topics of generation 

and management of web ontology data.
Generation of web ontology data is as important as the development of ontology 

schema itself in terms of the vision of the semantic web. Use the current web as an 
example. The abundance of information and data in the current web have made it 
an important place for people to seek information. In the same sense, the abundance 

of ontology data in the semantic web will be also very crucial. However, through 
the semantic web search engine Swoogle [49], we’ve found that ontology data does 
not seem to be very abundant on the web in contrast with the amount of ontology 

schemas.
As discussed in Section 2.4.3, there are several types of methods for generating 

ontology data, including: (1) Creating new ontology data using some sophisticated 
ontology development editors or tools; (2) Mapping existing structured data using 

views; (3) Annotating existing data (mostly web pages) using some tools or with 
certain automatical techniques. And (4) Creating new ontology data by extending 

wiki-like collaborating systems. However, in a dynamic and open environment like

57
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the web or the semantic web, not all these methods can be used with good efficiency 
or effectiveness. This study therefore proposes two methods, trying to make the 
generation of web ontology data easier and more efficient. The first method is designed 
to deal with existing data which belong to a certain domain but have not yet been 
interpreted by certain ontology schemas. It goes beyond the mapping methods by 

converting such structured or semi-structured data into web ontology data. The use of 
the XQuery for conversion in the method makes the process much more flexible. The 
other method is designed to deal with the creation of new ontology data from ordinary 
users (typically web users). Following this method, a web-based system robinet is 
developed so that users are enabled to author new ontology data collaboratively in 
a wiki-like style. But unlike other wiki-like approaches, the system can be extended 

with more management functions based on the underlying ontologies.
For the rest of the chapter, Section 4.2 presents the method that deals with the 

generation of web ontology data from existing data by conversion, and also has a 
discussion on the data formats related to web ontology data. Section 4.3 shows the 
prototype system that allows ordinary users to author new ontology data according 

to given ontology schemas, including the overview of the system and its main func­
tions. Section 4.4 discusses features and limitations of these methods. Section 4.5 
summarizes this chapter.

4.2 Web Ontology Data Conversion

4.2.1 Data Formats

Due to different applications or circumstances, existing data have a variety of formats. 
We mainly focus on structured or semi-structured data, which include data that are 

well modeled and stored in database, XML data, RDF/RDFS metadata, ontology 
data and other well formatted data (e.g. bibtex). For data like those written in HTML 
files, special processes such as information extraction are required to transform them
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into structured data.
We briefly discuss these different data formats and their relations even though 

some of them may have been mentioned before. Firstly, structured data stored 
and managed in different database management systems (DBMS) (e.g. Oracle, SQL 
Server, DB2, MySQL and etc) are mostly modeled based on relational modeling the­
ories. Different DBMS have different physical solutions to store such data, but at the 
logical level, they use tables, views, fields and etc to present data with Structured 
Query Language (SQL) used for data structure definition and data manipulation. 
The use of SQL helps data to be transformed from different databases (but mostly 
limited to databases managed by the same DBMS). Secondly, as mentioned earlier, 
XML [20] is a simple, very flexible text format, which was originally designed to 

meet the challenges of large-scale electronic publishing. Now, XML is also playing 
an increasingly important role in the exchange of a wide variety of data on the web, 

between different databases (not limited to databases managed by the same DBMS) 
and elsewhere. Compared to HTML, XML provides more sophisticated functions that 
allow user to design their own tags to express structures and particular meanings of 

the data. These functions enable users to export data stored in database into XML 
format with customized tags. Thirdly, Resource Description Framework (RDF) [108] 
is a framework that provides a model to describe online resources using meta data. 
The contents described with this framework are often serialized using XML syntax. 
That is, a RDF file is often a XML file as well. In addition, RDF Schema (RDFS) 
[22] defines the vocabulary used in RDF data models, making itself suitable for basic 
ontology schema construction. Finally, OWL [111], as discussed before, is a family of 

languages especially designed for describing web ontologies. It can also be serialized 
using XML syntax.

From above discussion, it is easy to see that XML has become a “universal” 

language which helps to exchange data between databases. Many other languages 
including OWL are also based on it. However, unlike OWL which has the functionality 

to describe data with rich semantics, XML only encodes the data with predefined tags.
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That is, data encoded in raw XML format have very little semantics. Since such raw 

XML data have become more popular, it is desirable to convert them to a form that 

has rich semantics to interpret them.

4.2.2 Using XQuery for Conversion

XQuery [19] is an XML query language which has become a W3C recommendation. 
Similar to SQL, XQuery is designed to be a language in which queries are concise 
and easily understood. However, while SQL can only be applied to structured data 
in databases, XQuery is flexible enough to query a broad spectrum of XML informa­
tion sources, including both databases and documents, whether structured or semi- 
structured.

XQuery can be used to convert ordinary XML data into OWL formatted data 
which is aligned with intended ontology schemas. Executed by a XQuery-compatible 
engine, a query written in XQuery takes XML files as input and generates results in an 
XML format defined by the query itself. Since OWL is also based on XML syntax, the 

problem is then transformed into how to design the query so that the output results 
are actually the desired OWL format. The advantage of using XQuery instead of 
developing custom programs for conversion is obvious. With custom programs, it 
is often necessary to design custom conversion rules and to maintain the program, 

which might be time-consuming and error-prone. On the other hand, XQuery, as a 

W3C recommendation, is versatile enough to satisfy our needs for typical XML data 
conversion into OWL format. In addition, there has already been several implemented 
query engines to choose. Therefore, to convert XML data to desired OWL format, 
we only focus on the design of the queries and use a chosen XQuery engine to process 
them. In our study, Nux (http://dsd.lbl.gov/nux/), a java toolkit which is capable of 

XQuery processing, is used for such processing. Figure 4.1 illustrates a typical query 

used for the conversion. Figure 4.1 (a) shows the source data in XML format; Figure 
4.1 (b) illustrates the query segment written in XQuery used for the conversion; And 

Figure 4.1 (c) shows the converted data in OWL format.
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<?xml version="1.0" encoding-'UTF-8" 
standalone="yes"?>

<pubs>
<pub>

<id>14</id>
<type>JournalArticle</type>
<author>Mike</author>
<author>Jane</author>
<pubDate>2005</pubDate>
<title>

Solution Definition ...
</title>
<inBook>

IEEE Computational...
</inBook>
<volume>Vol. x</volume>
<issue>No. y</issue>
<pageNumbers> a-b.</pageNumbers> 

</pub>

</pubs>

for $pub in doc("example.xml")/pubs/pub 
return
element {fn:concat("u:",$pub/type/text())} { 
attribute rdf:ID ($pub/id/text()}, 
for $author in $pub/author 

return
element u:author{ 
element u:Person { 

element u:name ($author/text()}
}

},

element u:pubDate {$pub/pubDate/text()}, 
element u:title {$ p u b/ti tl e/text()}, 
element u:pp {$pub/pageNumbers/text()}, j 
element u:issue {$pub/issue/text()}, 
element u:volume {$pub/volume/text()}, j 
element u:inBook { 

element u:Publication { 
element u:title {
$pub/inBook/text()

}
}

}
}

Z_______________________

<u:JournalArticle rdf:ID="14">
<u:author>
<u:Person>

<u:name>Mike</u:name>
</u:Person>

</u:author>
<u:author>
<u:Person>

<u:name>Jane</u:name>
</u:Person>

</u:author>
<u:pubDate>2005</u:pubDate>
<u:title> Solution Definition ... </u:title> 
<u:pp> a-b.</u:pp>
<u:issue>No. y</u:issue>
<u:volume>Vol. x</u:volume>
<u:inBook>
<u:Publication>

<u:title>IEEE Computational ...</u:title> 
</u:Publication>

</u:inBook>
</u:JournalArticle>

(a) (b) (c)

Figure 4.1: An XQuery used to convert XML into OWL

For the data stored in different types of databases, XML is used as an intermediate 
format to export them. Most modern database management systems support the 
functionality of exporting data into XML format. Therefore, these data can be easily 
exported into XML files, which can then be transformed into OWL by applying 

specific XQuery queries.

4.3 Web Ontology Data Authoring

While existing data is very useful for the ontology data generation, it is equally 

important to allow new data to be created for ontology related applications. Since 
an easy and collaborative environment will encourage ordinary users to author and 

publish data (which has been proven by the wiki model), this study develops a web- 

based prototype system with such features to facilitate the authoring of web ontology 

data in given domains.
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4.3.1 System Overview

This subsection overviews the prototype system robinet used for web ontology data 

authoring. It shows the general structure of the system and its design principles and 
functions. The system is implemented in Java with JSP and Servlet technology.

Figure 4.2 illustrates the general structure of the robinet system and the interac­
tion between it and its managed web ontology data and users. At its lowest layer, 

the data layer, both the ontology schemas and generated ontology data are stored. 
Above the data layer is the API layer, which is made up of low level packages and 

the APIs they offer. To implement the function of ontology data generation, a useful 
package Jena 1 , which provides APIs to access web ontology schemas and data, is 

placed in this layer. Based on these APIs, a supporting layer is constructed to pro­

vide customized tools which are used to build various operations, data models and 
functions for presentation. The propose of this layered design is to make the imple­
mented system easy to be maintained and extended. Particularly, at its upper level, 
the system is implemented with the well known model-view-controller (MVC) design 

pattern.
The following main principles are considered when we design the robinet system.
Modularity. This actually has become a common practice in software devel­

opment. Guided by this principle, we try to divide the system into several loosely 
coupled modules and group them into layers. This will allow us to modify or update 
a module with little interference to other modules. Figure 4.2 actually reveals this 

principle.
Friendly URLs. Unlike some web sites that use very long and strange URLs 

for their web contents, wiki systems often use URLs that are both user and search 
engine friendly. This feature has become a trend nowadays. For the semantic web, 

this is not just a fashion, as a friendly URL is often a permanent URL that is used to 
identify resources on the semantic web. Therefore, the robinet system uses friendly 
URLs, particularly for concepts and instances. The following subsections will discuss *

hlena, http://jena.sourceforge.net
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Figure 4.2: The general structure of the prototype system robinet

how we try to stick to this principle.
Ease of use. Our system should provide enough facilities to make ordinary users 

feel comfortable when they use it. The following subsections will show how easy for 

users to author web ontology data.
Along with the above design principles, we have designed and implemented es­

sential functions to help web ontology data authoring. Such functions allow users to 
browse ontology schemas, create and edit instances and etc. The following subsections 

will discuss them in detail.
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4.3.2 Ontology Schema Browsing

Browsing ontology schemas helps ordinary users get familiar with the domain the 

ontology is intended to describe. It is clear that a user without an adequate under­

standing of the domain ontology schema may not be able to proceed and create the 
correct information for the domain. As discussed before, a domain ontology schema 

mostly contains classes, properties, and relations between classes. When they are 
encoded in the popular OWL language, ordinary users may have difficulty to read 
and understand them intuitively as OWL is designed primarily for computers to pro­
cess. Some ontology specific editing tools (e.g., Protege [60], OntoEdit [148], SWOOP 
[92]) can provide graphical user interfaces that allow users to view the domain on­

tology schemas intuitively. But this requires users to install additional software. In 
addition, since such editing tools are mostly designed for domain experts or certain 
professionals to develop ontologies in a desktop environment, they are not web-based 
solutions preferred by ordinary users. Therefore, it is desirable to have a web-based 
browsing mechanism so that users can just use any types of browsers to learn the 
domain ontology schemas before they are ready to contribute information.

Initially, the robinet system requires the ontology schemas for given domains to 
be loaded for browsing. In addition, some initial settings need to be configured so 
that the system can function properly including allowing ontology schema browsing. 
These initial settings include the system’s URL base, the actual directories that store 

ontology schemas and data, and etc. Such initial setup can easily be conducted by a 
system administrator.

Once the initial setup is done, users can browse the ontology schemas using com­
mon browsers such as Internet Explorer or Firefox. Figure 4.3 shows the web interface 
which renders the classes (concepts) in an ontology schema about the academic do­
main in a tree structure according to their is-a relationship. Users can get familiar 

with these classes and their relations by exploring this tree. In addition, if they are 
interested in a particular class, they can click it in the tree to see detailed comments
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Click the ontology class name in the 
tree to see the description of it. 
Click the following link for more 
details of the selected class and 
more related operations on it.

Class ID: Article 
Name: Article
Description: This class is used 
to describe publications that 
are published in journals or 
conference proceedings. It can 
also be used to describe 
chapters in a book or single 
separate reports.

Figure 4.3: The interface that allows users to browse the structure of the domain 
ontology schema

(if supplied by the schema makers) on this class in the right-hand side panel. If fur­
ther information is needed to know about this class, users can follow the link in the 
right-hand side panel to view such information. For example, Figure 4.4 shows the 

web page that tells about the class of Article in the ontology schema. This web 

page not only shows the class’s Human friendly labels, detailed comments and actual 
URL/URI which can be used to identify instances for semantic web applications, but 

also properties associated with it and its sub classes. These properties and sub classes 
are linked to their corresponding web pages. So user can follow such links to learn 

more about them whenever necessary.
It should be noted that these web pages are all dynamically generated by the
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Figure 4.4: The interface that shows the details of the class Article in the ontology 
schema

system according on the given ontology schema. As far as the proper ontology schema 
has been developed and loaded into the system, there’s no need to create these web 
pages manually.

In addition, it is clear that the URLs used to identify their corresponding resources 
(classes or properties) in the system is quite friendly to both end users and other 

semantic web applications which may run at other computers in the network. For ex­
ample, while the URLs http://decide/robinet/onto/univ/ and http://decide/ 

robinet/onto/Article lead to human-readable web pages about the ontology schema 
univ and the its class Article respectively, the URLs http : //decide/robinet/onto 

/univ and http://decide/robinet/onto#Article (which can be accessed through
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their corresponding human-readable web pages as shown in Figure 4.4) identify the 
original OWL formatted version which is more machine-understandable. Therefore, 

other semantic web applications can use such URLs to import the interested ontology 
schemas into their application space remotely. This mechanism will help the growth 
of semantic web applications and intelligent software agents over the web.

4.3.3 Ontology Data Authoring

Once users has become familiar with the ontology schemas by browsing them, they 
can create new ontology data through the functions of the system. Currently, two 
main types of functions are implemented.

The first type of functions enables user to create completely new ontology data. 
For example, an academic staff, if he/she wants to publish some data about his/her 
recent publications, can choose the class that is most appropriate for the data. He/She 
may find the class Article in the ontology schema univ (as shown in Figure 4.4) 

is a proper class. Creating an instance of this class can be started by clicking the 
button “Create Instance” on that page. Figure 4.5 demonstrates the interface used 
for creating an instance of the class Article. An unique ID is required from the user 
to form the URL used to identify this publication. In addition, the user can supply 
some general information about the publication such as a human-readable label and 
some comments as well as the property values associated with the publication (e.g., 
hasResearchTopic, inBook, and etc). Some properties may have multiple values, for 
example, the author of the publication publicationAuthor. In such cases, the user 

can click the icon with the “plus” sign next to the concerned properties to add more 
values. By clicking the “Create” button at the bottom of the page, the data entered 

by the user will submitted to the system for the instance creation.

Figure 4.6 (a) shows the created instance in a human-readable view, which can 

be accessed through the URL generated based on the user-supplied ID. Actually, this 

view is generated by the system from the OWL formatted ontology data. Following 
the link of “http://decide/robinet/inst/wang07generation.owl”, we can see the actual
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Figure 4.5: The interface used for creating an instance of the class Article

ontology data as shown in Figure 4.6 (b). Obviously, the actual ontology data is not 
comfortable for ordinary users to read. However, computers on the other hand is 
good at processing such data. Since they are aligned with the given ontology schema, 
well designed semantic web applications that are aware of this domain ontology can 

use them to perform further complicated tasks.

The second type of functions allows users to create new ontology data which are 

related to the existing data.
First we discuss why we need this type of functions. This type of functions relies
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Figure 4.6: The created instance of the class Article, (a) The instance shown in a 
human readable view; (b) The actual ontology data created by the user.

on the existence of a type of properties called “object properties” which link one 
instance to another with a particular semantic relation (mentioned in Section 2.2.3). 
They offer the functionality as hyperlinks which are used over the current web to 

link different web pages together. The importance of hyperlinks has already been 
obvious. Without them, The web could not form and grow into such a huge connected 
information repository as currently is; nor could modern search engines build a large 
information base and rank the related information with certain measurements such 

as authority or popularity [94] [23], Similarly, it is also very important to use object 

properties to link instances together. The resulting relational feature in ontology data 

could be even more essential than using normal hyperlinks in web pages as it delivers 
more specific semantic meanings than normal hyperlink mechanism. Therefore, it 
is very desirable to enable users to create ontology data which are linked to other
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ontology data via certain object properties.
Then we show how easy it is to create related new ontology data based on existing 

ontology data in our system. As explained before, when a completely new instance is 

created, initially all the property values are supplied as strings by users, regardless of 
the types of properties. However, after the instance is created, the system will detect 
according to the ontology schema whether a property value should be a certain data 

type or an instance. For those who should be instances via given object properties, the 
system then provide the function to create them. As shown in Figure 4.6 (a), those 

property values that should be instances have question marks associated. By clicking 
the question mark, users will be presented an instance creation interface which is 
similar to the one shown in Figure 4.5. After creating these new instances, they are 
related to the existing instance with the specified object properties. Figure 4.7 shows 
the web pages of the existing instance after its related instances are created. The 

question marks has disappeared. Instead, those object property values are linked to 
the web pages of it’s related instances.

4.4 Discussion

This section discusses the features of our web ontology data generation methods and 
their limitations.

The benefit of using XQuery for converting existing data is that large amount of 
ontology data can be created in this way. The limitation is that once the conversion 
has been made, any changes to the source data may not be reflected in the ontology 
data, therefore making the generated ontology data outdated. If changes to source 
data can not be avoided and happen very frequently, it is better to use a mapping 

mechanism instead of the conversion.

The web-based method for users to create web ontology data is quite user friendly.
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It makes the complex and verbose format of web ontology data transparent to or­
dinary users. Furthermore, it also encourages the collaboration of creating ontol­
ogy data from different users given the web-based platform. The limitations of this 
method may be its reliance on well-developed domain ontology schemas. The cur­
rent implementation of the method doesn’t allow the modification and extension of 

the ontology schemas that interpret the ontology data. Therefore, if the ontology 
schemas are not well developed when they are loaded into the system, the ontology 

data created by users later may not reflect the actual domains correctly.
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4.5 Summary

This chapter presents two methods that deal with the generation of web ontology 

data. The first method uses XQuery to convert existing data which belong to a 
certain domain but have not yet been interpreted by certain ontology schemas to 
ontology data for given domains. The use of XQuery makes the conversion mechanism 

very flexible. The other method leads to a web-based prototype system that enables 
ordinary users to author new ontology data in a collaborative way similar to the 
popular (semantic) wiki systems. The overview of the system and its main functions 
have been discussed to show how easy users can use it to publish ontology data. Unlike 
other semantic wiki systems, this system can be extended with more management 
functions based the underlying ontologies, which will be discussed in the next chapter.



Chapter 5

Web Ontology Data Management

5.1 Introduction

In addition to the generation of web ontology data by authoring from ordinary users 

(as discussed in Chapter 4), proper management of such data is equally important, 
especially in the dynamic and open web settings. Many current wiki and semantic wiki 
systems encourage users to add new contents by using very few restrictions on users’ 
operations. This open policy makes them very vulnerable to malicious actions from 
some ill-disposed users. It is therefore quite desirable to have a flexible management 
mechanism to protect such contents and data from unwanted actions, especially in 
some serious situations when data quality needs to be ensured to certain extent.

Some interesting situations may include the following (of course there exist more): 
(1) an IT company wants to have the information of its employees, divisions, projects, 
documents and etc managed collaboratively through a web based platform but hopes 
to maintain a certain level of security and privacy. (2) a department at a univer­
sity hopes that its web site can be updated by its staffs, professors and students so 

that the web site reflects the latest information about professors (contacts, publica­

tions, courses to be offered, etc), students (contacts, courses enrolled in), and other 

resources.
The main goal of this chapter is then to propose an ontology enhanced model to

73
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enforce a flexible management mechanism on the system developed for users to author 
web ontology data. This mechanism should be suitable for the above situations where 
wikis and semantic wikis may not be competent. The resulted system should allow 
that ontology data (semantic contents) to be created and maintained collaboratively 
as in semantic wiki systems. But flexible restrictions should be imposed to ensure 
the contents are reliable and protected from malicious editing. In addition, since the 

contents to be managed are rich in semantics, the management should take advantage 
of this feature. That is, we try to use ontology techniques to make management itself 

rich in semantics, which differs from other conventional content management systems. 
We call this type of systems “semantic web content management systems” (SWCM 

systems).
To do so, we model a general SWCM system to be a composition of the following 

four key components: semantic contents, participants, operations and rules. From this 

model, semantic wiki systems are actually a special type of general SWCM systems 
with very weak rules. For the situations discussed above, a common type of SWCM 
systems is identified. In this type of systems, semantic contents are often made up 

of relatively stable domain ontology schemas and changing ontology data. The key 
components of this type of SWCM systems are discussed in detail to show how they 

can be modeled with semantic web techniques.
The rest of the chapter is organized as follows: Section 5.2 gives a definition of the 

model for general semantic web content management and discusses semantic wikis and 
a common type of SWCM systems according to this defined model briefly. Section 5.3 
then discusses the common type of SWCM systems in more detail with respects to 

their four key components through a running example. In Section 5.4, we discuss 
design and implementation issues of our implemented system. A further discussion is 

given in Section 5.5 to show the advantages and limitations of this system. A possible 
road map is also suggested in this section. Section 5.6 summarize this chapter.
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5.2 A General Semantic Web Content Manage­

ment Model

We model a SWCM system at a certain level of abstraction. A general SWCM system 
is a 4-tuple A(C, O, P, A) where C, O, P, and P are discussed in the following:

C (Semantic contents): the set of ontologies and related contents controlled by 
ontologies. As discussed before, ontologies can be made up of two parts: ontology 
schemas and ontology data. Besides the two parts as semantic contents, a SWCM 
system may have additional data such as images, pdf documents or other supporting 
hies controlled or interpreted by ontologies.

O (Operations): the set of operations on semantic contents. The following forms 
the basic set of operations: {create, edit, delete, view}. For different applica­
tions or domains, concrete meanings will be associated to them. In addition, there 

can be more specific operations with typical semantics. For example, in a blog ap­
plication, we may have a “comment” operation on the articles published by bloggers. 
In the domain of company information management, we may have a “change salary” 
operation on the instance of employees. Such operations can be viewed as special 
types of the four basic operations.

P (Participants): The set of different types of users who participate in the system 
by contributing and sharing contents through the set of operations O.

R (Rules): the set of rules that control the operations in O performed by partici­
pants on the contents. An example rule in R may look like this: “if x is an employee, 
then x can edit contents created by himself/herself”. In the following sections, we will 

discuss how rules in R are defined and used for content management in more detail.

Based on this model, we can add more advanced functions such as query and 

searching. We will discuss this extension later in Section 5.5.2.
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5.2.1 Semantic Wikis

Semantic wikis can be viewed as a special type of SWCM systems according to our 

model. The managed contents in these systems are mostly ontology schemas and data. 

Operations generally include “create”, “edit”, “delete” and “view” upon the contents. 
The rules to control the operations in these systems are simplified to a general policy 
that almost every one can edit every thing. By using certain authentication systems, 
new rules can be added into such semantic wiki systems. Some examples of rules may 
look like “only registered users are allowed to edit contents”, “only administrators 
are allowed to delete contents”. Such rules are not flexible for a complex domain that 
needs more fine grained restrictions with a certain sense of semantics.

5.2.2 Data focused Management

We discuss a common type of management of semantic web contents which focuses 
more on ontology data than on schema. In a general SWCM system, ontology schemas 
are also the targets for management. In systems like “OntoWiki” [10], participants 

can add, edit, delete classes and properties with very high freedom. This feature is 
good for ontology schema development. However, for a certain domain or applica­
tion context with ontology schemas already developed, the requirement for frequent 
changes of them may not be very necessary. Particularly, since ontology schemas act 
as a set of common vocabulary for different parties, changing them frequently is not 
appropriate when they have been deployed (managing them through extension and 

evolution is more acceptable then). In contrast with ontology schema, ontology data 
is more variable. Management of ontology data therefore is more significant in such 
situations. For example, in the mentioned situation of company information manage­

ment, the domain knowledge in term of concepts and relations within a company is 

relatively stable while the instance data often changes.
We call this common type of SWCM systems data focused SWCM systems. In 

the following sections, we will discuss them in detail. The situation of company
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information management will be served as a running example to make the discussion 

more clear.

5.3 The Data focused SWCM Model

5.3.1 Semantic Contents

In a data focused SWCM system, ontology data is the main target for semantic 
content management. This does not mean that ontology schema is not important. 
Obviously, a well modeled ontology schema that naturally reflects the domain knowl­
edge casts rich semantics to ontology data, which increase the understandability of 
the system. The main task of ontology schema modeling, or usually referred to as 
ontology engineering [145], is to define concepts and relations that can reflect the 

target domain while retaining their relative independence of particular applications 
[144]. There exist several tools (e.g., Protege [60]) that can help ontology engineers 
perform this task. Some approaches also exist, such as ontology learning [107]. They 
can help generate ontology (schema) at a certain level of automation. With these 
tools and approaches, people are able to develop a good enough domain ontology 
schema as the basis for a data focused SWCM system.

Given a set of basic domain ontology schemas, data focused SWCM system should 

be still able to manage the evolution and extension of them. Sometimes the basic 
domain ontology schemas fail to capture the domain knowledge with appropriate 
accuracy; or the domain may have some changes due to some certain aspects. In 

this case, participants can create new classes and properties as extensions to basic 
ontology schemas through the SWCM system. These new classes and properties can 
be mapped to the basic ontology schemas to achieve ontology evolution.
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5.3.2 Participants

Participants in the system can also be modeled in ontology schemas in terms of types 

and relations. Particularly, for some domains, they are an essential part that is 
closely related to other aspects of the domains. For example, there can be a basic 
ontology schema Scornpany describing structures of the company and resources in it. 
Participants of the SWCM system that uses this basic ontology schema in most cases 

are employees, whose types and relations can be modeled within Scompany
When participants of a SWCM system are modeled in ontology schemas (whenever 

in domain ontologies or in separate ontologies) and these ontology schemas form the 
basic schemas for this system, the instances of different types of participants actually 

become the contents that are manageable through the system.
To ease the further discussion in the following sections, we give some fragments of 

a sample ontology schema reflecting the domain of company information management 

as shown in Figure 5.1 (referred to as Scornpany in following sections). They are defined 
with the notations from Description Logics. The symbol C in the figure denotes an 
is-a relationship between two concepts. For example, Report is a sub concept of 
Document. The symbol FI denotes a conjunction of concepts. For example, the fact 
“Employee C PersonndworkFor.Company” means that a developer should be a person 

who must work for at least one company.
We can see that the types and relations of participants of the SWCM system based 

on this ontology schema have been modeled into the ontology schema, from abstract 
concept Employee to more detailed concept Developer.

5.3.3 Operations

In a SWCM system, operations are also represented in ontologies.

First, we discuss the possibility of modeling operations in ontologies. In data 
focused SWCM systems, the targets of operations are mostly limited to instances of 

classes. For example, the target of the operation create is likely to be an instance of
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Company C Organization 

Division C Elpart Of .Organization

Group C BpartOf .Division n dmember.Person 

Employee C Person n EworkFor.Company 

Manager C Employee

ProjectManager C Manager fl Emanage.Project 

FinancialStaff C Employee

Developer C Employee n ElmemberOf .Group 

Report C Document

ProjectDocument C Document n dbelongTo.Project 

ProjectReport C ReportrGbelongTo.Project 

Specification C ProjectDocument

Figure 5.1: Fragments of an ontology schema reflecting the domain of company in­
formation management

a certain class. On the other hand, the subjects of operations are obviously instances 
of certain types of participants, which are modeled with ontologies as well. Therefore, 

operations can be treated as object properties (as defined in OWL [111]) that link 
between contents and participants.

Then we discuss the types of operations. Although for different domains, there can 

be different operations with their own semantics specific to the domain, most of them 
can classified into the four basic operations we’ve mentioned before. For example, in 
the domain modeled with 5companp, an operation that performs the registration of a 
new employee is actually a create operation upon the class Employee. An operation 
to change the salary of an employee performed by a financial staff is a fine grained 

edit operation. Correspondingly, such domain-specific operations can be modeled as
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sub-properties of the four basic operations. By analyzing the participants and targets 

of these operations, the relations between them can be determined. This results in a 
hierarchy of operations captured in the ontologies that is to be used in the SWCM 

systems.

5.3.4 Rules

Rules in a data focused SWCM system are used to control the operations on the 

contents. Unlike operations and participants, they are not modeled into ontology 
schemas in our method. This is partly because ontology languages, which are based 
on description logics, have several limitations [117]. Adding a rule layer on top of 
ontology is a common practice and efforts have been made to define rule languages 
for the semantic web such as SWRL [84]. By using rules, we are able to use logic 

programming (LP) combined with description logics [64] to perform reasoning tasks.
The following is some examples of rules to control operations in regard with 

SCOmPany These rules are expressed in an intuitive way for demonstration only. For 
example, Rule (5.3.1) states that any employee can edit contents of his or her in­
stance1. Rule (5.3.3) states that a developer can edit a specification if he/she works 
on the project the specification belongs to. During implementation, these rules are 
recoded using prolog clauses, which will be discussed later.

1edit(?x, lx) may look somewhat confusing. We explain that the first lx indicates the employee 
described by the instance while the second lx represents the contents of the instance.
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Employee(?x)

=> edit(?a:, lx) (5.3.1)

Developer(?ic) A (3?/)work0n(?a:, y)

=> create(?x, Specif ication) (5.3.2)

Developer(?x) A Specif ication(??/)

A belongTo(?y, ?z) A workOn(?;r, ?z)

=> edit(?x,?y) (5.3.3)

There are two types of rules: permission and rejection (similar to the policy con­

structs “rights” and “prohibitions” in some policy languages [41, 91]). For example, 
Rule (5.3.4) is a rejection rule that doesn’t allow the creation of any instances of 

Employee by developers.

Developer(?x)

=> -icreate(?x, Employee) (5.3.4)

Rule Priority

If a large number of rules are defined to control operations, then conflictions between 

rules can hardly be avoided. Rule priority is used to partly resolve rule confliction. 
We assign a number between 0 and 10 as the priority to each rule. When two rules are 

found to conflict with each other, the rule with higher priority will override the other 

one. If conflicts still exist, human interference is necessary to resolve them before any 
permissions to be granted to the requested operations.
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Reasoning Using Rules

We are able to define very flexible restrictions on operations thanks to the reasoning 

capabilities of ontologies together with rules. For example, given the ontology schema 

Scompany, we can obtain Rule (5.3.5) indicating that a developer is an employee. Then 
we know that a developer can also edit his own instance using Rule (5.3.1).

Developer (lx)

=> Employee(?x) (5.3.5)

As we’ve discussed, operations in a concrete domain can form a hierarchy. This 
implies that an operation that has a parent operation is more fine grained than its 

parent. Given implied rules like this, we are able to derive restricted operations on 
the targets. For example, the following rule set lets us know that an employee can 
edit his own instance but can not change his own salary given that Rule (5.3.7) has 
higher priority than Rule (5.3.6).

Employee (?r;)

=> ed.it(lx, ?x) (5.3.6)

Employee(?x)

=> -i change Sal ary (?:r, lx) (5.3.7)

edit(?x, lx)

=> changeSalary(?rr, lx) (5.3.8)

=> -ichangeSalary(?x, lx) A changeSalary(?x, lx) (5.3.9)

Rule Coverage and Engineering

Obviously, it is very difficult to create a complete rule set at once to cover all the 

operations properly according to a given security requirement if the domain is very
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complex. Sometimes, even the security requirement itself may not be very clear 

initially. In this case, we need to do rule engineering to approach the ultimate security 
goal. The process of rule engineering is also a way to check the validity of the rule 

set.
We can first define a basic rule set with relatively low priority and then add new 

rules with higher priority to override some old rules. A reorganization of these rules 
(both old and new) should also be allowed whenever it is necessary. Through this 
continuing process, we can finally meet the desired security requirement. That is, 
different participants are assigned with proper operation restrictions using rules so 
that unwanted accesses and operations are avoided.

According to different situations, we can have two approaches. (1) For a situation 
when security is considered very seriously, we start with a set of very rigid rules and 
then adjust them thoughtfully by adding new permission rules or relaxing exiting 
rejection rules. (2) In a very causal situation, we can start with rules that permit 
almost every operations. More rejection rules can be added in as the system evolves.

5.4 System Design and Implementation Issues

In Chapter 4, we have discussed the prototype system robinet for web ontology data 

generation. This prototype system has been extended to support our notions of data 
focused SWCM. This section overviews the design of the extended version of robinet 
and discusses some implementation details.

5.4.1 System Overview

Figure 5.2 illustrates the general structure of the extended robinet system and the 

interaction between the modules within it.
The part within the dotted lines in Figure 5.2 represents the components and 

modules used to implement the function of access or operation control. The general
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Figure 5.2: The general structure of the extended robinet system that supports 
SWCM

process for the operation control over the participants is as follows. First, when a 
participant tries to perforin an operation over certain semantic content through the 
web interface, the information of the participant (i.e., its type), operation, and the 
content is retrieved by consulting the working ontologies. This information, together 
with the rules, is processed through the reasoning APIs by the rule engine. Currently, 
we use prolog to perform the reasoning task. Through the reasoning, whether the 

operation is accepted or rejected will be known 2. When a conflict happens, the rule 

priorities will be used for further decision. When the conflict still remains, an error 
message will be logged for further review. Depending on the final result generated

2Some default rules will be specified to avoid non-coverage.
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by the rule engine, the access controller determines whether or not to proceed the 

requested operation.
To bootstrap its semantic content management, the system initially needs a set 

of adequate domain ontology schemas, instance data and rules. These should be 
provided by the administrator of the system in advance. Sometimes, a few domain 
specific operations should be implemented and configured as well.

Inherited from the original robinet system, it uses friendly URLs as well. In 
particular, each instance is identifiable through a URL, as shown in Figure 5.3. The 

URL in this figure links to the page about an employee. And it is also used to identify 
this employee. The use of URL as instance identity allows us to handle them with 

ease.

johnsmith (John Smith)

| Edit j

Employee: John Smith
(h zzp ://dzcide/Vo b in e z/in sz/jo h n s rn izh)

Log out

Genera! Description (Comment)

This is John Smith. He's an employee of ABCD IT 
company. He's very good at programming with 
C/C++, Java, PHP, Perl, Python, Ruby, ....

Semantic Information

it's an instance of Employee =?

The following is some associated property values

age: 40

email-address: johnsmith@efg.abcd.com 

gender: male

has-salary: $50,200

Figure 5.3: A web page that shows the content of an instance of the class Employee. 
The URL is also used to identify this employee as he’s logged in.
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5.4.2 On Implementing Operations

Operations in the system are also identified by URLs. For example, “http://decide/ 
robinet/editlnst” represents the edit operation; while “http://decide/robinet/change 

Salary” represents the changeSalary operation. In this case, several issues should be 

addressed.
First, there exists an overlap between the friendly URLs for instances and the 

URL for view operation as each instance URL actually implies a view operation on 
it. Our system maps all the requests to instance URLs to the view operation. This 
mapping prevents unrestricted access to the instance contents which may be protected 
by rules on view operation.

Second, some domain specific operations need to be configured to work properly. 
For example, when we specify that changeSalary is a sub operation of the edit 

operation on instances of Employee, we need to associate the set of properties that 

can be edited by changeSalary with it. This enables the system to know which can 
be changed when changeSalary is permitted by reasoning using the rules (or which 
can not be changed if it is rejected). Generally, it allows the system to calculate the 
sub set of properties it can operate on through the rules and the additional associated 
information. For example, when the employee requests to edit his own instance data, 
he’s not allowed to change his own salary, as shown in Figure 5.4, according to the 

rule.
Finally, some domain specific operations may still have to be implemented through 

simple programming. For example, a company may need a promote operation which 
means to increase a certain amount of salary for an employee due to the salary system 

of this company. This typical operation then needs to be programmed and configured 

into our system.
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Figure 5.4: A web page showing that the value of has-salary can not be changed 
by the employee himself according to the imposed rules

5.4.3 On Implementing the Rule Engine

We use prolog to implement the rule engine. The knowledge reflected by the domain 
ontology schema is asserted into a prolog database for reasoning. For example, the 
is-a relation between the concepts Developer and Employee is asserted as a clause 
“c_Developer(X):-c_Employee(X).’\ If a new instance of Developer “John” is created, 

it will be asserted as a fact like “c_Developer(i_John).”.

As mentioned before, rules are recoded into prolog clauses and their priorities 
are considered as well. The head of the rule clause is a 5-arity functor “accept” or 

“reject”, representing the two types of rules. For example, the rule clause “accept(P, 

edit, C, 2, all):-c_Developer(P), c_Specification(C), p_belongTo(C, Tl), p_workOn(P, 
Tl).” means that a developer can edit all the properties (what “all” in the clause 

indicates) of a specification when he/she works on the project the specification belongs
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to. This actually implements Rule (5.3.3). This rule has an priority of two and can 
be overridden by rules with priorities higher than two.

A prolog interpreter “ JLog” 3 is used to interpret and infer on the database of facts 
and clauses. After the rule set is tested and validated through the rule engineering, 
access permissions can be consulted through the prolog interpreter.

5.5 Further Discussion

This section provides some discussions on comparison of this system with other types 
of systems. It also discusses how other desirable functions can be added to the system.

5.5.1 Comparison with Other Systems

We discuss advantages and limitations of the proposed data focused SWCM system 
in comparison with semantic wiki systems and conventional web based content man­
agement systems.

The advantages over semantic wiki system is obvious. As we’ve discussed before, 
reliability and security is a major problem of semantic wiki systems. Our system 
uses rules to semantically restrict operations on contents according to different par­
ticipants. This increases reliability. Although collaboration may be restricted by this 
mechanism, this restriction actually is necessary in certain domains. By this restric­
tion, we expect participants to produce high quality semantic contents. In addition, 

by editing rules, we can achieve different security levels with great flexibility.
Conventional web and database techniques can be used to implement a similar 

system to perform content management, which is actually a common solution nowa­
days. Compared to this solution, to develop a content management system based on 

our system for a certain domain, the major tasks is: (1) to model the domain ontol­

ogy schemas; and (2) to define rules restricting operations on data. Once these tasks

3http://jlogic.sourceforge.net/
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are performed successfully, the system is almost ready. Less programming tasks may 
be involved. In addition, while conventional content management systems require 

additional approaches to turn their managed contents into formats conforming to se­

mantic web standards, our data focused SWCM system manages semantic contents 
directly. Therefore, it is more compatible with the emerging semantic web.

There may exist some limitations of our system as well. To let our system work 
properly, basic ontology schemas for the system need to be well developed so that 
they can reflect the domains appropriately. However, ontology development and 
engineering are relatively new to most of ordinary developers. In addition, while the 
rule system can give us a lot of flexibility, it also implies that efforts need to be made 
to create a proper set of rules for the required security requirement. Hopefully, we 

expect that the spread of semantic web technology and the further research in this 
area will change the current situation.

5.5.2 Towards Semantic Web Knowledge Management

This subsection discusses how query, search and other advanced functions can be 
added upon the data focused SWCM systems. In particular, we suggest a layered 
approach as depicted in Figure 5.5. In this approach, basic semantic content manage­
ment functions such as collaboration, access control, and etc are first implemented 
upon the semantic web content to be managed. Built upon these basic management 
functions, some simple query and search functions may be provided to meet the in­
formation needs of human participants. Furthermore, topics such as advanced query 

and search, reasoning, and etc may be studied as the topics of knowledge manage­
ment. They are expected to offer a higher level interface to human participants and 

software agents.

We haven’t discussed query and search in our basic data focused SWCM system. 
Actually they are very essential. As shown in Figure 5.2, simple search function is 

designed and implemented using the tool Lucene 4. This function allows users to

4Lucene, http://lucene.apache.org
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human participants software agents
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knowledge management
advanced query, searching, reasoning, ...

simple query and search

basic content management
collaboration, access control, ...

semantic web content

A

Figure 5.5: The semantic web knowledge management over content management

perform full text search on the instance data. Tools that support query languages 
such as SPARQL [130] are also employed to implement simple structured query func­
tions. It is then possible to develop more advanced search and query functions. Such 
advanced functions, together with reasoning and other functions, form the research 

topics of building semantic web knowledge management systems.

5.6 Summary

In this chapter, we propose a model for general semantic web content management 
(SWCM) systems and view the recent semantic wiki systems as a special type which 

can not be used in some serious situations due to its limitation. Therefore, data 
focused SWCM systems that can be used for such situations are proposed. Their 

key components are discussed to show how they can be modeled. We discuss our 

implemented system to show its design considerations, general structures and certain
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implementation issues. Its advantages over semantic wiki systems and other conven­

tional web based content management system are discussed in terms of reliability, 
security, flexibility and compatibility with the emerging semantic web.



Chapter 6

Ontology Data Matching by 
Constrained Clustering

6.1 Introduction

From this chapter on, we will discuss the third issue related to ontology-based data 
integration: “How to improve the quality of integrated ontology data by reducing 

duplications and increasing completeness and certainty.”
As discussed in the previous chapters, more and more convenient methods and 

tools are becoming available for people to develop ontology schemas and publish 
ontology data. This trend could eventually lead us to a distributed web platform 
where data published from different individuals or organizations are more semantically 

understandable (for computers) due to the conformance to certain domain ontologies. 
While a particular domain ontology acting as a global schema makes data integration 

much easier, the duplication problem caused by overlapping data may become even 
more serious because of the increasing amount of sources and more decentralized 

environment. Therefore, the task of identification of duplicated ontology data within 

a certain domain becomes very necessary if we want to improve the quality of data 

and obtain reliable analytical results upon it or create reliable services from it. The 
detailed scenario will be discussed to show this necessity in this chapter.

92
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The issue of duplicated data is not an uncommon problem. It happens in tradi­

tional data integration as well as in ontology data integration. Since this problem 
degrades the quality of the integrated data, affecting the tasks performed on the data 

such as data mining and knowledge discovery, duplicate detection/elimination has 
then become an essential preprocess. Different methods have been proposed to deal 
with this problem [56, 172, 33, 18]. The main idea of these methods is to use certain 

metrics to determine if certain pairs of data records are similar enough to be dupli­
cates. These methods are mostly designed to tackle the duplication problem in the 
traditional data integration setting, in which each data record is mostly of one same 
type and exists as an independent instance during the duplicate detecting process. In 

contrast, ontology data have more features, which we believe can help develop even 
more effective methods to tackle the duplication problem in them.

This chapter then proposes an efficient clustering-based approach to detect du­
plicates among ontology data. It takes advantage of one typical feature of ontology 
data: relational feature. In addition, the characteristics of ontology data are analyzed 
from the perspective of duplicate detection. We define constraint rules that capture 
these characteristics. Our approach then incorporates these constraint rules into a 
typical canopy clustering process for duplicate detection. Experiments show that our 
approach performs well with improved accuracy. Furthermore, as our approach is 
based on clustering, no labeled samples are essentially required and no extra training 

process is involved, which sometimes is good for large and raw data sets.
The rest of the chapter is organized as follows. Section 6.2 shows several scenar­

ios when ontology data matching is desirable. Characteristics of ontology data are 
discussed in Section 6.3. Section 6.4 defines a set of constraint rules for duplicate 
detection in ontology data. Section 6.5 presents a constrained clustering approach. 
Related experiments and evaluation results are shown in Section 6.6. Section 6.7 

summarizes this chapter.
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6.2 Scenarios

We will first discuss a detailed scenario related to the semantic web. Then some other 

possible scenarios will be shown.

6.2.1 A Scenario Related to the Semantic Web

Since the semantic web is a distributed environment, we picture it as an environment 

consisting of numerous information sources or peers. For a particular domain, there 
could be one or more ontologies that encode the knowledge of this domain in the 
form of concepts, properties and their semantic relations. Let’s assume only one such 
backbone ontology for one domain in this study. This ontology is actually recognized 
as Terminology Box (TBox) or ontology schema as we’ve discussed. For such a domain 

ontology, a single data source can hardly offer entire or enough data in the form of 
individuals or instances for the concepts of the ontology. In reality, each data source 
provides a portion of data that is aligned to a certain facet of the ontology. This 
facet reflects the particular view and information usage of the peer that creates and 

maintains the data source.
The detailed scenario could be as follows. A professor contributes an information 

source about his/her own details including contact information, supervised students, 
research project, publications, and etc. Meanwhile a publisher contributes another 
information source consisting of a detailed publication list, which includes some pub­
lications of that professor. Figure 6.1 illustrates an example of possible ontology data 
contributed by the two sources. As assumed, a common ontology schema is used in 

the scenario.
It is easy to see that the publisher’s source lets us know details of publications by 

that professor. But it can not offer us information about the research project of the 

professor, neither the information about his supervised students, while the professor’s 
information source can offer.

In the current web setting, it is still possible to retrieve both of the sources about
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<u:Professor rdf:about="http://www.deptA.uniB.edu/John*>
<u:name>John Smith</u:name>
<u:emailAddress>jsmith@deptA.uniB.edu</ii:emailAddress>
<u:telephone>123-456-789</u:telephone>
<u:officeNumber> B10.R04.550 </u;officeNumber>
<u:authorOf>
<JournalArticle>
<u:ti!le> Solution Definition ... </u:tlt!e>
<u:pubDate>2005</u:pubDate>
<u:inBook>
<u:Publication><u:ti{le>iEEE Computational ...</u:title></u:Pubiication> 

</u:inBook>
</JournalArtide>
</u:authorOf>

<u:supervise>
<u:GraduateStudent>
<u:name>Tom</u:name>
<u:emailAddress>tom@deptA.uniB.edu</u:emailAddress> 
<u:telephone>231-123-121 </u:telephone>

</u:GraduateStudent>
</u:supervise>

<u:inProject>
<u:Project>
<u:name>lnvestigation of ...</u:name>

<u:JoumalArticle rdf:aboui="http://www.pub!isherC.com/id123”> 
<u:author>
<u:Person>
<u:name>John Smith</u:name> 
<u:emailAddress>jsmith@uniB.edu</u:emailAddress>

</u:Person>
</u:authop>
<u:author>
<u:Person>
<u:name>Tom Chem</u:name>
<u:emailAddress>tom@deptA.uniB.edu</u:ernailAddress>

</u:Person>
</u:author>
<u:pubDate>2005</u:pubDate>
<u:title> Solution Definition ... </u:title>
<u:pp>1-7</u:pp>
<u;issue>No. 2</u:issue>
<u:volume>Vol. 6</u:volume>
<u:inBook>
<u:Publicafion> <u:title>IEEE Computational ...</u:title> </u:Pubiication> 

</u:inBook>
<u:abstract>This paper address the problem of ...</u:abstract>

</u.JoumalArtide>
<u:JoumalArticle rdf:about="http://www.publisherC.com/id456”> 
<u:author>
<u:Person><u:name>Tom Lee</u:name></u:Person> 

</u:author>
<u:title> Design issues in ... </u:title>

</u:JournalArticle>

(b)

</u:Project>
</u:inProject>

</u:Professor>

Figure 6.1: An example of the ontology data in the semantic web scenario, (a) the 
instance about the professor from this professor’s source; (b) the instances about 
publications from the publisher’s source.

the professor through a web search engine. But some query string tuning techniques 

may be required and several queries are needed. Besides that, as the two sources come 
from different queries, or luckily from one query but surely different result items, users 
have to manually browse them separately to find out the desired information. We 
could manually create a hyperlink at a proper place to relate those two information 

sources so that people can follow the link to get more information when they browse. 

But under the vision of the semantic web, we want this happens automatically. That 
is to relate the instance of professor from the publisher’s source to the professor’s own 

instance automatically. Obviously, by correctly matching these two instances from 
different sources provided by the data-level integration function, better information 

services could be offered. For example, when a software agent reaches one of the 
information sources, more information can be requested through matched instances
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befoe it satisfies its special information needs.

6.2 2 More Scenarios in Other Areas

Besiles the common scenario for ontology data matching in the semantic web set­

ting. there could also be more scenarios in other significant areas such as security 

informatics, life science and health care.
Appropriate data integration and information sharing between different govern- 

mem agencies could lead to a more confident combat against the terrorism and crimes. 
The tragic event of September 11 has shown that the lack of effective information shar­
ing aid analysis was one of the major factors that prevent the USA government from 
avoiding this tragedy [126]. This problem may reflect several faults from different 

perspectives (e.g., organizational, managerial, technologic). From the perspective of 
technology, we suggest that the use of ontology related technology and the applica­
tion )f matching/linking methods could help solve the problem. The ontology related 
technology can render more semantics to the information produced by different gov­
ernment agencies so that these pieces of information can be integrated together with 
micli ease. Then, matching can be performed on the integrated data to analyze if 
lir.ks can be found between two seemingly irrelevant instances, similar to the process 
shewn in the scenario in the semantic web setting.

Scenarios could also exist in the area of health care. This area has already wit­

nessed an increasing awareness of the ontology related technologies. Some ontology- 
life standards, for example, ffealth Level 7 (HL7) 1, have been developed. More and 
mere health information is being recorded as some standardized forms of electronic 
medical records (EMR) [34]. Therefore, it is possible to integrate such EMRs from 
diferent sources. The matching process can then help identify the information among 

these EMRs that refers to the same patient, which could enable authorized doctors 

to mike informed decisions.
1 http://www.hl7.org
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6.3 Characteristics of Ontology Data

One main characteristic of ontology data is the relational feature, i.e., the semantic 
links between different data instances. This often implies that instances have differ­
ent types, like the discussed scenario where the author instance link to publication 
instances. Then, multi-type is another characteristic.

In the discussed semantic web scenario, data instances are not formatted as well 
as in databases. They are often presented in XML format or described by certain lan­

guages (for example, OWL [111]). Therefore, such data instances are semi-structured. 
In addition, as users can choose different ways to express, the resulting data instances 
then have different perspectives, not as unified as those in databases.

6.4 Duplication in Ontology Data

Duplication in ontology data can happen on every type of related data instances. 

However, due to the characteristics of ontology data, there are some certain patterns 
among them, which allow us to define constraints. We first introduce some basic 
notations and then define five constraint rules.

6.4.1 Notations

First, for a particular domain of interest, we can obtain a set of types T, and a set of 
properties P. There are two types of properties in P: data type properties that allow 
instances to be described with numbers and/or string values; and object properties 

that link instances to other instances with particular meanings (following the notions 
in OWL [111]). An instance then can be described with a type and a subset of 
properties and their corresponding values (numbers, strings, or other instances).

We identify two classes of instances. If an instance 0 has certain object property 

values that let it link to a set of other instances, then dt is identified as “primary 
instance”. For any instance dj [dj 6 Dj), dj is identified as “derived instance”.
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The two classes are not exclusive. That is, an instance can be both “primary” and 

“derived” as long as it points to other instances and has other instance pointing to 
itself. Given an object property link between two instances (denoted by di —■> dj), it 

is easy to determine the classes of the instances.
If two instances di and dj actually refer to one same real world entity, then the 

two instances are regarded as duplicates (denoted as di = dj). Duplicated instances 
may not be same in terms of their types, property values as they often come from 
different sources with different qualities and perspectives. But usually they have 
similar values. Traditional methods thus use certain similarity measures to compute 
degrees of similarity of two instances. Given a similarity function /, a clustering 
process can be conducted to group instances with high similarity degrees into same 
clusters. For an instance G grouped into cluster q., we denote as di G Ck or simply 

Cle(di).

6.4.2 Constraint Rules

We here define five constraint rules for duplicate detection using clustering approaches. 
Please note although we call all of them constraints, some actually act more like gen­

eral rules with little constraint features.
Rule 1 (Derived distinction). Given an instance dp and Dp = {dr\dp —■> dr}, 

if \/di,dj G Dp, i ^ j, then dt ^ dj.

This rule indicates that all the derived instances from one same primary instance 
should not be duplicates of each other. The reason is quite obvious. Firstly, the 

application of relating one instance to two or more same other instances is very rare. 
A paper is always written by different authors if it has more than one author. A 

conference, in principle, never allows two same papers to be accepted and published. 

Secondly, the relation between one instance and other several instances often occurs 

within one data source. Therefore, it is quite easy to maintain so that the derived 

instances from one same instance are not duplicates. Consider that academic staffs 
manage their publications to ensure no duplicates occur on their web pages. As a
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result, the instances of the staffs links to different instances of publications.

Rule 2 (Primary similarity). Given two primary instances da, db and one 
of the resulting clusters c, if c(da,<4), then da and db have high confidence to be 

duplicates. We denote da ~ db-

This rule prefers similar primary instances. This rule is based on the observation 
of the characteristic that primary instances are often described with more detailed 
and accurate information while derived instances are usually given less attention and 
hence have less and vaguer details. Therefore, similarity between primary instances 
are more reliable for duplicate detection.

Rule 3 (Derived similarity). Given two primary instances da, db and da ~ <4, 

if we have instances dx, dy and cluster c such that da —> dx, db —» dy, c(dx,dy), then
dx ~ dy .

This rule treats derived instances that fall in same cluster as duplicates if their 
corresponding primary instances are treated as duplicates. Strictly speaking, if two 
primary instances are duplicates, all of their corresponding derived instances should 
be duplicates as well. However, as noise often exists, it can not be guaranteed that the 
seeming primary instance duplicates are actual duplicates. To ensure high precision 
and to prevent false duplicate spreading, we only identify those derived instances that 
fall in same clusters to be duplicates.

Rule 4 (Reinforced similarity). Given instances du d31 dm, dn and clusters c^, 
q, if we have di —> dm, dn —> dj, Ck(di, dj) and q(dm, dn), then di ~ dj and dm « dn.

This rule addresses the issue of data expressed with different perspectives. Differ­
ent sources have their own views and describe data from different angles. An entity 
may be described as a detailed primary instance in one source; But in another source, 
it could be a simple derived instance. While we may not be confident in the similarity 
between a primary instance and a derived instance that fall in one same cluster Ck, 

this similarity will be reinforced if their derived/primary instances also fall into one 

same cluster q. As a result, we treat both pairs as duplicates.
Rule 5 (Boosted similarity). Given derived instances di, dj, dm, dn and clusters
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(a)

Figure 6.2: An illustration of applications of different constraint rules in corresponding 
situations, (a) derived distinction; (b) primary similarity and derived similarity; (c) 
reinforced similarity; (d) boosted similarity.

Cfc,q such that c^d^dj) and Ci(dm,dn), if there exist instances dx, dy such that 

dx dy, dx [di, dm\ and dy —» [dj, dn], then dL ~ dj and drn ~ dn.

This rule reflects the notion of co-referencing. It is possible that two different 
instances mention two seemingly same instances that turn out to be different. But 
the possibility would be much less if more than one (unique) instances mention two 
sets of seemingly same but different instances. For example, two different papers may 
have one author’s name in common which actually refers to two different persons; 
But it rarely happens that two papers have two authors’ names in common which 
refers to four different persons. Ideally, if more frequent primary instances are found 
pointing to more sets of similar derived instances (which may be implemented by 
frequent item set mining [2]), the confidence of the results would be much higher.

According to what we’ve discussed, Figure 6.2 illustrates the application patterns 
of different constraint rules that have been defined.

6.5 A Constrained Clustering Approach

This section discusses how the above rules are incorporated in the clustering process. 
First we present the commonly used canopy clustering method in duplicate detection. 

Then we focus on our proposed approach.
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6.5.1 Canopy Clustering

Canopy clustering [109] is commonly used in duplicate detection [33, 18, 140]. It 

uses two similarity thresholds (Ttighti Tioose) to judge if an instance is closely/loosely 
similar to a randomly selected instance that acts as canopy center. All loosely similar 
instances will fall into this canopy cluster. But those closely similar instances will 

be removed from the list and never compared to another canopy center. Canopy 
clustering is very effective in duplicate detection as most instances are clearly non­
duplicates and thus fall in different canopies. It is also very efficient since it often 
uses quick similarity measures such as TFIDF [137] computed using inverted index 
techniques.

Since the resulting canopies may be still large and overlap with each other, a 

second stage process such as Greedy Agglomerative Clustering (GAC) or Expectation- 
Maximization (EM) cluster are usually conducted within each canopy to yield refined 

results [109].
When canopy clustering is applied to duplicate detection in relational data, such 

as ontology data, directly, the performance may not be as good as it is used in normal 
data. This is because it ignores particular characteristics of these data. For example, 
for two derived instances which may represent two different publications of one person, 
they can be so similar that canopy clustering (even with GAC or EM) treats them as 

duplicates.

6.5.2 Canopy Clustering with Constraints

To improve the performance of duplicate detection in ontology data, we modified 
canopy clustering by incorporating the constraints we’ve defined. The resulting ap­

proach can be divided into four steps.

The first step (Step I) is much like the first stage of canopy clustering except 
that it subjects to the constraint that no any two derived instances from one same 

instance fall into one same canopy. Figure 6.3 shows the algorithm of this step. In
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Input: Set of instances D = {di, • • • , d^}\
Similarity threshold Ttight,Tioose.

Output: Set of canopy clusters C\ — {ci, C2, • ■ • , c^}.
Begin

Ci = 0; Dtmp = D]
while Dtmv 7^ 0 do

Create a new canopy cluster ccanopy = 0;
Pick a random dr in Dtmp\
Let ccan0py G Dtmp A simi^dt, dr) A Tioose}

subject to condition:
Vdx, dy G ccan0py (x 7^ y') {dz|(iz * dx A * dy} 0,

Let ccore G ccarLOpy A simi^dt^ A
Dtmp Dtmp C-corei C\ (Pi “I- Ccan0py,

End while
Output Ci;

End

Figure 6.3: The algorithm of Step I

the algorithm, function sim(di,dr) computes the degree of similarity between the 
instance di and dr.

Although each resulting cluster is constrained to contain no two derived instances 

of one same instance, it still can not guarantee derived distinction due to the 
existence of overlapping canopies. If two clusters, each of which contains a derived 
instance of one same instance, both have an instance doveriap, this instance then 

actually bridges the two different derived instances when we take a transitive closure. 
As a result, it violates derived distinction.

Step II then is designed to ensure derived distinction thoroughly. It is done 
by checking the overlapping instances and only allowing them to be with the most 

similar derived instance. Figure 6.4 shows the algorithm of Step II.

The purpose of Step III is to extract high confident duplicate pairs within each 
cluster in (P2 by following the definition of primary similarity, derived similar­
ity, and reinforced similarity. In Step IV, boosted similarity is implemented
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Input: Set of instances D — {di, d2, • • • , dtv};
Set of clusters C\ generated from Step I.

Output: Set of clusters C2.
Begin

for each di E D do
Dderived. \^j I ^j } >

for any dXJ dy E Dderived (x ^ y) do 
if 3dz E D, cm, cn E C\ such that dz, dx E cm and dz,dy E cn 

let 5 = sim(dz, dx) — sim(dz, dy)\
if 5 > 0 then remove dz from cn else remove dz from cm;

end if 
end for 

end for
Output C\ as C2]

End

Figure 6.4: The algorithm of Step II

to extract frequent co-referenced instance pairs a.s potential duplicates from the clus­
ters. The algorithms of Steps III and IV are illustrated in Figure 6.5 and Figure 6.6 

respectively. After all the potential duplicate pairs are extracted, a transitive closure 
is performed to generate the final results.

Please note the constraint rules reflected in these steps are not incompatible with 
other refinement processes such as GAC. They can be added in the procedure to work 
together with the constraint rules. For example, GAC can be added after Step II to 
further refine clusters.

6.5.3 Computational Complexity

We informally address the complexity of our approach. The algorithm in Step I 
performs a constraint check that normal canopy clustering doesn’t have. This extra 

check does about 0{km2) judgements where k is the number of clusters and m is the 
average size of each cluster. In the setting of duplicate detection, the size of each clus­

ter usually is not very big {k m). The complexity of cluster adjustments in Step
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Input: Set of instances D — {d\, d2, • • • , d/v};
Set of clusters C2 generated from Step II.

Output: Set of duplicate pairs P\.
Begin

Pi =0;
for each ct G C2 do 

for any dx,dy G ct{x 7^ y) do 
// primary similarity and derived similarity 
if dx —> dm and dy —» dn and 3c7- 6 C2, Cj(dm, rin) 

.Pi - Pi V (j dy) d~ (dm, dn), 
end if
// reinforced similarity
if dx —> drn and dn —> ci,y and 3cy G C'2, Cj(dm, dn) 

P\ Px (dx, dy) 4~ (dm, d n),
end if 

end for 
end for
Output Pi;

End

Figure 6.5: The algorithm of Step III

II depends on the number of primary instances (p) and the average size of derived 
instances a primary instance has (q), which is about 0{pq2). Normally, n > p q 
where n is the number of all the instances. In Step III, the extraction of potential du­
plicate pairs out of each cluster performs at the complexity level of 0(km2 + km2q2) if 

we include the checking for the derived instances. The complexity in Step IV depends 
on the implementation. Our simple implementation operates at 0(p2q2). After all, it 
should be noted that all the above operations (checking, adjusting, extracting) don’t 

involve very expensive computations. In fact, our experiments reveal that a lot of 

time is spent in computing the similarity between instances.
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Input:
Set of instances D = {d\, d2, ■ • • , d/v};
Set of clusters C2 generated from Step II.
Set of Pairs P\ generated from Step III. 

Output:
Set of duplicate pairs P2.

Begin
0 = 0;
for any dx, dy 6 D such that x ft y,dx ft dy do 

Ptmp — 0;

while 3dm: dn, c such that 
dx * dm, dy * dn, c O2, c(dm, dft do 

Ptmp PImp d- (dm, dn),
end while
if |Pimp| > 1 then P2 = P2 + Ptmp-

end for
P2 = P2 + P\]
Output Py

End

Figure 6.6: The algorithm of Step IV

6.6 Experiments

There exist some commonly used data sets for duplicate detection experiments, but 
data instances in these sets don’t have many types and in-between relations. And 
mostly they are presented from one unified perspective, which doesn’t represent well 
the real world situations of relational data such as the ontology data over the web. 
Therefore, we collected data from different sources to build the data set for our experi­

ments. The data set is mainly about papers, authors, conferences/journals, publishers 
and their relations. Such data is collected from DBLP web site (http://dblp.uni- 

trier.de) and authors’ home pages. These data instances are converted into a working 

format (i.e., OWL) but types, relations and original content values are preserved. 

Manual labeling work is done to identify the true duplicates among the data for the 
purpose of evaluation of approaches in the experiments. Totally, there are 278 data
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instances in the data set referring to 164 unique entities. The size may not be so 

big, but duplicate detection in it may not be easy since there are a certain amount of 
different instances with very high similarity, for example, different papers within same 

research fields, or different authors that have same/similar names. The distribution 
of duplicates is not uniform. About two-third of instances have one or two references 
to their corresponding entities. The most duplicated entity has 13 occurrences.

Same as [109], we use standard metrics in information retrieval to evaluate the per­
formance of clustering approaches for duplicate detection. They are precision, recall 
and F measure. Precision is defined as the fraction of correct duplicate predictions 
among all pairs of instances that fall in the same resulting cluster. Recall is defined 
as the fraction of correct duplicate predictions among all pairs of instances that fall 

in the same original real duplicate cluster. F measure is the harmonic average of 
precision and recall.

We evaluate our approach in comparison with the canopy-based greedy agglomera- 
tive clustering approach (CB+GAC) [109]. CB+GAC also performs canopy clustering 

first but with no constraints. It then refine each canopy cluster using GAC: initial­
ize each instance in the canopy to be a cluster, compute the similarity between all 
pairs of these clusters, sort the similarity score from highest to lowest, and repeatedly 
merge the two most similar clusters until clusters reach to a certain number. Table 
6.1 shows the evaluation results of different approaches. The two threshold parame­

ters for canopy clustering in this evaluation are set as Ttight = 0.5 and Tioose — 0.35, 
which are obtained through a tuning on a sampled data set. The number of clusters 
is then automatically determined by the two parameters. In the table, “CB-t-GAC” 
is the general clustering approach we have just discussed. “Step 12” is the approach 
that only performs Step I and Step II (refer to Section 6.5.2) and then returns the 

resulting clusters. “Step 12+GAC” is the approach that performs GAC after step 
I and step II. “Step 1234” obviously is the approach that performs all the steps to 

impose all the constraints we’ve defined on the clusters. From the table, we can see 
that by incorporating constraint rules, the overall F measure improves along with the
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precision. In particular, when all the constraints are applied, the precision increases 

up to 20%, which indicates that our approach can predict duplicate with very high 

accuracy.

Table 6.1: Performance of different approaches of duplicate detection

Approach Precision Recall F score
CB+GAC 0.717 0.806 0.759
Step 12 0.728 0.877 0.796
Step 12+GAC 0.784 0.817 0.800
Step 1234 0.921 0.721 0.809

Figure 6.7 shows the sensitiveness of precision of different approaches to the loose 

similarity threshold (T/oose) in the canopy clustering. Since in our approach some 
constraint rules are used to extract duplicate pairs out of working clusters, the quality 
of the initial canopy clustering may affect the performance. That is, when Tioose 

becomes more loose, each canopy cluster may have more false duplicates, which might 
affect the performance of those constraint rules used for duplicate extraction. The 
trend of dropping precision while Tioose decreases is well revealed in approach “Step 
12”. However, the dropping trend of approach “Step 1234” is slightly better than 
that of “Step 12”, which means that constraint rules used in Step III and Step IV 
can tolerate noisy canopy clusters to certain degrees.

Table 6.2 shows the precision of detecting duplicated pairs in different steps in our 

approach. This can be used to roughly estimate contributions of different constraint 
rules as they are implemented in different steps. The evaluation on our data set 
shows that the main contribution to the improved precision is made in Step III, 

where constraint rules of “primary similarity”, “derived similarity” and “reinforced 

similarity” are imposed.

Table 6.2: Precision of detection of duplicated pairs in different steps

Step I Step II Step III Step IV
Precision 0.650 0.682 0.881 0.888
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» Step 12 
Step 12+GAC 

-H- Step 1234

CB+GAC

0
0 0.1 0.2 0.3 0.4 0.5 0.6

Ti„osr (with Tligh,= 0.5)

Figure 6.7: The sensitiveness of precision to Tioose for different approaches of duplicate 
detection

6.7 Summary

This chapter tackles the problem of duplications among the ontology data that hap­
pens during the data integration tasks. It shows several scenarios that demonstrate 
the significance of doing research on this issue. Then the characteristics of the ontol­
ogy data have been analyzed from the perspective of duplicate detection. Based on 
these characteristics, we have defined constraint rules, which are implemented and 
incorporated in our cluster-based approach. Experiments show that our approach 
performs well with improved accuracy in term of precision and recall. Experimen­
tal evaluations also reveal that the use of constraint rules increases the precision of 
duplicate detection for ontology data with multiple perspectives.



Chapter 7

Ontology Data Matching through 
Learning Adaptive Metrics

7.1 Introduction

While Chapter 6 shows our constrained clustering method for ontology data matching, 

this chapter will discuss another method that matches ontology data through learning 
adaptive similarity metrics. In addition, a proposed peer-to-peer framework that uses 
this method for ontology data integration is also discussed.

Both supervised data matching methods (which the method discussed in this 
chapter belongs to) and unsupervised data matching methods (which the method 
discussed in Chapter 6 belongs to) can be used to yield satisfactory results if they 

fit the concrete problem settings well. For example, unsupervised data matching 
methods can do a good job when no labeled/tagged data are available for the matching 

tasks as they don’t need a training process. On the other hand, supervised matching 
methods may do an even better job when a certain amount of labeled/tagged data 

do exist. One more benefit of the supervised matching methods is that the work of 

selecting proper thresholds or other parameters would be reduced to a certain degree 

thanks to the training mechanism. Therefore, the constrained clustering method 
discussed in Chapter 6 can be applied to the matching tasks when the raw data are 
not labeled/tagged, whereas the method discussed in this chapter is suitable for the

109
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situation when a certain amount of data have been labeled/tagged.
And it is also possible to make the two types of methods work together. For 

example, first the unsupervised matching method is performed over the raw ontology 
data that don’t have any labels/tags. The initial results from the method can be 
reviewed by the user, especially those results that fall near the boundary. Given initial 

results and the feedback from the user, a set of labeled/tagged data can be created 
so that the supervised methods can be used to perform ontology data matching.

The method proposed in this chapter belongs to the class of supervised data 
matching methods. But different from other methods in this class [173], our method 
explores the features of ontology. We explain the benefits of using these features 
and discuss how they are captured in matching ontology data. Experiments are 
also conducted to verify that the exploration of ontology features does improve the 
accuracy of finding correct matching.

While the process of data warehousing often results in a single repository of in­

tegrated data for analysis [170], we may wonder it is desirable to create a single 
repository of ontology data over the large scale semantic web. The drawback is obvi­
ous as the dynamic semantic web can quickly outdate this single repository, making 
analytical results upon the repository less valuable. Therefore, we propose a flexible 
framework that is able to integrate relevant ontology data through a group of peers. 
Our particular matching method can be used in the framework to maintain a relation 

among the ontology data from different peers.
The rest of the chapter is organized as follows. Section 7.2 presents different sim­

ilarity metrics use in ontology data matching including traditional similarity metrics 
and metrics that explore the ontology features. Section 7.3 discusses the use of the 
learning mechanism with support vector machines (SVM) for ontology data match­
ing. Experiments with the method are presented in Section 7.4. Section 7.5 shows 

the peer-to-peer framework that supports ontology data matching as well as ontology 
data generation. Finally, Section 7.6 summarizes this chapter.
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7.2 Similarity Metrics for Instance Matching

Instance matching can be performed by checking similarities between instances. If 

the similarity degree of two instances reaches a certain level, then the two instances 

can be regarded as matched. There are two major traditional metrics of similarity 
between instances: string edit distance [70] and cosine similarity based on TF-IDF 
[137]. Our proposed method uses both of them. In addition, we develop new metrics 
by exploring ontology features.

7.2.1 String Edit Distance and TF-IDF

String edit distance (also known as Levenshtein distance) is used to compare string 
similarity at the character level. It is defined as the minimum cost of transforming 

one string into another by insertions, deletions, or substitutions. For two strings Si 
and 5*2 with length m and n respectively, their string edit distance SED(Si, S2) can 
be computed by the dynamic programming algorithm [70]. Let D(i,j) be the string 

edit distance between substring Si[l.. .i\ and S2[l • • • j], then we have the following:

and

D{i,j)

i .7 = 0

3 i = 0
min[D(i - 1, j) + 1, D{iJ - 1) + 1,

D(i — l,j — 1) + c(z, j)\ other

(7.2.1)

SED(Sl,S2) = D(m,n) (7.2.2)

where cost c(i,j) = 1 for Si[i] ^ S2[j] and c{i,j) — 0 for S\[i] = S2[j}-
This string edit distance is very effective in detecting typo problems. However, this 

measurement may not sensible when entire word(s) is inserted or added for compari­

son. In [120] the basic method is extended to measure gaps (contiguous mismatched 
characters) more reasonably when aligning the two strings for comparison. The com­

putation of this extended string edit distance is still based on dynamic programming, 

but more flexible cost model is used and more matrices are required [18, 70].
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Unlike string edit distance methods that compute the distances of string at char­

acter level, TF-IDF based methods use a vector space model [12], treating strings as 
“bag of tokens” and ignoring the sequential order of tokens in the strings. An instance 

that consists of one or more strings can be viewed as a virtual document containing 
a bag of string tokens. If there are N instances, then the corresponding N virtual 
documents form a virtual corpus, which may finally have a vocabulary of n distinct 
tokens. A sparse n-dimensional token vector Uj can be derived from the z-th virtual 
document with each element Vij having TF-IDF value computed as follows:

N
Dj = TFid x log —— (7.2.3)

Dr j

where TFt J is the frequency of token tj in the z-th document and DF3 is the frequency 

of the document that contains the token tj.
For two instances with S and T as their derived token vectors respectively, the 

similarity between them is computed as normalized dot product between their corre­

sponding token vectors.

SIM(S, T) E"=i sj • tj 
iisii • imi • (7.2.4)

7.2.2 Exploring Ontology Features for New Metrics

The use of ontology enables us to enhance the method that only computes string 
similarities between ontology instances. Two ontology features are used for developing 
new similarity metrics .

The first feature is the ontology hierarchy. Given an ontology schema, we can com­
pute the subsumption relations between the concepts in it using a specific reasoner. 
Then hierarchy of the concepts can be constructed, which allows us to explore the 
“concept-level similarity” of instances. Because ontology data are contributed by dif­
ferent information sources separately, the quality and the focus of completeness of the 

data vary. It can not be guaranteed that the instances referring to the same real world 
entity are identified exactly with the same concept by different information sources.
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However, their concepts should have some relations according to their common on­
tology schema. For example, if two instances from different information sources are 
identified as instances of concept “Student” and “GraduateStudent” respectively, 
then they are more likely to be the same than two instances with one identified as 
“Student” and another as “Professor”, given the two pairs have the same similarity 

degree measured by string edit distance or TF-IDF. In addition, we are able to define 
disjoint concepts in the ontology schema. If “Student” and “Professor” (both are 
sub concept of “Person”) are defined as disjoint concepts, and we assume that each 
information source is aware of this assertion when contributing ontology data, then 
a student instance could never be matched with a professor instance, even they have 

very high string-based similarity.
We use “concept distance” to measure concept-level similarity. Suppose two in­

stances i, j are of concept A and B respectively. This can be denoted as A(i) , B(j). 

Concept distance between i and j, denoted by CD(i,j), is computed as follows:

CD(i,j) = <

V

0 A = B,
PT(A, B) A C B or B C A, 

PT(A, B) + P A ^B, B %A, 
oo A n B =_L .

(7.2.5)

where PT(A, B) means the length of the path between concept A and B according to 
the computed concept hierarchical tree; P is a penalty item, always given a positive 
number. Since this measurement will be adjusted through the learning from labeled 
data, it is not very significant to choose the value of P as long as it is a positive 

number within a given range (i.e.,1-10). In our experiments, P = 2. For oo, we use a 
big enough positive number to represent it in the implementation. Intuitively, if the 
concept distance of two instances are bigger, the likeness of being same would be less.

We also examine object properties of instances to compute “context similarity”. 

Object properties allow users to create specific relations between instances. Usually, 
before an object property is employed to link instances with semantic relations, it 

is defined between concepts with an option to specify its cardinality constraints.
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In addition, an object property can have an inverse object property, which allows 

more flexible ways of describing ontology data. Using inverse object properties could 
be very common among different information sources. For example, a publisher may 
tend to describe publications using a property “author” to relate them to their author 

instances, while a professor may choose to use the inverse property “authorOf” to 
link his own instance with his publication.

By reasoning on the inverse properties and checking the cardinalities on them, we 
can compute the context similarity between instances. For instance a and b, their 
context similarity in terms of the object property r, denoted by CSr{a, 6), is computed 
as follows:

CSr(a,b) =
Evm,r(a,m) 5Evn,r(6,n) SIM{m,

(7.2.6)
|{m : r(a,m)}\ x |{n : r(b,n)}\

Equation 7.2.6 computes the average vector based similarity between the instances 
related to a and instances related to b via the object property r. The computational 

complexity of it is 0(M x N) where M and N are the total number of instances 
related to a and b via r respectively. Obviously, this computation is very expensive if 
both a and b have a lot of r-related instances. To reduce the computational cost, we 
use an alternative method in the implementation by merging M (or N) instances into 
one virtual document for SIM computing. This alternative method only requires one 
SIM computation. Though the result might be different from the result computed via 
Equation 7.2.6, it still reflects the average similarity between the M and N instances.

7.3 Adaptive Metrics by the Learning Mechanism

So far, we have explored three sets of features to measure the similarity between 

instances: features based on word-level string similarity (5/M); features based on 

character-level string similarity (SED); and features related to ontology {CD and 
CS). The measurements based on these features are not unified. For example, SIM 

and CS measure similarity in different directions compared with SED and CD. In
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addition, these measurements are not normalized and how well each of them con­

tributes to the final similarity between instances are not clearly known.
To tackle the issue of integrating different measurements, we employ a machine 

learning approach. We create a set of matched instance pairs with positive labels and 
a set of non-matched instance pairs with negative labels. A binary classifier is trained 
by using different similarity measurements as features from the two pair sets. This 
binary classifier then acts as a paring function [33] h(a, 5), taking a pair of instances 
a, b as input and generating decision values as output. If it generates positive values, 
the two input instances are regarded as matched; otherwise, unmatched.

Based on the discussion in [18], we choose support vector machine (SVM) [157] as 
the classification model in this study. SVM is able to learn from small training sets 
of high-dimensional data with satisfactory precision. Therefore, we create a feature 
vector of an instance pair using the separate property similarity measures for SED 
and SIM instead of their overall similarity measures. For a pair of instances n, b, its 
feature vector is composed as follows:

P (a, 6) = [5/Mdl(a,6),...,5/Mdm(a,6), 

SEDdl(a,b),...,SEDdm(a,b),

CSn(a, 6),...,CS„Ja. b),

CD(a,b)]. (7.3.1)

Although using separate property features increases the dimensions of the feature 
vectors greatly, the learned classifier can implicitly reflect the weight of different 

properties based on the training set, relying on more informative properties to make 

classification decisions.

SVM classifiers provide the following classification function:
i

/(q) = ^a*2/itf(Pi,q) + b {7A.2)
i=1

where K{p, q) is a kernel function used for mapping features into different spaces, a*



Chapter 7. Ontology Data Matching through Learning Adaptive Metrics 116

is the Lagrangian coefficient of the z-th training instance pair, yl 6 { —1,+1} is the 
label of the training instance pair. In this function, cq, b are obtained by computing 
the solution to the quadratic programming problem derived from maximization of the 

hyperplane margin between positive training samples and negative training samples. 

Given a test instance pair q. we regard q as a matched pair if /(q) > 0. Besides 
this, as /(q) indicates the distance of q from the optimal hyperplane, we can use 
this value to evaluate the confidence level of the pair being matched [18]. That is, if 
/(r) > /(q), then r is more likely to be a matched pair than q.

7.4 Experiments

This section describes the experiments we’ve conducted to test the effectiveness of 
the proposed method for ontology data matching. It shows the way the experimental 

data is collected l, discusses the methodology used in the experiments and analyzes 

the experimental results.

7.4.1 Data Collection

The ontology schema (TBox) we used in the experiments is derived from the one 

created by [69]. The original ontology schema consists of a well developed hierarchy 
of concepts in the university domain (such as Professors, Publications, Students, and 
etc). We extend it by asserting a few new concepts and properties so that it can 

sufficiently annotate real world data.
The right ontology data off the shelf over the web are very rare at this stage. For

our experimenting domain, data related to the university ontology schema are mostly
published in other formats such as unstructured/semi-structured html pages or bibtex

files. Therefore, wrappers are created to extract the desired data out of those related

files over the web and then data conversion is performed to convert them into ontology

Actually, this data collection process is based on the one described in Chapter 6. But this time, 
more data are collected.
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Table 7.1: Match distribution of instances in the ontology data set

match size number of match number of instances
1 317 317
2 36 72
3 6 18
4 2 8
5 2 10
6 1 6
9 1 9

13 1 13
Total: 453

data aligned with the ontology schema. Those original files are gathered from different 
web sites so that decentralization of data is achieved. Data focused on publication 
descriptions are collected from the DBLP web site (http://dblp.uni-trier.de). Data 
that describe academics, their publications, research interests, and etc are gathered 

from their personal home pages. Department-maintained web pages that describe 
their staff members’ information are collected and processed as well.

After these data are processed and converted into ontology data format, we ex­
amine them manually to find out which instances are matched with each other and 
label them. Totally there are 453 instances in the collected data set. Table 7.1. lists 

the instance matching statistics of the data set.

7.4.2 Methodology and Results

From the labeled instance data set we generate a set of instance pairs using the 

canopy clustering method [109]. Because the canopy clustering is not very accurate 

though it runs fast, the resulting pair set contains not only the correctly matched 
pairs but also pairs that are mismatched. In other words, the resulting pair set 

contains both positive samples (matched pairs) and negative samples (mismatched 
pairs), ideal for training/testing a binary SVM classifier. The SVMh9/l< package [90], 

one implementation of SVM classifier, is used to learn instance matching (as discussed
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in Section 7.3) with radial basis function as kernel function. For one experimental 

trial we split the pair set into two folds randomly, one for training, the other for 
testing and then reverse. Totally 20 random trials are conducted and the final results 

are obtained by averaging all these trials.
The results are reported in traditional measurement as precision, recall and F 

measure (or FI measure in some literatures) [12]. Precision is defined as the ratio of 
the number of correctly identified matched pairs to the number of identified matched 
pairs, while recall is defined as the ratio of the number of correctly identified matched 
pairs to the total number of matched pairs in the data set. F measure is defined as 
the harmonic mean of precision and recall. When recall increases as more pairs with 

lower confidence of similarity are treated as matched, precision usually decreases. To 
generate an overall view, precision/recall curve is given where precision is plotted at 

eleven different recall levels.
We evaluate the effectiveness of incorporating ontology features into the matching 

problem by comparing it with the methods that use traditional features only (TF- 
IDF based similarity and String edit distance). Figure 7.1 illustrates the results of 
different methods in the form of precision/recall curve. The method that incorporates 
ontology features, denoted by “SIM+SED+ONTO”, has higher precision than other 
methods at almost all the recall levels. This advantage becomes less at very high 
recall levels (e.g. 0.9, 1.0) compared with methods that use TF-IDF/SED measures 
(“SIM”, “SED”, “SIM+SED”). This is because TF-IDF or SED based measurement 
only cares about string-based similarity between the instances. Some instances have 
very similar string representations but actually refer to different real world entities, 
for example, different persons with similar/same names. Methods based on TF-IDF 
or SED based measurement will then misclassify them as matched pairs with very 

high confidence, which results in a relatively low precision at a modest recall level. On 

the contrary, the ontology feature enhanced method is able to capture the differences 
of those instances by examining their ontology features, which leads to the decrease 

of similarity measures for those instances. Therefore the precision is accordingly
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boosted.

SIM
• SED
• SIM+SED
- SIM+SED+ONTO

Figure 7.1: Recall/precision curves of different methods

Table 7.2 presents the results of different methods in F measure. This F measure 
of each method is obtained by averaging the maximum F measure of each trial. 
It shows that using more features yields better results. By incorporating ontology 
features, we achieves the highest F measure score. Although the improvement between 
“SIM+SED+ONTO” and “SIM+SED” is less than that between “SIM+SED” and 
“SIM” (or “SED”), our one-tailed paired t-test shows that the result is significant 
with p < 0.05.

Table 7.2: Averaged Maximum F measure of different methods

Methods Averaged Max F
SIM 0.9081
SED 0.8359

SIM+SED 0.9240
SIM+SED+ONTO 0.9365

Since a large proportion of the instances in the data set belong to the class Person 
and Publication (including their sub classes), we also examine the performances on 
these instances separately. Figure 7.2 shows the results in F measure. The method
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that explores ontology features outperforms other methods on the instances of class 

Publication. For instances of class Person, its F measure score is slightly less than 
the method that uses “SIM” only. The reason may be that many instances of the 

class Person in our data set are described in a similar pattern with little ontology 
enhanced explanation, which makes the “SIM” feature sufficient enough for classifi­
cation. However, we believe that in a dynamic distributed environment, the instances 
contributed from different peers are more diverse and with different perspectives, as 
those of the class Publication. Therefore, the use of ontology features will help 
increase the performance of ontology data matching.

Figure 7.2: F measure scores of different methods on two major classes: Person and 
Publication

Generally, the experiments confirm that the accuracy of ontology data matching 
can be improved by our method that explores the ontology features.
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7.5 A Peer-to-peer Framework for Ontology Data 

Integration

To make the ontology data available on the web and able to be effectively integrated 
by the above discussed method, we propose a corresponding peer-to-peer framework. 
In this framework, super peer topology [122], one of the peer-to-peer architectures 

[171], is employed to fit the nature of decentralization of peer data management.
Actually, the framework is also designed with the function of ontology data gen­

eration that has been discussed in Chapter 4. So it supports both the generation and 
the integration of ontology data.

7.5.1 Overview of the Framework

We first give an brief overview of the framework that supports the generation and 

matching of ontology data.
The framework uses the super peer topology [122] for the peer-to-peer architecture. 

Peer-to-peer architectures have evolved into two rough categories according to their 
degree of centralization [171]: pure peer-to-peer and hybrid peer-to-peer. Super peer 

topology falls into the hybrid one, which has one or more central servers as super peers. 
Different from traditional client/server architecture, it shifts part of the tasks of the 
server (super peer) to the clients (ordinary peers). For example, when processing a 
query, a super peer can simply tell the query issuer from which peers they can get 
potential query results instead of returning the complete query results directly. In 

addition, there can be several super peers with a typical hierarchy in a system so that 
server tasks can be distributed among them with some predefined policies to achieve 

high performance.
Accordingly, as shown in Figure 7.3, the framework introduces two types of peers: 

super peer and ordinary peer (or just denoted as peer). The super peer acts as a 
coordinator for peers connected to it. It hosts the backbone ontology schema used
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Figure 7.3: The framework that supports ontology generation and matching with a 
design of a peer-to-peer architecture

for the generation and integration of ontology data. Additional information is stored 

at the super peer to make it work as the coordinator sufficiently. Routing index helps 
the super peer identify which peer contributes what kind of data. Data relation index 

maintains semantic relations created between ontology data segments contributed by 
different peers. Data cache is used to cache data from peers who allow their data to 
be cached for better performance. To create those kinds of information and then to 

use them in turn, the super peer offers relevant functions or services: data caching, 
query routing, and ontology data matching. For example, the function of ontology data 

matching creates and updates the data relation index by the matching method. It will 
be discussed in the following sub section. In contrast, peers are more light-weighted, 

offering functions that support ontology data generation (ontology data publication) 
and query (ontology data query). As the figure illustrates, the function of ontology
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data publication consists of data conversion and data authoring. The methods that 

can be used to implement this function have been discussed in Chapter 4.

7.5.2 Ontology Data Matching in the Framework

The ontology data matching process is designed to deal with the problem of implicit 
relations among the data from different peers, i.e., the data-level integration in con­
trast to schema-level integration (refer to Section 2.5.3). Obviously, the task of this 

process is to match the instances from different peers, making their implicit relations 
explicit.

Accordingly, this process consists of two phases: a learning phase and an matching 

phase.
The learning phase involves the training of the SVM classifier from matched and 

unmatched instances. First, a certain amount of initial data are gathered by super 
peer from different peers. This data set should contain a portion of matched instances. 

These matched instances are not discovered and specified initially, while training an 
SVM classifier requires both specified matched instances and unmatched instances 
as positive and negative samples. Therefore, these initial data should be checked 
and tagged manually for the training. An initial similarity checking and sorting 
process based on selected instances properties (known as blocking [124] [123] discussed 
in Section 2.5.3) is performed to make the manual tagging easier. Currently, we 
are incorporating the constrained clustering method discussed in Chapter 6 to assist 
this process. After all these initial data are tagged and the matched and unmatched 

instance pairs are created, the classifier is trained as discussed in Section 7.3.
The matching phase allows the super peer to match the instances from the 

peers when they contribute their own data. When a peer has some data published, 
the super peer will be notified. Instances in those data will be sent to the super peer 
for an initial check upon its request. The initial check searches potentially matched 
instances that are previously indexed for the new instances through an inverted index. 
If no instances are found for the new instances or the found instances have very low
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hits, these new instances will be ignored. This initial check screens off a number 

of instances. For those instances with potentially matched instances found, instance 
pairs are created as the input of the trained classifier. Then the trained SVM classifier 

is used to determine if the instance pairs are matched pairs with Equation 7.3.2. After 
matched instance pairs are found through this classification process, the index storing 
data relation information among peers is updated by adding information about these 

pairs. This index reveals the semantic relations of the data across the peers.
As peers that contribute ontology data often have different perspective and dif­

ferent emphasis on data completeness, once those data are semantically linked with 
each other by instance matching, incompleteness of one source can be compensated 
by other sources. This then enables people to acquire information or even knowledge 

from across the sources.
While the peer-to-peer framework seems promising in integrating ontology data, 

some limitations should be mentioned to avoid inappropriate uses and implemen­
tations. First, the use of a super peer topology casts more responsibilities on the 

super peer than on ordinary peers. This could cause problems when the super peer 
is not implemented in a robust and reliable way. Adding more super peers into the 
network may reduce this risk, but this introduces more complexities, which need to 
be addressed properly. Second, when the ontology data grow to a large amount, the 
current matching method in the framework may not be efficient enough to handle 

them. Some optimizations are required to address the efficiency issue.

7.6 Summary

This chapter continues to tackle the issue of ontology data matching. Different from 
last chapter (Chapter 6), it proposes unsupervised matching method. When some 

labeled/tagged ontology data are available, this method is able to learn the adaptive 
similarity metrics from them for more effective matching. Particularly, unlike tra­
ditional data matching methods, it explores ontology features for new metrics. The
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introduction of new metrics improves the matching performance in terms of accu­
racy shown in our experiments. Finally, based on this matching method, we propose 

a flexible peer-to-peer framework to address the issue of ontology data publication 
and integration in the distributed semantic web environment. We expect this frame­
work may allow us to view the semantic web as a very large and ever evolving data 

warehouse where further intelligent analysis can be performed to deliver high level 

knowledge.



Chapter 8

Conclusions and Future Work

This chapter draws conclusions from the study presented in this thesis and indicates 
some main directions for future work.

8.1 Conclusions

This thesis studies three main issues that are related to ontology-based web data 
integration. They are: (1) How to develop the domain ontology schema(s) used for 
the integration; (2) How to generate ontology data (mostly on the web) for domain 
ontology schema if the data are not in the right format and to manage the web 
ontology data in an appropriate way; (3) How to improve the quality of integrated 

ontology data by reducing duplications and increasing completeness and certainty. 
The significance of the studies has been discussed and related work on these research 

issues have been analyzed. Particularly, a set of new methods have been developed 
to deal with these issues from different angles, which can be concluded as follows:

• A key information mining method is proposed and its application to domain 
ontology schema generation is presented. Further more, a prototype system is 

developed based on the method and its ability to help develop ontology schemas
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in given domains is shown.

• Two methods for web ontology data generation are proposed for the purpose 
of facilitating the generation of web ontology data for given domains. One 

method leads to a web-based system that enables ordinary users to publish 
domain ontology data with ease. In addition, an ontology enhanced model is 
proposed to enforce a flexible management mechanism on the system so that 
users can manage the web ontology data collaboratively but also securely to a 
certain degree.

• Two methods are developed to perform ontology data matching for the im­

provement of ontology data quality when integration of them is needed. One 
method uses the clustering approach. It makes use of the relational nature 
of the ontology data and captures different situations of matching, resulting 

in an improvement of performance compared with the traditional clustering 
method. The other method goes further by using a learning mechanism to 
make the matching more adaptive. New features are developed for training 

matching classifier by exploring particular characteristics of ontology data. It 
also achieves better performance than those with only ordinary features. Fur­
ther more, a peer-to-peer framework is proposed to integrate available ontology 
data from different peers. The mentioned matching methods are designed to 
discover matchings among the ontology data across the peers so that the overall 
quality of the ontology data in the framework can be improved.

The above methods have been evaluated with related experiments, which have 
demonstrated their effectiveness, efficiency and validity for the given situations. These 

methods also lead to the development of prototype systems, whose effectiveness is 

shown through the discussion of the functions of the resulting systems.
These methods can be applied to tackle the issues related to ontology-based web 

data integration in practice. Particularly, the prototype systems can be further de­
veloped to have applications in real world domains, as discussed in the next section.
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8.2 Future Work

Although we have achieved some successes in tackling the issues related to ontology- 

based data integration, there exist more research tasks that are worth taking in the 
future work. In another sense, the issues in this research area are so significant and 
challenging and the topics are so attractive that a further pursuit is worthwhile.

The future work is discussed in the following several subsections respectively based 
on the current studies presented in this thesis.

8.2.1 More Functions and Applications with the KIM Method

While current prototype system with the KIM method is able to extract concepts 
and classes with a taxonomy structure for developing ontology schemas for given do­

mains, the functions of it can be improved and enriched by adding other data mining 

techniques. For example, related web pages can be analyzed and added as instances 
of the concepts for further processing and query. This could result in news methods 
for ontology data generation. By analyzing web pages relating to one class (con­

cept), potential attributes of the related concept can be identified for sophisticated 
domain ontology schema generation tasks, for example the refinement of properties 

of particular concepts.
While the above further study falls in the research direction of ontology genera­

tion for given domains, it is also possible to apply the KIM method to other research 
fields in the future. For example, since key information extracted from most web sites 
may contain meaningful information such as catalogue classification information, ap­

plications related to web page classification or catalogue integration can benefit from 

it. By treating key information as labels, quality training samples can be created to 

build classification or integration models. Another further study is to incorporate the 
KIM method into the construction of particular classification or integration models 

to reduce the cost of labeling large training samples.
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8.2.2 Improving Web Ontology Data Generation and Man­

agement

The robinet system proposed for web ontology data generation and management can 
be further improved by adding more features.

First, interaction of the web-based system with ordinary users will be further 
improved to offer better usability. New technologies such as web 2.0 related techniques 

can be utilized to make such improvements.
Second, more advanced functions, such as sophisticated search and query func­

tions, are to be designed so that computers or end users can make better use of the 

generated ontology data.
Third, as for web ontology data management, further studies on rule engineering 

and management, efficiency of rule processing will be carried out. System perfor­

mances in real world situations will be evaluated as well.

8.2.3 Improving Ontology Data Matching Methods

Since we have proposed two methods for ontology data matching, we discuss the 

future work of them respectively.
Constrained clustering. One of the further studies for this method is to design 

quantitative metrics to reflect characteristics of duplicated relational data. The ideal 
metrics will act as soft constraint rules. Thus, they are expected to be more accu­
rate for different duplicate problems. Another further study is to conduct further 
experiments with larger data sets. Currently, we are keeping collecting data from 
different sources and converting and labeling them to build larger data sets. Besides 

the evaluation of accuracy on the large data sets, the efficiency of the approach will 

be formally evaluated. By evaluating and analyzing results from the experiments on 

the larger data sets, possible optimizations can be made to improve the performance 
of the method.

Matching instances by learning. One possible direction is to further explore
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the characteristics of ontology data so that new metrics can be proposed for training 

the matching method. Another possible direction is to study other learning mecha­
nisms that can fit the problem settings of ontology data matching even better. For 

example, conditional random fields (CRFs) [150] could be a potential learning model 
for matching ontology data. The further study of adopting a new leaning mechanism 

involves the establishment of the learning model for the problem, possible customiza­
tion and optimization according to the problem, and experimental evaluations of the 

new mechanism.
In addition to improving the two types of methods respectively, the study of 

combining them in a proper way for better performance is also desirable.
Further more, as these methods can be incorporated into the robinet system de­

veloped for web ontology data generation, it is possible to carry out the study of using 
feedbacks from users during users’ interaction to improve the matching.

8.2.4 Towards Applications in Real World Domains and Chal­

lenges

The proposed peer-to-peer framework in the thesis actually tries to put our rele­
vant studies (ontology data generation, integration and matching) together. While 

it enables users to publish ontology data, integrate them together, and relate them 
semantically by matching, it is possible to make applications of it to help tackle 
real world issues, potentially in the domains or areas such as semantic web, security 

informatics, medical data integration, and etc.
For example, its application in medical data integration may be roughly sketched 

as follows. First, an ontology schema that describes the medical domain is developed 
by referring to related standardization efforts such as the work of HL7 1. With this 

domain ontology schema ready, medical organizations such as hospitals, clinics or 
medical centers can load it into the robinet web-based system and use the system to

1 http: / / www.hl7.org/
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publish medical data (Chapter 4). The system needs to be configured and proper 

operations and rules need to be developed and deployed into the system to ensure 

that such operations on the medical data don’t violate the privacy policy (Chapter 5). 
When each medical organization has used the robinet system to publish and host 
medical data, the peer-to-peer framework can be setup by treating each organization 

as a peer, thus making it possible to integrate and share the medical data between 
organizations. The matching methods (Chapters 6 and 7) help to link a patient’s 
medical data from different organizations so that authorized doctors can have a clear 

view of the patient’s medical conditions, therefore able to make informed decisions.
Furthermore, the framework can be further extended by adding more advanced 

and intelligent services. For example, developing advanced query and reasoning facil­
ities on the integrated ontology data in the framework can be studied in the future. 
It is believed that the services and facilities built upon the framework will be more 

powerful since they can access multiple sources via the semantic relations created by 
the matching method. And the underlying ontology schemas allow them to perform 
with a degree of flexibility and intelligence. In the case of medical data integration, 

medical researchers could use these services and facilities to help gain a deeper insight 

into the nature of different diseases.
While the above sketch may look quite straightforward, we believe the implemen­

tation in the real world can still encounter a number of practical issues and challenges 
that require further studies. Some major issues and challenges may include the follow­
ing: 1) The development and maintenance of practical ontology schemas for a large 

real world domain is even more difficult compared to developing ontology schemas 
used for particular applications that are focused on limited aspects. While a single 

method alone can hardly handle this task, a set of methods that are carefully selected 
and combined are more desirable. 2) When the volume of the dealt data become 

very huge, the issue of scalability needs to be proper addressed. For example, the 
matching methods need to be optimized or even redesigned to handle the matching 

and integration of large amount of ontology data. Details of implementations such
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as storage and indexing of such amount of data need to be considered carefully. 3) 

The issue of efficiency also needs to be addressed when the amount of client requests 
increase rapidly. 4) The ways of designing intelligent services that makes the most 

use of the ontology data deserve further studies as well.
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