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In this paper, an ontology system is proposed to represent the knowledge structure enabling fuzzy
information to be stored in fuzzy databases. This proposal allows users or applications to simplify
the metadata definition process that is necessary for representing and managing imprecise and
classic information in these databases. This ontology then acts as an interface that formalizes
the representation of such structures and allows access to them. The instances obtained from this
ontology represent the schemas that describe domain information in a database. The description
of fuzzy and classic database schemas allows access to online public databases for which no other
semantic description is associated. This paper also presents another ontology to represent these
schemas as instances. Not only does this ontology allow fuzzy data values to be stored (because
of the definition of fuzzy data types as classes of the ontology) but it also enables schema tables
and attributes to be defined. © 2008 Wiley Periodicals, Inc.

1. INTRODUCTION

Although the area of knowledge management has studied many mechanisms
for representing and managing knowledge about a certain domain or application, the
ability to represent knowledge with imprecision in its definition makes this process
more flexible and closer to the user’s natural language. Fuzzy logic was introduced
by Zadeh'? and establishes a frame in which information can be defined and man-
aged using a certain level of imprecision or certainty. Since then, many knowledge
representation techniques have included such capabilities. Some logical languages
have been extended by the inclusion of fuzzy predicates, e.g., the Fuzzy Prolog,?
whereas other frame-based systems (e.g., object-oriented models) have been ex-
tended by relaxing their relations and attributes,* and relational systems have been
extended in order to manage different degrees of certainty about the stored data.>

*Author to whom all correspondence should be addressed: e-mail: cmcruz@ujaen.es.
fe-mail: iblanco@decsai.ugr.es.
te-mail: vila@decsai.ugr.es.

INTERNATIONAL JOURNAL OF INTELLIGENT SYSTEMS, VOL. 23, 419-445 (2008)
© 2008 Wiley Periodicals, Inc.  Published online in Wiley InterScience
(www.interscience.wiley.com). ¢ DOI 10.1002/int.20274

LWILEY

‘:.. InterScience®



420 BLANCO, VILA, AND MARTINEZ-CRUZ

Fuzzy information lets users to express information about a certain domain as
they do in natural language. Fuzzy systems mainly use linguistic labels, preference
labels, or valuable-based structures to describe the environmental features that users
must describe. Such fuzzy representation mechanisms enable users to store concepts
such as A person has light brown hair or blonde to brown hair. You can also say
Jane is very tall instead of specifying a precise height.’

A great number of proposals have been developed to manage fuzzy informa-
tion, mostly in the area of database research,>010-13 and these extend database
management systems (DBMS) so that this kind of information may be managed.
These extensions range from adding a membership degree in a tuple (as proposed
by Baldwin and Zhou'* and Raju and Majumdar!®) to using possible distribu-
tions and resemblance relations in the relational databases simultaneously (as in
Rundensteiner et al.,' Chen Vandenbulcke and Kerre!”). Medina et al.'? attempt
to integrate all the proposals into a single model that includes the metadata def-
inition of fuzzy data, a definition and managing language (FSQL), and a robust
implementation.’

Access to fuzzy information represented in fuzzy DBMS requires deep knowl-
edge about how the information is defined in such a system. This knowledge (hence-
forth the fuzzy metaknowledge base (FMB)) enables information to be stored in the
extended database (as the catalog does with classic DBs) and any user or application
to access it. When new functionalities are added to exploit this kind of information
such as deductive functions or data-mining operations; however, new datatypes and
requirements extend the fuzzy metadata catalog and make it too complex to work
with directly from the database. A new, semantically rich representation, which is
closer to the user, is therefore needed to solve this problem and ontologies appear
to be a good solution for this.

Many public databases (DB) are currently freely available (on Internet or via
other means), and schemas of these databases are published for accessing them.
Fuzzy databases also represent the semantics of an information domain (like all
relational DBs), but the extensions made to the relational model must be explicitly
described. There are Web applications (e.g. ISQLPlus (©)), which are front-end
databases that allow Internet access to any DB. Database schemas (fuzzy or classic)
then become a complementary resource in the semantic Web that should be available.
In this paper, we present a proposal for achieving this goal.

Ontologies are currently the most popular knowledge representation technique.
Although they allow knowledge about a certain domain or process to be described
semantically, this representation should be formal, agreed by consensus and shared
by the entire community.'3=?? There are several ways to represent such ontolo-
gies and many languages have been defined to represent them: from those based
on first-order logic (FOL) (e.g., OWL,> RDF,?* KIFF, etc.) to those frame-based
languages implemented in ontology management systems (OMS) (e.g., Protege,?
WebOde,?%?” Ontolingua,”® or WebOnto,?’ etc.).

Consequently, an ontology representing the structure of an fuzzy DBMS
(FDBMS) facilitates the process of defining fuzzy information. This representation
keeps the fuzzy metadata representation independent from the storage placement
and allows the data to be represented from the special features of each DBMS. In
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addition, by using an ontology, the fuzzy represented schemas is accessible via the
semantic Web to all the users or agents that want to know its metadata.

There is wide discussion about the suitability of representing databases using
ontologies, as we can see in Refs. 30-33. Many proposals for representing databases
as ontologies have been developed, and examples can be found in Refs. 31, 34-36.
Certain authors, however, consider database schemas to be lightweight ontologies>
because they lack axioms which allow us to infer knowledge using them. Other
authors consider both ontologies and databases to represent the same knowledge
using different representation mechanisms.

Nowadays, there are many different schema representations available. In ad-
dition to relational database schemas, there are XML schemas, RDF schemas, or
others from heterogeneous sources. All represent the structure of a certain informa-
tion domain, and they can then be treated in a similar way, allowing information
to be exchanged between them. Integration techniques enable this communication
by solving the different schema conflicts that emerge when working with these
heterogeneous sources. The exploitation of these integration techniques will allow
information to be shared between both the existing and the fuzzy schemas (the
intrinsic nature of which make the process quite flexible).

Our objective in this paper is to present an ontology that represents the fuzzy
information of a fuzzy relational database. Owing to the formality of this representa-
tion, FMB access is more accessible to users or applications which use the ontology
as an interface for access.

The paper is organized as follows: Section 2 of this paper briefly summarizes
how fuzzy information can be represented both in general and in a database. This
description also includes the problems found when this information is represented
in a multifunction system. At the end of this section, a discussion about the suit-
ability of using an ontology to represent databases is shown. Section 3 shows the
proposed ontology to solve the problems described in previous sections, and its two
subsections describe the two subontologies comprising the fuzzy data representa-
tion process. Section 4 describes how the ontology has been developed and the tools
used to achieve this goal. Section 5 presents the advantages of data integration using
this representation and the relation between this ontology and the semantic Web.
Section 6 discusses the tool chosen for schema representation. Finally, Section 7
presents a summary of the advantages, limitations, and future lines of research for
this proposal.

2. RELATED WORK
2.1. Fuzzy Data Bases Representation

Databases are the most extended knowledge representation system as a result
of their efficient data management. Although relational databases were proposed by
Codd?*”*® way back in the seventies, this is still the widest model used in the world
for representing common databases>® over others such as the object-oriented model.
These databases do, however, present problems relating to the representation and
handling of imprecise information.
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The concept of imprecise information was formally defined by Zadeh in the
fuzzy set theory,* which specifies that an element may or may not be a member
of a crisp set or may have partial membership with regard to a set.® Imprecision,
vagueness, and uncertainty are types of imperfect information in database and
information systems. One kind of imprecise information is the null value,>*!42
which can be divided into

® existing but unknown value (denoted unknown),

® nonexistent value (denoted by undefined), and

® no information (null).
Existing fuzzy values are also described by fuzzy sets and possibility distributions.*
The representation of fuzzy data in relational models is based on possibility
distributions,'># which appear as attribute values and also on relationships of
proximity (or similarity or resemblance) which are associated with the data
domains. !4+

Vagueness in a database system has been included in the system for two
different tasks’: to admit vague queries to the classic databases*®#’ or to add vague
information to the system.'>1643=45 The summary of DB systems has been extended
to permit retrieval or representation of imprecise information.

Possibility distributions are not always represented by complex functions in
a numerical domain. Possibility functions can be defined as more computationally
efficient functions, e.g., triangular, interval or trapezoidal functions.” Linguistic
labels can also be defined over any of these functions, avoiding any reference to the
real representation of the data and bestowing them with a semantic sense. One of
the most used possibility functions is the trapezoidal function, which is represented
by means of four values: alpha, beta, delta, and gamma, where alpha represents
the trapezoid lower left corner, beta represents the upper left corner, delta the upper
right corner, and gamma the lower right corner, as shown in Figure 1. The possibility
distribution shows the membership degree that any value of the universe has in the
fuzzy set represented by this distribution. For example, we can define the possibility
distribution that specifies a teenager’s age as [11,13,16,18], where the maximum
membership degree (1) is reached in the /3—/6 age range and the remaining ages

Figure 1. Trapezoidal possibility distribution.
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Table I. Similarity relations for the behavior attribute.

Indifferent Calm Loving Restless Eager  Aggressive

Indifferent 1 0.8 0.4 0.5 0.3 0
Calm 1 0.8 0.1 0 0
Loving 1 0.5 04 0.1
Restless 1 0.9 0.4
Eager 1 0.6
Aggressive 1

specified in the trapezoid, //-13;16—-18, have a membership degree which increases
or decreases, respectively, between [0,1]. The remaining values from this interval
obtain a membership degree of 0.

On the other hand, not only do most relational database systems represent fuzzy
information based on numerical domains with possibility distributions but they are
also a representation describing discrete or scalar values in an ordered or unordered
domain. A resemblance relationship can, however, be defined between the elements
defined in the same domain. Two possibility distributions can then be represented in
the same domain or discrete values in an ordered or unordered domain can be related
by defining a resemblance relation between them. This relationship establishes the
similarity degree that two elements in the domain have. Table I shows an example
of how this relation can be defined.

Most of these extended proposals for representing vagueness and imprecision
in database systems consist in adding an uncertainty degree to the tuple inserted in a
table.*®4 Other extensions allow a degree of certainty to be assigned to each value
entered in the database, and on these, the database values may be represented as
possibility distributions.’®>! For example, we can store the following information:
Sally is a toddler instead of saying Sally is 2 years old, where toddler is a label that
represents an interval possibility distribution function with the value [/,3]. Another
extension consists in representing the concept of similarity in a relational database.>?
This concept is based on the representation of perceptions (discrete values) that share
a certain similarity between them, and so a person may be defined as brown, light
brown, fair, or dark. Similarity relations must then be established between each
discrete value, for example, we can fix that brown and light brown have a similarity
degree of 0.8. On the other hand, an attribute of this domain can take a value such
as “someone is brown with a degree of 0.7, and this sentence then relates to all the
elements in the domain (fair, dark, etc.) with a certain degree.

Medina et al.'? introduced the GEFRED model to represent flexible and impre-
cise information within the relational model. This model allows a relational attribute
to store values such as nonnumerical discrete values, numerical values, a set of pos-
sible nonnumerical discrete values, a set of possible numerical values, possibility
distributions on the basis of a nonnumerical domain, and possibility distributions on
the basis of a numerical domain. This definition also allows three special values to
be represented: unknown (when no concrete value is known), undefined (when the
attribute is not applicable), and null (when the value can be unknown or undefined).
The proposal of Medina et al. also includes a formal fuzzy language definition
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Table II.  Structures for representing fuzzy data types values.

Structure Description Example

Approx represents an approximate value of the one Annie is about five years old
given. The representation of this possibility dis-
tribution is equivalent to a triangle
Interval represents an interval value. The representation  John is between 23-25 years old
of the possibility distribution is like a square
Trapezoidal ~Represents a trapezoidal value. The representa- ~ Adolescence is between 13—17 years old (but
tion of the possibility distribution is trapezoidal  the margin can be extended between 11-13
and 17-18 with a smaller degree)

Crisp represents a common numerical value Mike is 1.72 meters tall
Label represents a value using a label. The value can  Mike is old. Old is a trapezoidal value such
be any of the remaining fuzzy data Type 2 as [65, 70, 80, 90]
Null represents a null value The value is unknown and undefined. It has
no value
Unknown represents an unknown value The value is unknown
Undefined represents an undefined value The value is undefined

(FSQL) and an implementation of the model called FIRST. FSQL is based on the
SQL standard, and the fuzzy data structures and operation management are repre-
sented using various new commands that have an equivalence in the SQL language.

The authors introduced the following three new data types into a classical
RDMBS for representing this fuzzy information:

® Fuzzy data type I, or CRISP data type, which allows attributes to store classic data which
can be fuzzy queried;

® Fuzzydatatype 2,or POSSIBILISTIC data type, which allows attributes to store fuzzy data
using possibility distributions defined on a numerical domain; the information represented
using this fuzzy data type can use the structures shown in Table II to store the data values.

® Fuzzy data type 3, or SCALAR data type, which allows attributes storing fuzzy data
that are represented using possibility distributions defined on a nonnumerical domain.
For example, we can define these values for a variable that represents a cat’s behavior:
indifferent, Calm, Loving, Restless, Eager or Aggressive. Relations between the different
values are defined by a similarity degree, as shown in Table 1.

To represent all these fuzzy data types, various tables must be included in the system
catalog and these are called the fuzzy metaknowledge base (FMB).>® These tables
record all the fuzzy attributes, values, labels, and discrete values defined in the
system, and the parameters implied by these definitions.

2.2. Extended System

Once fuzzy data types have been defined in the system, other extensions appear
to exploit such data.* A proposal to deduce information stored in a fuzzy DBMS
introduced various new relations in the FMB. These relations record new intensive
relations, extensive relations, temporary tables, and other information relating to the
deduction operation® and the fuzzy data types.
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Meanwhile, another proposal for knowledge discovery using data-mining tech-
niques appeared over fuzzy DBMS.’® Fuzzy DBMS operations require new struc-
tures to be incorporated to the system catalog so that the information may be managed
properly. As a result of all these extensions, the system catalog became impracti-
cable and incomprehensible with the inclusion of so many difficult-to-understand
structures in the catalog. New extensions to such a system require vast reconstruction
of this catalog and a large number of resources.’*>’” The main problem, however,
arises when the end user accesses this information since an alternative interface
is necessary>® which allows access to the DB information regardless of how this
information is stored in the DBMS. This paper proposes an alternative that uses an
ontology as the solution to achieve this task.>’-3

2.3. Databases versus Ontologies

Ontologies are introduced in the semantic Web as the main mechanism for de-
scribing the content of a Web page.>® This description can be made using different
languages.®*=2 Most of these are based on first-order logic (FOL) (e.g., OWL,?}
RDF,?* KIFF, etc.) and make the definition process very tedious. The most popu-
lar are the frame-based languages implemented in ontology management systems
(OMS) such as Protege,”> WebOde,?®?” Ontolingua,’® or WebOnto?® among others.
There are, however, drawbacks to all representation methods. FOL-based languages
are too complex to be managed, but they are very good at inferring knowledge and
they are independent of the application tool. OMS, meanwhile, represent a very
easy ontology development interface, but representations are deeply dependent on
the tool. These systems do, however, allow translations to be made into most FOL
languages, thereby avoiding syntax mistakes. A detailed classification of ontology
representation techniques can be seen in. Ref. 63.

Ontologies should provide consensual knowledge about a certain domain or
area, and theoretically, these should be shared and populated so that this knowledge
can be interchanged by the community. Such ontologies would allow common appli-
cations to be developed because of their compatible formats. Current work, however,
demonstrates that each enterprise, project, or study develops its own ontology, uses
its own language, and implements its own applications. General purpose ontologies
(such as Cyc®) failed due to their low acceptance.>%® New trends in ontology
representation are leading toward the integration of ontologies using matching and
mapping processes.5’

A large number of database-matching algorithms and studies have been revived
to use similar developments with ontologies.> %70 There is a great deal of debate
about whether databases can be considered as ontologies when they represent a con-
crete domain knowledge. Some trends consider database schemas to be lightweight
ontologies??3%7! because they lack the axioms which allow inferences to be made.
Others consider ontologies and databases to be very similar, but they are not devel-
oped to represent the same aspect of the domain.”> We consider database schemas to
represent knowledge as ontologies do, but the resulting hierarchy could be a little flat
and logical axioms could represent different kinds of restrictions (these are database
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constraints). In general, however, they can be used to share stored information with
the other semantic Web users and agents, and to profit from the new technologies
developed around ontologies.

Many other proposals have been developed to enable database schemas to be
accessed using ontologies. Most of these representations focus on populating the
DB information in the semantic Web. These approaches only use relational schemas
as a back-end system for retrieving data from databases through ontologies as a
query interface.3>7>~7> The majority of these proposals define a declarative markup
language for making the translation. Another uses a traditional closed program
that establishes the mapping between the ontology and the database schema (e.g.,
Data Genie’®). This last choice is obviously deeply dependent on the system and
is nonscalable. The language-based method, however, is more independent of the
system but programs also carry out the translation.

Another kind of proposal is that which attempts to represent database metadata
(the schemas) as ontologies and this proposal is dealt with in this paper.

3. RESEARCH DESIGN
Many definitions of the ontology concept have been proposed in recent years.??
Studer?” defines an ontology as a formal, explicit specification of a shared concep-
tualization, where

® formal means that it is machine readable;

® explicit specification represents the concepts, properties, relations, functions, constraints,
axioms that are explicitly defined;

® shared means that knowledge must be consensual; and

® conceptualization represents the fact that an ontology must be an abstract model and a
simplified view of some phenomenon in the world that we want to represent;

and this definition summarizes the essence of an ontology. Other definitions for
ontologies are very similar to the most referenced one which was given by Grubber?!
or Guarino.'8:1?

In the development process of an ontology that represents a fuzzy extension
of the SQL standard, two ontologies must be defined. The first is defined to allow
the schemas of a database to be represented as instances of this ontology. Classes
of this ontology then represent the fuzzy metaknowledge base (FMB) of a database
management system. Final data (the tuples of a relation) cannot, however, be defined
using the instanced schema. Since instances can never again be instantiated, a new,
second ontology, with classes representing the schema, must be defined where the
values can be stored. In addition, all the fuzzy data structures that allow fuzzy
information to be stored must be defined in this ontology as we will see in the
following sections.

This proposal, however, goes further than merely representing SQL, but also
establishes the bases for representing other operations that work with fuzzy data
stored in databases such as data mining or fuzzy information deduction operations.
This ontology has, therefore, been divided to establish the separation between the
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concept of database schema and the management of the stored DB data. This division
makes the following two subontologies more portable and reusable:

® Database schema subontology: This subontology describes all the schema elements spec-
ified in the SQL standard. These elements are only those which are related with the
relational database representation. Some modifications to the standard are also included
for representing fuzzy information as fuzzy columns and fuzzy data types. In brief, this
subontology represents the metadata of the (fuzzy) extended SGBD catalog. The instances
of this ontology define and manage DB structures such as tables, columns, constraints,
index, etc. An example of a fuzzy SQL table definition, which can be made in this
ontology, is

CREATE TABLE PLAYERS (

PLAYER VARCHAR2 (60) NOT NULL,
TEAM VARCHAR2 (30) NOT NULL,
HEIGHT FTYPE2 NUMBER(3)...

® Fuzzy data subontology: This subontology describes the schema of a relational database
(the domain of a described problem) previously defined as instances in the database
schema subontology. In its class hierarchy, it includes the classes that define the schema
and the fuzzy data type structures defined in Section 2.1.7 This last group of classes must
be defined since this type of fuzzy data structure has never been defined before. Instances
of this ontology enable users to define or manage data in the ontology. This ontology is
to be used as an interface to make queries or definitions but never to store information;
storage management is better accomplished in a DBMS. The following description shows
the kind of information and the operations managed by this ontology:

INSERT into PLAYERS values (’P6’ ,’Malaga’,
'Very tall’,...)

This example shows a tuple insertion in a fuzzy DBMS using the FSQL language.”® An
in-depth description of this subontology is beyond the scope of this paper.

3.1. Database Schema Subontology

An ontology that represents the SQL standard schema enables any database
schema definition”” to be independent of the DBMS where it is defined. In addition,
once the schema has been translated into instances within the ontology, the schema
can be imported or exported to another DBMS or could even be published on the
Web so that its knowledge representation could be shared.

The SQL standard has been widely researched and Laborda®> proposes the
definition of only a few of the basic relational structures as a metaontology to
communicate peer-to-peer databases. Trinh et al.’”® define most of the relational
database structures as an ontology, and this representation includes the DB constraint
definition as the semantic restriction of the ontology.

The proposal of Sujatha et al.”® represents relational database schemas using a
tool that translates them into OWL. All these proposals define their ontologies using
OWL. Dou et al.®® develop a process for representing the main relational database
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structures in the semantic Web, and this proposal is based on its own declarative
language. Calero et al.,}' on the other hand, described the ANSI standard SQL
200377 using UML and defined it as an ontology to be used to represent relational
database schemas. Another approach (Ontobase®?) develops a tool that automatically
represents database contents as a metaontology. Ontobase is a Protege plugin that
imports database schemas to the Protege representation format.

In our proposal, we use the ontology of Calero et al.®! to represent the standard
ANSI SQL 2003, and in this ontology predefined data types and fuzzy data repre-
sentation structures are defined. The formal definition of the fuzzy data structures
allows the fuzzy data already stored in a DBMS to be represented.

The process of developing the database schema ontology is as follows:

® The ontology of Calero et al.}! is pruned by eliminating all the object structures in the
SQL 2003 schema definition.

® The resulting ontology is detailed with the predefined data types specified by the hierarchy
of Pardede et al.®* and an extension of fuzzy data types, as shown in Section 3.1.

® The merged ontology is modified to incorporate the fuzzy structures into the schemas.
The resulting ontology description is detailed in Section 3.1

3.1.1. Data Type Definition

The SQL standard (in particular SQL:2003) defines three kinds of data types:
predefined types (also known as “built-in data types”), constructed data types, and
user-defined data types (further details of which can be found in Refs. 77, 81,
84). These data types have already been represented using different knowledge
representation methods. One of these consists of the use of an ontology that models
all the SQL:2003 data types using UML notation (see Ref. 81). However, this
representation lacks explicit representation of the predefined data types and this can
be found in Ref. 83, although fuzzy data type representation is not included.

The data type hierarchy presented in the work of Pardede®® specifies all the
predefined SQL data types as shown in Figure 2. The ontology presented by Calero
et al.! represents all the SQL data types as an ontology and establishes the cor-
respondence between them. The proposed ontology extends rather than modifies
the SQL standard data types, as shown by the dashed line in Figure 2. The fuzzy
data types represented in this correspond to those defined in the FIRST architecture
mentioned in Section 2.1.

1

Predefined Types | Constructed Type Hh;'r-lk'l'mur. Types |
: l N S U e e

‘ String ‘ |Bw|uu.1| |I||:l.'r\'.|| | |1‘Ji|[l:Tilm: [.-\mmb.' ”(..:qwu H Distinct

Numeric

Saructerod

Figure 2. The taxonomy of Pardede®® of predefined SQL data types and an extension with fuzzy
data types with a dashed line.
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DataTypes

——

Fuzzy
UserDefinedType Constructed Predefined
Numeric % FTEscalar FTypel
coalnt i hasNumeric Type = margen : float len: int
i : much: float
FTypel FType2

Figure 3. Fuzzy data type ontology.

Both representations are merged and the resulting ontology is then extended
with the representation of the fuzzy data types. In Figure 3, the standard data types
(those which are on the first level of the hierarchy) are presented with the fuzzy data
types. The relation between the fuzzy data types and the classic data types is also
detailed in Figure 3. More specifically, fuzzy data type 2 is related with the numeric
data type, which specifies that every fuzzy data type 2 has a numeric value structure
associated with it.

3.1.2. Ontology Schema Description

Once the ontology of Calero et al.®! has been pruned (object structures have
been eliminated) and the data types have been defined, the ontology is extended to
represent fuzzy information.

There is only one significant change and that is the column class is classified
into two subclasses: base_column and fuzzy_column. The first represents classic
columns and keeps all the same relations and attributes as the previous column
class in the work of Calero et al. The second represents all the fuzzy columns
represented in the DB. There is no relation between the fuzzy_column class and the
other classes because the fuzzy attributes cannot be foreign keys or primary keys in
the schema. In addition, it defines three new attributes called NullableCharacteristic,
UnknownableCharacteristic, and UndefinableCharacteristic. All of these attributes
represent whether the defined column can manage the null, unknown or undefined
values, respectively. Figure 4 shows the resulting ontology.

In this ontology, the Table class is defined as a metaclass (it is a subclass of the
owl:class in OWL). This metaclass also allows us to define all the tables described
in the schema as classes.
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Figure 4. Schema ontology based on the work of Calero et al.®!

This declaration is necessary to relate both subontologies (schema and data
subontologies) since there is always correspondence between an instance in the
Table Class in the fuzzy schema ontology and the corresponding class in the data
ontology representing such a table.

The resulting ontology has been managed in two ways: first, through the use of
a tool to represent ontologies (Protege®); and second, through the use of a language
(OWL) and an API for managing it (JENAS3). Both representations are described in
the case study in Section 4.

3.2. Data Ontology

When the schemas are defined in the previous ontology as instances, the in-
formation representing this schema must be stored in a class representation. A new
ontology must then be developed. The new ontology depends on the structures de-
fined in the schema and some classes that represent fuzzy data structures enabling
fuzzy values to be stored. There is no need to define classic data structures since
they have already been defined and are known as XML data types. Correspondence
between XML data types and SQL predefined data types is shown in Table III.

All the fuzzy data structures are based on predefined data types, but each
representation has its own meaning.® A description of all these data structures and
the remaining data ontology is shown in Figure 5. Each attribute defined in the
ontology has a value (hasValue relation). There is a correspondence between each
data type definition of the previous ontology with a fuzzy data structure defined in
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Table III. Correspondence between SQL Data Types and XML Data Types.

431

SQL Data Type XML Data Type Facet
String, Bit, fixed xsd:hexBinary or  no facet
xsd:base64Binary
String, Bit, varying xsd:hexBinary or  xsd:maxLength
xsd:base64Binary
String, Character, Fixed xsd:String xsd:length
String, Character, Varying xsd:String xsd:maxLength
String, Character, clob xsd:String xsd:maxLength
Boolean xsd:boolean no facet
Interval xsd:duration xsd:pattern
Numeric, Exact, Numeric xsd:decimal xsd:precision, xsd:scale
Numeric, Exact, Decimal xsd:decimal xsd:precision, xsd:scale
Numeric, Integer xsd:integer xsd:maxInclusive, xsd:minInclusive
Numeric, Smalllnt xsd:integer xsd:maxInclusive, xsd:minInclusive
Numeric, Biglnt xsd:integer xsd:maxInclusive, xsd:minlInclusive
Numeric, Approx, Real xsd:float, xsd:double no facet
Numeric, Approx, Double Precision xsd:float, xsd:double no facet
Numeric, Approx, Float xsd:float, xsd:double no facet
DateTime, Date xsd:date xsd:pattern
DateTime, Date xsd:time xsd:pattern
DateTime, T.Stamp xsd:dateTime xsd:pattern
Domain Clisses
Fuzzy Valwes I
(ol V1| U2
[ I
FTypel _Senact FTwpe? _Struct Flyped St
val MNameric 1
Kl L2 ¥
|
Labhel Lrisp Discrele
] L Hmeric treeshold : Floalf0.1]
[nterval
Undefimed Approx .
o Numric a: Nusneric T 1..margzn
= b Numeric 3
Unknown ,_Er a Trapezoid -4 3 -
F alfa: Numeric g I Pass _Disr
T beta: Numseric E
delta: Mumenic ]
gaitima: Numenic
Lgpe| Label Defmition
- e String k Dhsezete_Relaisons
Fuzzy_Columa o -referencedTypel  —— Discrete_Definition relates |similarity- Float [0.1]
{ froem schema mame: Siring [
ontology) rl———cferenced Typed

Figure 5. Data ontology. Fuzzy structure definition.
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432 BLANCO, VILA, AND MARTINEZ-CRUZ

this ontology (Figure 5) or an XML data type shown in Table III. There are also
other classes in the ontology that represent all the labels and discrete values in the
domain, and these include the label_definition class, which allows all the labels to
be controlled, and the discrete_definition class, which allows all the discrete values
to be defined in the DB. The discrete_relaton class stores the relation between the
different discrete values.

Rather than being developed to store information, this ontology has instead
been created to construct queries or as an interface enabling better communica-
tion between users and the database. A DBMS is responsible for managing the
information represented by the previous ontology.

4. CASE STUDY

The proposed ontology is defined by first developing the schema subontology
(henceforth this will be called the schema ontology). The main reason for this is that
metadata structures must be represented before definition of the schema structure
enabling data to be stored.

There are two different definitions for the schema ontology:

® The first defines the ontology using an ontology-development tool and Protege®% is

the tool chosen for this purpose. This representation allows us to automatically generate
the data ontology by developing a plugin for the tool. This tool provides the API which
enables this utility to be developed and an example is shown in Section 4.1.

® The second defines the ontology using the ontology definition language OWL.?*%7 This
choice focuses on publishing this ontology on the semantic web and making it accessible
to most users (not only Protege ones). This representation is managed by using the API
provided by JENA.®> An example is shown in Section 4.2.

Once the ontology has been generated, a schema is defined by instancing the
ontology. The example consists of a veterinary cat clinic which is defined using a
UML class diagram as shown in Figure 6.

The resulting tables extracted from the UML representation are

CATS ( CatID INTEGER PK,
CatName STRING (20),
Age FTYPE2 (1,2) FLOAT (1),
Weigh FTYPE1l (0.4,2.0) FLOAT (2),
Character FTYPE3 (3),
hasBreed (BREED. BreedName) )
BREED( BreedName STRING (100) PK,
CharacterB FTYPE3 (3 ))
VISIT( Date Date PK,
Price FLOAT (2),
Cat (CATS.CatID) PK)
TREATMENT (
illness STRING (200)
kind FTYPE3 (2)
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CATS
BREED
CatlD ; Intege P T
('.':?\:u:m: ”.' ;j::lzg (20 praioted & BreedName ; String (100)
Age: FType2 (Float) CharacterB : FTyped
Weigh: FTypel (Float)
Character:  FTyped

TREATMENT MEDICINE
VISIT illness: String (200) - prescribe MedicineName : String { 100}
Date : Date Kind: FType3 dose: FTypel (Float)
Price: Float
PERIODICAL SPORADIC
period: Integer rule: String (200)
duration: Integer

Figure 6. UML representation of the veterinary cat clinic example.

Date (VISIT.Date) PK,
Cat (VISIT.CatID) PK)
MEDICINE (

MedicineName STRING (100) PK,
dose FTYPE2 (0.5,3) FLOAT (2) )
PRESCRIBE (

Medicine (MEDICINE.MedicineName) PK,
Date (TREATMENT .Date) PK,
Cat (TREATMENT.CatID) PK)

PERIODICAL TREATMENT (

Date (TREATMENT .Date) PK,
Cat (TREATMENT.CatID) PK,
duration INTEGER,
period INTEGER)

SPORADIC TREATMENT (

Date (TREATMENT .Date) PK,
Cat (TREATMENT.CatID) PK,
rule STRING (200) )

4.1. Protege Representation

In this section, we will show how the schema ontology is defined using the
Protege tool (Figure 7). Once the classes and relations of this ontology have been
defined, the schema in the example is represented by instancing the corresponding
classes. Some of these are shown in Table I'V.
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Figure 7. Protege schema ontology representation.

The plugin developed for the Protege tool attempts to automatically generate the
data ontology corresponding to the previously defined schema. This implementation
develops the following operations:

® Instances of the Table Class are also classes (since Table is considered a metaclass), but
their properties must be defined. A new set of properties are generated for each column

assigned to the ObjectProperty hasColumns.

Table IV. Some Instanced Classes for Defining the Cat Clinic Example.

Class InstanceID Description

BaseTable Cats Table Cats

CatlD UniqueColumn Attribute of table Cats. This is Primary Key
PKCats PrimaryKey Name of Primary Key Constraint

CatAge FuzzyColumn Fuzzy Attribute of table Cats

FType2 FDT_CatAge Fuzzy Data Type of Attribute CatAge
Character FuzzyColumn Fuzzy Attribute of table Cats

FType3 FDT_CatCharacter ~ Fuzzy Attribute of table Cats

hasBreed BaseTable Fuzzy Attribute of table Cats

ReferencialConstraint ~ FK_hasBreed Foreign Key of attribute hasBreed
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. A
- CalD

Generated Ontology

B Cattiams

Figure 8. Plugin and schema ontology representation.

® Instances of the Column class are converted into ObjectProperties, the domain of which is
the class representing the table where the column is. The range is the class corresponding
to the data type of the column.

® Each datatype domain definition will establish the kind of XML value that each Object-
Property has access to. If the DataType domain is fuzzy, then the range is the corresponding
fuzzy structure defined in the data ontology.

® Cardinality restrictions limit the number of values that an ObjectProperty can have to one.

® Datatype properties of the FuzzyColumn class: NullabilityCharacteristic, Undefinabil-
ityCharacteristic, and UnknowlabilityCharacteristic become a restriction for avoiding
selecting the data type values null, undefined, or unknown, respectively.

® Therange value of the foreign key attributes is the table class referenced by these attributes.

The new ontology is generated automatically using a plugin as shown in
Figure 8.

4.2. OWL Representation

The schema ontology is also represented using OWL to make this ontology
accessible for most users, not only those who work with Protege. In addition, an
OWL representation allows the ontology to be published on the semantic Web and
for users or agents to access it. Ontology users can then use the schema ontology to
discover how fuzzy information is represented in fuzzy databases or they can access
the schemas defined in this ontology.

Once the OWL schema ontology has been represented and the Cats schema
has been defined on it, these ontologies are managed using the JENA®> API which
provides JAVA functions for managing the OWL ontologies.
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<M ml version="1.0"7=
<ndf :RDF

xmins crdf ="hitp2!/  www.wiorg /1999/0222-  rdf -symtax- ns#”

xmins cxsd ="htpe/l  wwwow3org 20010 XMLSchema #"

xmins crdfs ="hup:/  wwwowdorg 2000000  rdf -schemat"

xmins owl="httpz/  www.w3.org 200207 owl¥”

xmins fdischo ="hup:/  personalesyacom  /fkrowl (fdischo (fdischoowl  #

xmins ="http:/(  personales.yacom  /fkrowl /fidtscho /catschemaowl #"

xml chase="httpe/  personales.ya.com /fkrow] (fdtscho (catschema.owl ">
<owl:Ontology  rdf :about="">

<owlimports  rdfresource="http! personales.yacom  /fkrowl /fdischo /fdtscho.owl ">
<fowl:Ontology>

< fdischo :BaseTable  rdf :ID="Table_Cats">
< fdtscho :hasColumns  rdf:resource="# CatAge ">
< fdscho hasColumns  rdf cresource="¢ CatlD ">
< fdtscho :hasColumns  rdf :resource="# CatName ">
< fdischo :hasColumns — rdf resource="# CatWeight ">
< fdischo :hasColumns  rdf :resource="#  CatCharacter ">
< fdtscho :hasColumns  rdf :resource="§ hasBreed ™
</ fdscho :BaseTable  rdf :1D="Table_Cats">

>

< fdischo :FuzzyColumn  rdf:ID=" CatAge "=
< fdtscho :nameCol rdf :datatype  ="hup/  wwww3org 2001/ XMLSchema #string">Age
</ fdischo :nameCol >
< fdischo chasFuzzyType =
< fltscho :FType2 ndf:ID=" FDT _CatAge ">
< fdischo cmargin  odf datatype  ="hup! wwww3org 20000 XMLSchema  #loat™>1.0
< fdtscho :margin=
< fdischo :much rdf :datatype ="http://  www.wlorg 2001/ XMLSchema #float” >2.0
< fdtscho :much>
< fdtscho :hasNumenicType  ndf resource="#DT_  CatAge ">
</ fdischo :FType2 =
</ fitscho :hasFuzzyType =
< filtscho FuzzyColumn =

<fdischo :BaseColumn  rdf:1D=" HasBreed ">
< fitscho :hasDataType  rdfresource="#DT_  BreedName "/>
< fdischo nameCol  rdf :datatype  ="hup// www.w3org 2001/ XMLSchema  #string”
> hasBreed </fdischo nameCol >

</ fdischo :BaseColumn =

Figure 9. OWL code for Cat schema representation.

The developed tool implements two main operations:

® Translation of the defined schema in the ontology as instances in an SQL sentence. This
sentence is capable of managing all the necessary catalog structures to define the fuzzy

schemas in any RDBMS.

® A process that allows the DBMS catalog to be represented in any RDBMS that requires

fuzzy data representation.

International Journal of Intelligent Systems DOI 10.1002/int

85US01 SUOLULIOD BAERID 3|ed!fdde 8u) Aq pauseA0B 2.2 S3pILe YO 88N JO S| 104 AReIq 1 BUIIUO AB]IM UO (SUOIPUOD-PUE-SLLLBYLIOD /B IN AFec| U IUO//SHRU) SUORIPUOD PUe SIS L 8U) 885 *[5202/S0/vT] U0 AR 8ulluO 4311 ‘Sefjiunbe se snduted ser 80 PepSIBAIUN AQ 202 W1/Z00T 0T/10p/L00"B] 1 Atiq1puI|UO//SARY Wo1) papeojumoa ‘Y ‘8002 ‘XTTT860T



ONTOLOGIES FOR REPRESENTING DATABASE SCHEMAS 437

<fdts cho: ReferentialConstraint  rdf:1D=" FK _hasBreed ">
<fdischo referencedUnique  rdf:resource="¢ PK _Breed"/>
<fdtscho :ObjectName  rdf:datatype ="http:/ www.ow3l.org 2001/ XMLSchema #string™> FK _hasBreed
</ fdtscho :ObjectName =
<fidtscho :referencedColumn  ndf :resource="# Col _HasBreed ">
<fidtscho :constraimtTable rdf sresource="#Table_Cats">

</ fdtscho :ReferentialConstraint =

Figure 10. OWL code for Cat schema representation. Extension.

CREATE TABLE CATS(
CatlD INTEGER() PRIMARY KEY,
CatName  VARCHARZ (20) NOT NULL,

AgeT NUMBER(1) NOT NULL,
Agel FLOAT(1),
Age2 FLOAT(I),
Aged FLOAT(1),
Aged FLOAT(I),
Weigh FLOAT(2),

CharacterT NUMBER(1) NOT NULL,
CharacterPl NUMBER(3),

Character] NUMBER(3),

CharacterP2  NUMBER(3),
Character2 NUMBER(3),

CharacterP3 NUMBER(3),
Character3 NUMBER(3),

hasBreed VARCHAR (100);

CONSTRAINT  FK _hasBreed FOREIGN KEY( hasBreed ) REFERENCES Breedi BreedMame )
)

Fuzzy Attributes

INSERT into Fuzzy_  Col _List values (Cats,  AgeT 2,1,7);
INSERT into Fuzzy_ Col _List values (Cats, Weigh, 1,1,
INSERT into Fuzzy_  Col _List values (Cats, Character,3,

characteristic of attributes FTYPE! and FTYPEZ2
INSERT into Furzy_  Approx _Much values|Cats, AgeT 1.2)
INSERT into Fuzey_ Approx _Much values| Cats, Weigh,0.4,2.0);

3%

Figure 11. Returning SQL code for representing the Cats table in a DBMS.

A brief segment of the OWL code that represents the Cat schema example is
shown in Figures 9 and 10. The developed tool uses a command prompt in order to
execute its functions. A segment of SQL code returned from this tool that creates
the CATS table in any DBMS is shown in Figure 11.

To represent a table in a Fuzzy DBMS, various operations need to be carried out.
First, the table is defined with a variable number of columns; the number of columns
depends on the parameters defined in each fuzzy attribute. Second, certain control
data are stored in the fuzzy metaknowledge base (the extended catalog), FMB. These
controls consist in knowing which columns are considered fuzzy and the parameters
defined in each fuzzy data type instanced. Fuzzy _Col_List and Fuzzy Aprox_Much
are then two of these FMB relations.
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5. MODEL USES

5.1. Integration of Information

Once the schema ontology has defined some fuzzy or classic database schemas
as ontologies, the metadata and structure definition can be defined at any place
(any RDBMS or similar) and published so that either intelligent agents or users can
access these schemas and the information represented in them.

There are two basic operations when a database has been represented as an
ontology: on one hand, the exportation process that allows an ontology to be gen-
erated from a database schema, and on the other, the importation process that
allows a database schema to be generated using an ontology. These schemas from
heterogeneous DB sources can be integrated using the proposed ontology as the
communication layer.

By treating the schemas represented with this proposal as ontology data, users
can then exploit them with all of the developed technologies for managing on-
tologies. Operations that can be run with ontologies include comparing, pruning,
importing, exporting, evaluating, integrating, mapping, merging, alignment, and
reasoning.

Merging is one of the most interesting and useful operations, which are possible
with ontologies. The integration of schemas (sometimes called fusion) helps users
unify information from many sources and use it in a joint way. Although information
integration is a very complex problem, with this proposal some of these problems
have been softened due to the fuzzy structures represented, with only those referring
to information itself remaining. The following are examples of various integration
problems with an explanation of their solutions:

Case 1: having a crisp relational DB and a crisp relational DB similar to the previous one

(e.g., they might have different granularity in the representation of measures);
Case 2: having a crisp relational DB and a fuzzy relational DB representing the same reality;
Case 3: having two fuzzy relational DB representing similar realities.

In case 1, the problem can be solved by developing a new fuzzy database that
establishes one kind of granularity and then adapts the included information as
fuzzy data with a membership degree in keeping with the measure unit represented.

In case 2, the problem is resolved by adding the CRISP data to the fuzzy
relational database with a membership degree of 1.

In case 3, information about the two fuzzy relational databases should be
integrated by giving a different membership degree depending on the resemblance
between the fuzzy column and the included data in it.

As we can see, representing fuzzy structures as an ontology can simplify the
integration process of DB schemas.

5.2. Sematic Web Integration
The semantic Web®-% is ideal for sharing and exchanging information by
means of semantic searches of the semantically described pages and resources
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which are available online. Ontologies are one of the mechanisms for semantically
describing web-accessible information.”® Annotations are another mechanism which
have also been proposed for this purpose as described by McCool in Refs. 66 and
91.

There are a wide variety of resources available on the Web (whether semanti-
cally described or not) including Web pages, different kinds of documents, applica-
tions, forms, lists, and even schemas that represent data structures. The most common
schema representations are XML schemas, database schemas, and currently OWLS?’
schemas or RDF.?*

Various Web applications allow access to public databases and one example of
this kind of application is the ISQLPIlus,” a front-end application which accesses
any database with published identification. Specification of a database’s contents
is, however, necessary so that these may be explored and this is a good reason for
developing a tool to represent databases schemas and make them available on the
web. OWL schemas or RDFS are the most widely used for describing database
schemas on the semantic Web.

On the other hand, fuzzy data requires a particular representation of metadata
to be published so that it may be accessed. The proposed ontology in this paper
describes the metadata of such fuzzy information which allows users or applications
to manage the fuzzy information stored in databases.’® The ontology described in
OWL allows the fuzzy data schemas to be published on the semantic web and the
fuzzy data available in these fuzzy database systems to be accessed.

6. DISCUSSION

In this paper, the same ontology has been developed using two different tech-
nologies. On one hand, the Protege tool has been used to represent the schema
ontology due to its intuitive interface for developing frame-based ontologies. This
tool was chosen because it allows metaclasses to be managed, an uncommon feature
in other tools such as WebOde, OntoEdit,”® and many others. Protege also provides
an API for developing other tools over the ontologies represented in this environ-
ment. The tool which is eventually developed will always depend on the Protege
environment and the ontology has a specific representation which is only compatible
with other Protege versions.

Representing an ontology using a knowledge representation (KR) language
(namely OWL) does, nevertheless, make this representation independent and allows
access to anyone wanting to access it. In addition, various APIs have been developed
to enable ontologies to be managed in OWL, and Sesame®* and JENA® are the most
widely used.

OWL is not, however, without its disadvantages and this representation tends to
make the output of these KR languages easy for machines to parse at the expense of
human readability. Representing an ontology in OWL is, therefore, tedious because
the language is complicated and the definitions are extremely long. Transcribing it
manually is also impossible as mistakes are all too common. One solution might
consist in using an OWL language editor or a development tool to generate the OWL
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ontology, and then use it separately later. Most ontology-development tools include
a translator to many ontology languages such as OWL, RDF, or KIF.

7. CONCLUSION AND FUTURE LINES OF RESEARCH

In this paper, we have proposed an ontology that defines a fuzzy relational
database management system the (GEFRED model). This ontology represents the
fuzzy database catalog that allows relational schemas to be defined to represent fuzzy
and classic data. OWL is the language chosen to represent such an ontology and
this allows the fuzzy DBMS structure and schemas to be included on the semantic
Web. This inclusion adds new kinds of information to existing Web resources such
as HTML documents, active pages, dynamic data, etc. Search agents can therefore
obtain data from FDBMS automatically since the FDB structure specification is
formally defined in a public ontology. The schemas that represent fuzzy data are
also published on the web so that they can be accessed by the entire community.

Not all the semantic Web resources are semantically described as established
by recent trends, and some of these Web resources are applications, which cannot
be described semantically, or database schemas, which are described semantically
using relational models. One example of this kind of application consists of front-
end interfaces to databases, such as ISQLPlus(c).”> The existence of this kind of
application justifies the publishing of fuzzy DB schemas.

The representation of a fuzzy data schema entails a hard learning process about
how the system catalog is defined to define new fuzzy information on it. A fuzzy
table representation has nothing in common with a common classic SQL table. The
process is totally different since the number of relations implied in this process
is larger. The problem becomes harder when new capabilities are added to the
DBMS since the catalog has been extended. The schema ontology definition has
simplified the process of defining fuzzy schemas because this ontology presents the
concepts of this extension in addition to a specific DMBS representation. Moreover,
this ontology presents the fuzzy extension concepts which are ordered, formally
defined, and minimized.

By representing FDBMS as an ontology, not only can the fuzzy data cata-
log be easily exported to other DBMS but so can the defined schemas. The goal
of the definition of the exportation process is to solve all the problems which exist
when a migration is carried out between different DBMS representations (Oracle(©),
MySQL(©), PossgreSQL, etc.). This is because each DMBS representation has its
own special features (each DBMS representation does not have the same implemen-
tation of the SQL standard). On the other hand, the importation process means that
a represented schema can change the DMBS representation. Using this ontology, it
is possible to import and export schemas regardless of where the catalog has been
constructed.

This representation is not, however, limited to describing standard SQL and
classic database schemas and operations. This proposal establishes the basis on
which other data models or operations can manage the already represented fuzzy
information. Once the basic structures have been defined, new data types or operators
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can, therefore, be easily described using the previous one and making more complex
and functional ones. Some extensions to this basic proposal are described as a future
line of this work.

Finally, fuzzy data representation can simplify the integration process of in-
formation from heterogeneous sources. By using ontologies as interfaces, different
schema representations (e.g., XML schemas, DB Schemas or other schema from
heterogeneous sources) can be integrated in the same way.

7.1. Limitations

An ontology is not, however, a data representation tool, and it is only defined
to act as an interface between the user and the database due to the problems arising
from this communication. Although the ontology attempts to organize the structures
necessary for the formal representation of fuzzy information, it is not efficient when
it comes to storing and managing the information stored in the represented database
and so a close communication between the ontology and the database is, therefore,
implemented in each developed function. Databases are in charge of managing the
information.

On the other hand, the proposed ontology only represents information systems
based on the relational model. The representation of information based on the object-
oriented model is not supported by this ontology, although the standard SQL 2003
includes these capabilities in its definition.

Finally, this ontology lacks the representation of certain restrictions that are
not allowed in the relational model. Deduction is not in fact the main objective of
this ontology representation, and therefore various constraints about a real-world
domain of the schema representation has not been considered in this proposal.

7.2. Future Directions

This ontology will be extended so that new capabilities may be added. Many
proposals have been defined theoretically to enable fuzzy databases to make deduc-
tions using fuzzy data, and an additional proposal has been described and imple-
mented to perform data-mining operations using this fuzzy data. Both extensions
include new structures to be added in the data catalog of the fuzzy database represen-
tation of the theoretical model described in this paper. The ontology will provide a
formal frame to represent a new and more complex catalog. This representation will
act as an interface between the users and the database making these new capabilities
more accessible and understandable.

A friendly interface that allows users to define their own fuzzy DB schemas,
and data are another task to be developed. This interface should prevent users having
to manage with OWL or specific ontology-development tools to define their own
schema.

On the other hand, the data ontology enabling the schema to be represented as a
set of classes provides an excellent interface for querying the database. An interface
that helps the user to construct a query that will later be sent to the database is
therefore a natural extension to this proposal.
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The last goal proposed for this ontology is to develop a tool that solves the four

types of conflicts for integrating schemas: i.e., naming conflicts, data type conflicts,
data scaling conflicts, and missing data conflicts.>%° By solving these conflicts, fuzzy
database schemas could communicate and exchange their data using the ontology
as an interface. Other represented schemas can then be added to the integration
process.
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