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Abstract- First, Similarity Of Fuzzy Ontology Generation For
Semantic Web, Fuzzy Formal Concept Analysis incorporates
fuzzy logic into Formal Concept Analysis (FCA) to form a fuzzy
concept lattice. The fuzzy ontology is an extension of the domain
ontology for solving the uncertainty problems. Fuzzy
Conceptual Clustering then constructs the concept hierarchy
from the fuzzy concept lattice. Finally, Fuzzy Ontology
Generation generates the fuzzy ontology from the concept
hierarchy. We also discuss approximating reasoning for
incremental enrichment of the ontology with new upcoming
data. Finally, a fuzzy-based technique for integrating other
attributes of database to the ontology is proposed. In this paper
proposes a series of fuzzy ontology models that consist of fuzzy
domain ontology and fuzzy linguistic variable ontologies,
considering semantic relationships of concepts, including set
relation, order relation and equivalence relation. Application of
the fuzzy ontology to transportation knowledge modelling shows
that this Similarity facilitates the knowledge share and reuse for
fuzzy systems on the semantic web.

Keywords : Ontology Generation, Fuzzy Ontology. Formal
Concept Analysis, Fuzzy Logic, Conceptual Clustering.

l. INTRODUCTION:

Ontology is a conceptualization of a domain into a human
understandable, but machine-readable format consisting of
entities, attributes, relationships and axioms [1]. Ontology
uses classes to represent concepts. Ontology also supports
taxonomy and non-taxonomy relations between classes.
However, the conceptual formalism supported by typical
ontology may not be scientific to represent uncertainty
information that is commonly found in many application
domains. For example, keywords extracted from scientific
publications can be used to infer the corresponding research
areas, however, it is inappropriate to treat all keywords
equally as some keywords may be more significant than
others. In addition, it is sometimes difficult to judge whether
a document belongs completely to a research area or not. To
tackle this type of problems, one possible solution is to
incorporate fuzzy logic into ontology to handle uncertainty
data. Traditionally, fuzzy ontology is generated and used in
text retrieval [2], in which membership values are used to
evaluate the similarities between concepts on a concept
hierarchy.

In this paper, we propose a framework known as FOGA
(Fuzzy Ontology Generation framework) that can

automatically generate a fuzzy ontology on uncertainty data.
As compared with existing fuzzy ontology generation
techniques, FOGA can automatically construct a hierarchy
structure of ontology classes. In addition, this paper also
discusses the use of FOGA to generate scholarly ontology for
the Scholarly Semantic Web from an experimental citation
database. Here, the taxonomy relations on ontology classes
can be generated automatically as compared with the manual
method used in other semantic scholarly systems such as
ESKIMO [4]. However, FOGA still requires some minimal
human interpretations to help add meaningful labels on initial
class names, attributes and its relations.

1. RELATED WORK

Ontology Generation

Although editing tools [8], [9] have been developed to help
users to create and edit ontology, it is a troublesome task to
manually derive ontology from data. Typically, ontology can
be generated from various data types such as textual data
[10]. Compared to other types of data, ontology generation
from textual data has attracted the most attention. Among
techniques used for processing textual data, clustering is one
of the most effective techniques for ontology learning.

I1l. Fuzzy THEORY

In this section, we review some fundamental knowledge of
fuzzy theory [3].
Definition 1 (Fuzzy Set). A fuzzy set A on a domain U, is
defined by a membership function p from U to [0.1], i.e.,
each item in A has a membership value given by p We
denote . ¢(s) as a fuzzy set generated from a traditional set of
items S. Each item in S has a membership value in [0, 1]. S
can also be called as a crisp set.
Definition 2 (Fuzzy Relation). A fuzzy set A on a domain G
xM, where G and M are two crisp sets is a fuzzy relation on
G, M.
Definition 3 (Fuzzy Sets Intersection). The intersection of
fuzzy sets A and B, denoted as ANB, is defined by

Hans (X)=min(pa(X) , He(X))-
Definition 4 (Fuzzy Sets Union). The intersection of fuzzy
sets A and B, denoted as A U B, is defined by

Haue(X) = max(a(X)  He(X)).
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Definition 5 (Fuzzy Set Cardinality). Let Sf be a fuzzy set
on the domain U. The cardinality of Sf is defined as Where
H(x) is the membership of x in Sf .

|Sf[=Z u(x)
Xev

Definition 6 (Fuzzy Sets Similarity). The similarity between
two fuzzy sets A and B is defined as

E(AB) = ‘ -------------
AUB

Definition 7 (Fuzzy Sets Subsethood). The subsethood of a
fuzzy set A of a conceptual cluster B is calculated as Subset

Definition 8 (Fuzzy Set Max-min Composition). Let P(X,Y)
be a fuzzy relation on X ,Y and P (Y,Z) be a fuzzy relation on
Y , Z. The max-min composition of P(X,Y) and Q(Y,Z), P «
Q, is defined by:

He.q (X,Y) =max min( up(X,Y), pq(y,2)) ,

pxeXyeY.

The max-min composition indicates the strength of relation
between the element of X and Z.

IV. THE FOGA FRAMEWORK
Fig. 1 shows the proposed FOGA (Fuzzy Ontology
Generation framework), which consists of the following
components.
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Fig 1. The FOGA framework.

A. Fuzzy Formal Concept Analysis

The Fuzzy Formal Concept Analysis incorporates fuzzy logic
into Formal Concept Analysis to represent vague
Information.

Figure 2 gives the traditional concept lattice generated from
Table 1(a). Figure 3 gives the fuzzy concept lattice generated
from the fuzzy formal context given in Table 1(b). As shown
from the figures Fig.4.0Ontology Generation Frame Work, the
fuzzy concept lattice can provide additional information, such
as membership values of objects in each fuzzy formal

concept and similarities of fuzzy formal concepts, that are
important for the construction of concept hierarchy.
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Fig. 2. A concept lattice generated from traditional FCA.
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Fig. 3. A fuzzy concept lattice generated from FFCA.

Figure 2 gives the traditional concept lattice generated from
Table 1(a). Figure 3 gives the fuzzy concept lattice generated
from the fuzzy formal context given in Table 1(b). As shown
from the figures Fig.4.0Ontology Generation Frame Work, the
fuzzy concept lattice can provide additional information, such
as membership values of objects in each fuzzy formal
concept and similarities of fuzzy formal concepts, that are
important for the construction of concept hierarchy.
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Fig.4.0Ontology Generation Frame Work
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TABLE 1(a).
A Cross-Table of a Fuzzy Formal Context
D C F
D1 0.8 0.12 0.61
D2 0.9 0.85 0.13
D3 0.1 0.14 0.87
TABLEL1(b).
Fuzzy Formal Context in Table 1(a) with T = 0.5.
D C F
D1 0.8 - 0.61
D2 0.9 0.85 -
D3 - - 0.87

A fuzzy formal context can also be represented as a cross-
table as shown in Table 1(a). The context has three objects
representing three documents, namely D1, D2 and D3. In
addition, it also has three attributes, "Data Mining" (D),
"Clustering” (C) and "Fuzzy Logic" (F) representing three
research topics. The relationship between an object and an
attribute is represented by a membership value between 0
and 1.

V. FUzzY CONCEPTUAL CLUSTERING

Conceptual clusters have hierarchical relationships that can
be derived from fuzzy formal concepts on the fuzzy concept
lattice. That is, a concept represented by a conceptual cluster
can be a sub concept or super concept of other concepts
represented by other conceptual clusters. A formal concept
must belong to at least one conceptual cluster, but it can also
belong to more than one conceptual cluster. This property is
derived from the characteristic of concepts that an object can
belong to more than one concept. For example, a scientific
document can belong to more than one research area.
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Fig. 5. Conceptual clusters.
Figure 5 shows the conceptual clusters that are generated
from the concept lattice given in Figure 4 with the similarity
confidence threshold T = 0.5. Figure 6 shows the
corresponding concept Semantic Web, in which each concept

is represented by a set of attributes of objects from the
corresponding conceptual cluster.

V1. SEMANTIC WEB

ontology generated for the Semantic Web contains
information as a hierarchy of research areas as well as
research areas for each document. Figure as a part of the
generated Semantic Web of research areas. We use the
keyword that has the highest membership value to label the
research area. Nevertheless, users can browse more detail
information of each research area.
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Fig.6. Semantic Web

TABLE 2
A Fuzzy Formal Context Having Cross Relation with the
Fuzzy Formal Context in Table 2

DI 0 D3
Author] 10 - 10
Author? 05 1.0

The cross relation represents an intercontext relation that
probably occurs between the fuzzy formal contexts when the
set of objects of a context is regarded as the set of attributes
of an other contexts. For example, the context represented by
the cross table shown in Table 2 has cross relation with the
context in Table 1(a) & 1(b), while the documents are used as
attributes of the authors. The membership value of 1.0
implies that the author is the first author of the document,
while 0.5 implies that the author is the second author.

VI1I. PERFORMANCE EVALUATION
Generating Ontology from Citation Database To evaluate the
proposed FOGA framework for ontology generation, we have
collected a set of 1,400 scientific documents on the research
area “Information Retrieval” published in 1987-1997 from
the Institute for Scientific Information’s (ISI) Web site [52].
The downloaded documents are pre-processed to extract
related information such as the title, authors, citation
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keywords, and other citation information. The extracted
information is then stored as a citation database.

First, we construct a fuzzy formal context Kf ={G,M, 1}, with
G as the set of documents and M as the set of citation
keywords. The membership value of a document D on a
citation keyword CK in Kf is computed as pu(d,Cy) =n1/n2 ,
where nl is the number of documents that cite D and contain
CK and n2 is the number of documents that cite D. This
formula is based on the premise that the more frequent
akeyword occurs in the citing paper, the more important the
keyword is in the cited paper.

A. Evaluation Using Recall, Precision and F-Measure

We have classified manually the documents downloaded
from ISl into classes based on their research themes. These
classes are used as a benchmark to evaluate the clustering
results in terms of recall, precision, and F-measure. As
discussed earlier, we extract citation keywords of documents
as their attributes. Since these attributes are descriptors for
the generated clusters, if more keywords are extracted and
used, the more meaningful the cluster descriptors are
constructed. To verify this, we vary the number of keywords
N extracted from documents from 2 to 10, and the similarity
threshold Ts from 0.2 to 0.9 when performing conceptual
clustering. The measured precision, recall and F-measure are
presented in Table 7, respectively.

TABLE 3:
Performance Results Using F-Measure Measurement

T=02 T=03 T=04 T~05 T=06 T=07 T=08 T=09

N=2 0.78 0.78 0.78 0.78 0.77 0.76 0.76 0.76
N=3 0.79 0.79 0.79 0.79 0.77 0.76 0.76 0.76
N=4 0.83 0.86 0.86 0.87 0.82 0.79 0.78 0.78
N=5 0.84 0.85 0.85 0.86 0.83 0.81 0.81 0.81
N=6 0.85 0.85 0.86 0.86 0.84 0.82 0.82 0.82
N=7 0.88 0.86 0.87 0.87 0.86 0.85 0.85 0.85
N=8 0.86 0.86 0.86 0.87 0.85 0.85 0.84 0.84
N=9 0.84 0.84 0.86 0.86 0.85 0.84 0.83 0.83
N=10 0.81 0.82 0.84 0.84 0.83 0.83 0.83 0.83
Average 0.83 0.83 0.83 0.84 0.82 0.81 0.8 0.8

VI1Il. CONCLUSIONS
The generated ontology represents knowledge on documents
and its research areas. The performance evaluation of the
proposed FOGA framework has also been given based on the
generation of the scholarly ontology. Fuzzy Formal Concept
Analysis, Fuzzy Conceptual Clustering, Fuzzy Ontology
Generation, and Semantic Web Representation Conversion.
In addition, we have also proposed an approximating
reasoning technique that allows the generated fuzzy ontology

to be incrementally furnished with new instances. Finally, we
have also proposed a technique to integrate extra attributes in
a database to the ontology. Our authoring tool provides
Similarity support for the customization of dynamic web
documents based on comparing the pages generated by the
system with a modified version provided by the end-user.
DESK is based on PEGASUS, a system used to represent the
Semantic Web information structured by models that allow a
clear separation between contents and presentation. DESK
uses domain information stored in PEGASUS and
presentation models for finding the context of changes made
by user. Our authoring tool also determines whether the user
is enabled to do these modifications depending on a user
model. With DESK the user only needs to take care of editing
HTML pages using any standard HTML editing tool such as
PageMaker or Netscape Composer.
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