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Abstract

In order to efficiently manage and use knowledge,
the technologies of ontology are widely applied to
various kinds of domain knowledge. This paper
proposes an automatic concept construction approach
that can help knowledge manager efficiently construct
a Chinese News domain knowledge. The first feature
of this paper is to utilize an object-oriented approach to
represent the structure of ontology, called
object-oriented ontology. Second, the automatic
ontology construction approach for Chinese News
domain is presented. We embed CKIP system to carry
out the Chinese natural language processing including
part-of-speech tagging, Chinese-Term analysis and
Chinese-Term feature selection. Third, the concept
clustering mechanisms for Chinese News domain
ontology construction based on fuzzy compatibility
relation approach are proposed. Furthermore, the
parallel fuzzy inference mechanism is also adopted to
infer the conceptual resonance strength of any two
Chinese terms. By the simulation, the proposed
mechanism can efficiently cluster the semantic concept
for Chinese News ontology construction.
Keywords: ontology construction, feature selection,
fuzzy inference, concept clustering.

1 Introduction

In the development of a knowledge-based system,
the use of ontology is beneficial for two reasons. It
allows for a more disciplined design of the knowledge
base; and it facilitates sharing and reuse. Both
advantages are particularly important when the
knowledge base becomes large [1]. Research on
ontology is becoming increasingly widespread in the
computer science community. While this term has been
rather confined to the philosophical sphere in the past,
it is now gaining a specific role in Artificial
Intelligence, Computational Linguistics, and Database
Theory. In particular, its importance is being
recognized in research fields as diverse as knowledge
engineering, knowledge representation, qualitative
modeling, language engineering, database design,
information modeling, information integration,
object-oriented analysis, information retrieval and
extraction, knowledge management and organization,
and agent-based systems design. Current applications
areas of ontology are disparate, including enterprise
integration, natural language translation, medicine,
mechanical engineering, standardization of product
knowledge, electronic =~ commerce,  geographic
information systems, legal information systems, and

biological information systems [2].

In this paper, we propose a concept clustering
mechanism for Chinese News domain ontology
construction. We embed CKIP system to carry out the
Chinese natural language processing including
part-of-speech tagging, Chinese-term analysis and
Chinese-term feature selection. Furthermore, the
parallel fuzzy inference mechanism is also adopted to
infer the conceptual resonance strength of any two
Chinese terms. The organization of this paper is as
follows. The object-oriented structure of ontology
representation will be presented in Section 2. A
semantic-based concept clustering mechanism for
domain ontology construction is proposed in Section 3.
Section 4 shows the experimental results. Finally, some
conclusion is presented in Section 5.

2 Object-Oriented Sructure of Domain Ontology

Representation

Ontology is a specification of an abstract,
simplified view of the world that we wish to represent
for some purpose. Therefore, ontology defines a set of
representational terms that we call concepts.
Inter-relationships among these concepts describe a
target world. In this section, we propose an
object-oriented structure of ontology and exhibit its
architecture in figure 1.
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Figure 1. Object-Oriented Ontology Architecture.

The defined object-oriented ontology is consisted
of several basic components, and we describe them as
follows.
®  Domain

The top layer of the ontology architecture is the
name of domain knowledge. Because this ontology is
constructed by domain knowledge, so it represents a
domain ontology. In this paper, the ontology is
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constructed for Chinese News document, so its domain
name is Chinese News.
[ ) Category

The second layer is the categories of domain
ontology. Each category inherits the domain properties
from the domain knowledge, so the relationship
between domain and category is a generalization.
Furthermore, we also define the aggregation of
relationship between each category and concepts. There
are seven categories of Chinese News domain ontology

in this paper. They are “Political( )”,
“International( )”, “Finance( )”,
“Cross-Strait( ), “Societal( )”,
“Entertainment( )" and “Life( ).

®  Concept, Attribute and Operation

The following layers are the architecture of the
concept hierarchy. We use the object-oriented approach
to represent the ontology architecture. We treat each
concept node in this ontology as a class, so this
structure mode can be treated as a class diagram.
Therefore, each concept node contains its concept
name, attributes and operations. Furthermore, the
relationships between the concepts may be association,
generalization or aggregation.

3 A Semantic-based Concept Clustering M echanism
for Domain Ontology Construction

In this paper, we develop an automatic approach
to construct the semantic concepts for Chinese News
ontology. First, we use natural language processing
technologies to deal with the Chinese News documents
that we gathered from WWW. In documents
pre-processing, we propose several technologies that
contain part-of-speech tagging, refining tagging, stop
word filter and term analyzer. We also use some tools
in this task such as CKIP [3], Academia Snica
Balanced Corpus [4] and Chinese Electronic
Dictionary [5] that help us to deal with documents.
Then we will get the Chinese-Terms features to
construct Chinese News domain ontology. In addition,
the concepts clustering approach based on fuzzy
compatibility relation is also proposed. Figure 2 shows
the construction architecture for Chinese News
ontology. There are several main modules and
databases in this architecture.
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Figure 2. The Flow Chart of Chinese News Ontology Construction.

First, the specific class News documents will be
previously tagged resulting in each word with its
appropriate part-of-speech tag. The CKIP will be used
in this step. Second, in refining tagging step, we refer
to Academia Snica Balanced Corpus and Chinese
Electronic Dictionary to refine the part-of-speech tags.
Therefore, we will have sufficient knowledge in
Chinese part-of-speech to analyze what are the useful
features in ontology construction. In third step, the stop
word filer module will select the useful nouns and
verbs terms as the candidate features after our analysis.
The fourth step, the term analyzer will analyze the
document frequency to help us to select important or
representative words from a specific class documents.
Concepts clustering play a major role in automatic
ontology construction. So, in fifth step, we will
evaluate the conceptual resonance of two Chinese
terms based on parallel fuzzy inference mechanism [6].

In Chinese terms analysis, we select the more
meaningful Chinese nouns in each document such as:
Na ( ), Nb ( ) and Nc ( ).
Moreover, we filter the un-meaningful nouns such as:
Nd ( ) Ne (), NfF (), Ng( )
and Nh ( ) for the Chinese News classification.

4 Evaluation of Conceptual Resonance of Two
Chinese Termsfor Concept Clustering

Conceptual resonance means the degree of the
same concept between two different terms. Hence, two
Chinese terms will have a higher possibility with the
same concept if they have stronger conceptual
resonance strength. In this paper, we proposed four
fuzzy variables for conceptual resonance strength of
any two Chinese terms, they are resonance in
part-of-speech, resonance in term vocabulary,
resonance in term association and resonance in
common term association. Now we describe them as
follows.

4.1 Resonance in Part-of-speech

The first fuzzy variable of conceptual resonance is
resonance in part-of-speech (POS). First we define the
tagging tree according the POS. Figure 3 shows the
tagging tree structure that will be used to compute the
resonance of POS for any two Chinese terms.

Figure 3. The Framework of Tagging Tree Diagram.

The resonance will be strong when the path



distance of any two Chinese terms is near. For example,
there are two terms with their POS are “ computer
(Nab)” and “ software (Nac)”, and the path
distance of two terms is 2 (Nab -> Na -> Nac).

4.2 Resonancein Term Vocabulary
In the viewpoint of characteristic of Chinese
language, any two terms with more common words,
they will be more similar in semantic meaning. For
example, each Chinese term in the terms set { ,
, } has similar semantic
meaning since they are composed with the common
words “ 7, “ ”and “ . Besides, we also consider
another characteristic of Chinese terms in side of term
vocabulary. It assumes that because almost every
Chinese word is a morpheme with its own meaning,
very often terms having the same starting or ending
word share some common linguistic properties and,
thus, can form a term cluster [8][9]. The good
examples of starting and ending word are following

two terms sets: { (Monday),
(Saturday), (Sunday)} and { (yesterday),
(tomorrow), (today), (everyday)}.

We propose the evaluative approach of common words
and common starting/ending word to decide the
similarity of resonance in term vocabulary as follows.
We define strength of similarity be the count of
common words number and increasing 0.5 extra
strength if they have common starting or ending word.
We give an example to evaluate the strength of two
terms “ ” and “ ” as follows. The
evaluation method is divided into two parts “evaluation
in common words” and “evaluation in common starting
or ending word”. They have three common words “ ”,
“ 7and “ 7, and a common starting word “ . So

the total strength is 3.5.

4.3 Resonance in Term Association

A large amount of previous research has focused
on how to best cluster similar terms together. The
proposed methods can be roughly grouped into two
categories: knowledge based clustering and data-driven
clustering [9]. In Section 4.1 and 4.2, the information
for concepts clustering we just focus on term’s
knowledge. However, we believe the information of
terms knowledge themselves isn’t still enough for
concepts clustering.

Sometimes, the terms have the similar meaning
and without any common properties of their knowledge,
hence we must analyze their documents. We used the
confidence value between two terms to decide the
strength of term relation. The terms with large
confidence mean that they have strong relationship and
further could be combined into one concept. It will be
supplement information for concepts clustering when
terms have insufficient in their knowledge but they are
similar. Here, we give an example of terms set {

(President) (Nab), (The Office of the President)

(Nca), (President Chen) (Nb)}. In the human’s
viewpoint, these three terms represent similar concept
so they will be clustered into together. But in the term’s
knowledge viewpoint, just only “ (President)” and
«“ (The Office of the President)” two terms will
be clustered in the same concept, and the term “
(President Chen)” will be not clustered into the concept
{ (President), (The Office of the
President)}. So we proposed the evaluative method to
decide the strength of resonance in term association.
The strength is decided by the confidence value
between two terms, so we adopt the average of
confidence to be the term association strength. For
example, we adopt the two terms { (Nab),

(Nb)} from the News category “Political( )”.
The confidence of ( > ) is 0.84, and the
confidence of ( > ) is 0.80. Therefore,

the strength of resonance in term association is
(0.84+0.80)/2 = 0.82.

4.4 Resonance in Common Ter m Association

The common term association represents the
strength of two terms according to common term
numbers in their corresponding documents. For any
two Chinese terms with the same common words or
starting/ending words, they may not have the similar
meaning. For example, consider the three Chinese

terms (US.A)7, (US.A))” and “
(police)”, the Chinese term (U.S.A))” has
common starting word “ ” with ” and also has

common ending word “ ” with (police)”. The
common document terms with a specific threshold of

confidence for ”« ” and “ ” are as

follows:

[ ] (USA) > { (White House),
(Bush), (New York)}

[ ] (USA) > { (White House),
(Bush), (Pentagon)}

| (police) -> { (policeman),
(criminal investigation), (police station)}

Therefore, the common terms for { (U.S.A),

(U.S.A)} and { (police), (U.S.A))} are as

follows:

B (U.SA), (USA)} > { (White
House), (Bush)}, the strength is 2.

m (police), (U.SA)} -> Null, the
strength is 0.

Therefore the term pair { (U.S.A),
(U.S.A.)} has stronger resonance strength than the term
pair { (police), (U.S.A))} in common term
association.

5 A Paralled Fuzzy Inference Network for
Semantic-based Concept Clustering
A parallel fuzzy inference network for
semantic-based concept clustering is proposed in this
section. The fuzzy variables for computing the



conceptual resonance of any two Chinese terms will be
discussed in the following subsections.

5.1 Aggregate Term Resonance with Parallel Fuzzy
Inference Network

In this subsection, we describe how to aggregate
four input fuzzy variables into one output fuzzy
variable for computing the conceptual resonance
strength for each term pair. Now we define the fuzzy
variables and theirs linguistic terms as follows. There
are four input fuzzy variables including Part-of-speech
Smilarity (POS), Term-\Vocabulary Smilarity (TV),
TermrAssociation  Srength  (TA) and Common
Term-Association Srength (CTA), and one output fuzzy
variable Conceptual Resonance Srength (CRS) used in
this architecture. Figure 4 shows the fuzzy sets
{POS Low, POS High} for fuzzy variable POS
similarity. There are two linguistic terms POS_Low and
POS_High defined in the fuzzy variables.
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Figure 4. The Membership Function of Part-of-speech Similarity.

Figure 5 shows the membership functions of fuzzy
sets {TV_Low, TV_High} for fuzzy variable TV
similarity. There are two linguistic terms TV_Low and
TV_High defined in the fuzzy variable.
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Figure 5. The Membership Function of Term Vocabulary Similarity.

The membership function of fuzzy sets {TA_Low,
TA _Medium, TA_High} for fuzzy variable TA strength
are show in figure 6. There are three linguistic terms
including TA Low, TA_Medium and TA High defined
in the fuzzy variables.
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Figure 6. The Membership Function of Term Association Strength.

Figure 7 shows the membership functions of fuzzy
sets {CTA_Low, CTA_Medium, CTA_High} for fuzzy
variable CTA strength. There are three linguistic terms
including CTA_Low, CTA Medium and CTA_High
defined in the fuzzy variables.
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Figure 7. The Membership Function of Term Association Strength.

Here P=

Figure 8 shows the membership functions of fuzzy
sets {CRS Very Low, CRS Low, CRS Medium,
CRS High, CRS Very High} for fuzzy variable CRS
strength. There are five linguistic terms including
CRS Very Low, CRS Low, CRS Medium, CRS High
and CRS Very High defined in the fuzzy variables.
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Figure 8. The Membership Function of Conceptual Resonance
Strength.

After describing the fuzzy variables for computing
the conceptual resonance of any Chinese term pair, we
will propose the parallel fuzzy inference architecture
for semantic concept clustering. Figure 9 shows the
architecture.



Conclusion
Layer

Rule
Layer

Premise
Layer

Figure 9. A Parallel Fuzzy Inference Architecture for Semantic-based
Concept Clustering.

This structure is a three-layered network which
can be constructed by directly mapping from a set of
specific fuzzy rules, or learned incrementally from a set
of training patterns. Here, the rules have been defined
by expert’s knowledge. The structure consists of
premise layer, rule layer and conclusion layer. There
are two kinds of nodes in this model: fuzzy linguistic
nodes and rule nodes. A fuzzy linguistic node
represents a fuzzy variable and manipulates the
information related to that linguistic variable. A rule
node represents a rule and decides the final firing
strength of that rule during inferring. The premise layer
performs the first inference step to compute matching
degrees. The conclusion layer is responsible for making
conclusion and defuzzification. Now, we will describe
each layer in details.
®  Premise layer:

The first layer is called as premise layer, which is
used to represent the premise part of the fuzzy system
we describe. Each fuzzy variable appearing in the
premise part is represented with a condition node. Each
of the outputs of the condition node is connected to
some nodes in the second layer to constitute a
condition specified in some rules. Note that the output
links must be emitted from proper linguistic terms as
specified in fuzzy rules. In other words, a linguistic
node is a polymorphic object that can be viewed from
different aspects by different fuzzy rules.

The premise layer performs the first inference step to
compute matching degrees. The input vector is

X=(X/,Xy,...,X,), where X, is denoted as the

input value of ith linguistic node. Then, the output
vector of the premise layer will be
A= (U] Uy ey Uy s (U Uy ey Uy sy (U U Uy 1))

where Uilj is the matching degree of the j-th linguistic

term in the i-th condition node. In this paper, triangular
function and trapezoidal function are adopted as the
membership functions of linguistic terms. For
triangular and trapezoidal normal membership
functions, Eq. 1 and Eq. 2 can be realized by the

following formula:
0 X<a

(x-a)/(b—a) asXxs<b
(c-x)/(c-b) bsxsc
0 X>c

M

flnangle(X: aa b, C) =

0 x<a
(x—a)/(b—a) as<x<b )

Fapemica (X 8,0,C) =11 b<x<c
(d-x)/(d-c) csx<d
0 x=d
jZlorn 3)

ftriangular

trapezoidal
where n is the numbers of linguistic term for i-th
linguistic node. Therefore, for each element ,ui} of

j=lorn

output vector y' is
iui]j = fijl(X) “4)
®  Rule layer:

The second layer is called as rule layer where each
node is a rule node to represent a fuzzy rule. The links
in this layer are used to perform precondition matching
of fuzzy logic rules. And the output of a rule node in
rule layer will be linked with associated linguistic
nodes in the third layer. In our model, the rules are
defined by expert’s knowledge previously. In rule node,

fr function provides the net input for this node like
the Eq. 5.

f, =Zplwiui ®)

®  Conclusion layer:

The third layer is called conclusion layer. This
layer is also composed of a set of fuzzy linguistic nodes.
The fuzzy linguistic node can also operate in a reverse
mode, called conclusion node. It should be noted that
the reverse mode is only invoked in the rule inference
phase. At this phase, the links representing linguistic
term set become incoming links, while the link
representing base variable becomes outgoing link. In
the reverse mode, fuzzy linguistic nodes are
responsible for making conclusion and defuzzification.

At the end of inference process, defuzzification
may be necessary. In our model, the final output y is
the crisp value that is produced by combining all
inference results with their firing strength. Eq. 6
represents the formula of defuzzification.

kyp ke
;; yu vvl]\/lj (6)

CrispOutput =

1M
.MO
=
=

\/ij is the center of gravity, r is the numbers of

corresponding rule nodes, C is the numbers of linguistic
terms of output node, n is the numbers of the fuzzy
variable in premise layer and K represents in k-th layer.
Therefore in our case, the value of r, ¢, n and Kk are 36,
5, 4 and 2.

5.2 Concepts Clustering Based on Fuzzy
Compatibility Relation Approach



After fuzzy inference and defuzzification
processing, we will get the crisp values of conceptual
resonance for all term pairs. We consider the
conceptual resonance of terms as fuzzy compatibility
relation, because they satisfied the properties of
reflexive and symmetric. Therefore, the problem of
concepts clustering is equal to find all classes of
maximal o-compatibles with fuzzy compatibility
relation. Here, o represents a specified membership
degree of fuzzy compatibility relation. Then we
propose the concepts clustering algorithm based on
fuzzy compatibility relation approach as follows:
Concept Clustering Algorithm based on Fuzzy
Compatibility Relation Approach
Input:

1. Fuzzy Compatibility Membership Degree &

2. The Term Set x = {Term(1], Term(2],..., Termn]} With n
Terms for the Specific Category News, and it’s
Corresponding Fuzzy Conceptual Resonance Matrix

A=[a; ]

Output:

The Final_Concepts Set, that is the set of Domain
Ontology Concepts.

M ethod:

Sep 1: For i -1 ton
Sepll: st — o /* s denotes the Term Set

regarding with Term[i], and all the compatibility
membership degree a; of the terms in Set are not
less than a */
Sep 120 5. /*s denotes the cardinality of
set, */
Step 1.3: st - set, O {Terni}
Sep l4itemp St - o,
set of existing Concepts subsets*/
Sep 15 Forj < i ton
Sep 151 If a,2a Then
Sep 15110 set =sat, O {Termij]}
Sep 15120 5 .5 +1
Step 1.6: Determine the power set p, of s .
Sep 1.6.1: S, <Ip,|>Where k=129
/* s, Denotes the cardinality of p, */
Sep 1.7: For k —1 to 28
Step 1.7.1: If p, OTemp  Set
Continue
Sep 1.7.2: flag — 0
Sep 173 For | ~1 to S, -1
Sep 1731 For me|+1 to S,

Sep 1.7.31.1:
n < Indexof p/[l] inX

q < Indexof p [m] inX

Sep 17312 1If a,<a

Then flag « 1 and Break
Sep 1.7.3.2: If flag=1

/* Temp_set denotes the

Then Break

Sep 1.7.4: 1If flag=0 Then
Sep 1.7.4.1:

Final _ Concept _ Set — Final _ Concept _ Set O p,
Sep 1.7.4.2:

Temp_Set — Temp_Set U {P(p,) ~ p, — @}
I* pep,) Denotes the power set of p_ */
Step 2: End.

In our approach, how to decide @ is very
important. The @ value will influence the number of
concepts and the compatibility degree of terms for
specific concept. The lower @ value will form much
number of concepts, and strengthen the compatibility
degree of terms for specific concept. Therefore, we
must decide the scope of number of concepts that are
suitable for each News category first. Here,
prune-and-search strategy will be used in the problem
of @ decision. In beginning, we adopt the median of
conceptual resonance as the @& value. Then concepts
will be formed by @ . According to the number of
concepts, we will adjust @ until it satisfies the scope
we decide for each News category.

6 Experiment Resultsand Analysis

In this section, some experiment are made to test
the performance of the proposed approach. There are
seven categories of News including “Political” (

), “International” ( ), “Finance” ( ),
“Cross-Strait” ( ), “Societal” ( ),
“Entertainment” ( ) and “Life” ( )

used for the experiments. Those documents are
gathered from China Times website and the period is
between May 2001 from March 2002. After the tagging
by CKIP and refining tagging processing, the stop
word filter module will filter the stop words from
documents. Table 1 lists the filter percent and
remaining terms for each News category.

Table 1. The Experimental Results for the Proposed Filter.

News Category (Political) (International) (Finance)
Number of Doc. 11277 13542 22756
All Terms 25448 25484 18960
Remaining 17091 15367 11346
Terms
Filter Percent 32.84% 39.70% 40.16%
(Cross-Strait) (Societal) (Entertainment) (Life)
6040 13441 5974 9279
22856 35846 24178 35932
15085 24813 16543 24287
34.00% 30.78% 31.58% 32.41%

After stop word filter, we can select the features
from remaining terms, then cluster the semantic
concept for ontology construction.

Next, we will analyze the results of conceptual
resonance for any Chinese term pair. Figure 10(a)
shows the partial result of conceptual resonance for the
News category “Political” ( ) with highest



values. Notice that each term pair not only has strong
similarity in term knowledge (POS and TV) but also
strong strength in term association and common term
association.
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Figure 10. The Partial Result of Conceptual Resonance for
“Political” ( ) with Highest Values.

Figure 10(b) shows the partial result of conceptual
resonance for “Political( )”, and each term
pair still has higher value. The term pairs marked by
asterisks represent that they have stronger strength in
TA or CTA but without strong similarity in POS or TV.
Table 2 shows the results of concept clustering with
various o for the News category “Life” ( ).

Table 2. The Analysis of Various o Values for Each News
Category.

Concept 1

=0.4
o =0.435 Concept 2

Concept 3

Concept 1

Concept 2

o =0417 Concept 3

Concept 4

Concept 5

Concept 6

Concept 1

Concept 2

Concept 3

a =0.397 | Concept 4

Concept 5

Concept 6

Concept 7

Concept 8

Concept 9

Notice that the concepts with higher o value are the
subset of the concepts with lower o value. That is,
the lower o value will generate the semantic concept
with more Chinese terms.

7 Conclusions

A semantic-based concept clustering mechanism
for Chinese News ontology construction is propoed in
this paper. The structure of the object-oriented domain
ontology is also proposed. In addition, the CKIP
provided by Academia Sinica is embedded for Chinese
natural language processing. Furthermore, a parallel
fuzzy inference mechanism for computing the

similarity of any Chinese term pair is presented. By the
experimental results, the proposed approach can
effectively cluster the semantic concept for the Chinese
terms. In the future, we will extend our approach to
help construct domain ontology more efficient.
Moreover, the Chinese/English documents will also be
considered to construct more complex domain
ontology.
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