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Abstract 

 Expert systems have been successfully applied to 

many fields and have shown excellent performance. 

The cost of the effort is high and will become prohibi-

tive as we attempt to build larger and larger systems. 

Reusing and integrating available knowledge from a 

variety of sources thus plays a crucial role in reducing 

the development cost. However, knowledge reuse and 

knowledge integration are still very difficult and full of 

challenge although they have many advantages. 

 In this project, we develop an automatic knowl-

edge-integration environment which consists of four  

main modules: knowledge acquisition, machine 

learning, knowledge integration, and knowledge re-

finement.  The knowledge acquisition module col-

lects various knowledge acquisition tools to help do-

main experts input knowledge.  The machine learn-

ing module stores various learning systems to induce 

domain knowledge from different training sets.  In the 

knowledge integration module, an automatic knowl-

edge-integration approach combines multiple knowl-

edge inputs derived by knowledge acquisition tools or 

machine learning methods to construct the initial 

knowledge base. In the knowledge refinement module, 

a knowledge refinement scheme is proposed to modify 

the existing knowledge base during the process of in-

ference. 

 Furthermore, we apply our approaches to two 

real-world application domains, Diagnosis of Brain 

Tumor and Prediction of Sugar-Cane Plant Breeding, 

for evaluation. The experimental results show that our 

approaches have good performance. 

Keywords: Knowledge Integration, Genetic Algo-

rithm  
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6�Dt��;ó�^��	���`a-�K1

2b�  Pittsburgh ��iE4x`a�:���

4��8�*6 0/1 ��-H{|��×¯��!

f���8{|ç {Adenoma, Meningioma}�L�

��¢H  {Location, Calcification, Edema} R�

n-¢H  Location f��L�� {brain surface, 

sellar, brain stem}�¢H Calcification fl�L�

�  {no, marginal, vascular-like, lumpy}�¢H 

Edema f��L��  {no, < 2 cm, < 0.5 hemi-

sphere}-�!f4x`a�: RSi�x=��`a � 

 

R1 : If (Location = sellar) and (Calcification = no) 

then Class is Adenoma; 

R2 : If (Location = brain surface) and (Edema < 2 

cm) then Class is Meningioma. 
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1

'
R  : If (Location = sellar) and (Calcification = 

no) and (Edema = no or Edema < 2 cm or 

Edema < 0.5 hemisphere ) then Class is 

Adenoma; 

2

'
R  : If (Location = brain surface) and (Calcifi-

cation = no or Calcification = marginal 

or Calcification = vascular like or Calci-

fication = lumpy) and (Edema < 2 cm) then 

Class is Meningioma. 
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H Location �¢H� {brain surface, sellar, brain 

stem}�aM��x��Rõtåæ¢H�-¤�� 

101 õt¢H Location ��× "brain surface" ; 

"brain stem"-[H�̄ �06w�`a���çq� 
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4. Fission�IJ��9:¹º0�³´6��;

`a (misclassification)��üý��;`aù

�µ¶ (contradiction) ÙÚ- 

 

 �9:¹º0�12·¸wxB¥�Ø���

�6pq*N���6ab*-12¹º�9:�

4xpqo,H'ab*»6����[H��K

12p"4æ¯�R¼���� (RS) 6pq*�

#0¯� ��¼��� p-#pq*6.�ç

q� 

Accuracy( )=
the total number of te st instances correc tly matched by RS

the total number of test instances
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Complexity RS
Number of rules wi thin the integrated rule set RS

Number of rules w it hin in iti al RS m
i

i

m
( )

[ ( )] /

=

=

∑
1

#0 RS1, ... , RSm ��9:���;`a�:-

O��wx·¸�Ø�12�¡�4x���6¢

£¤]çq� 

fitness(RS) = Accuracy(RS)*
( )

1

Complexity RS
 

4. ������ 

 ����9:3�Y�cdX¹º0ef°æ

¯� (events) ½�Jq	�'(����[���

aiåæ¯�[<=6U±WÑ'(���±�Z

b���9:º¾78	IJ'(6����H4

k"lm'(���64no'pqo-��IJ

¿ºç,�[��#0ÀÁ "O" ±6]�õtÒ

X¿ºÂ¾- 

 

...

...

Chromosome 1

Best Chromosome + Events 

Chromosome m

Testing Instances

Append

...

...

Chromosome 1

Chromosome k

Chromosome m

       Current
Knowledge Base

 (Knowledge Integration)

Input Events

Generate

Refine

Inference
Exception Events

Misclassify

Evaluation

1

2

3

4

5

6

7

8

9

Integrate

Re-run

...

...

Chromosome 1

Best Chromosome

Chromosome m

Select

Encode and Append 

New population

10

11

Initial Population

Genetic Adaptive Search

 
,� ��IJ¿º 

 

�

�	
�����

� �&./0�123�¼qÃ½GÊË��

1. 3���789:;<�=>��?@ABC

DEFGABC��789:ABC'��IJA

B- 

2. 3���9Ä�AÅN�� 

3. 3�{|�������
�¢£ 

4. 3����������
�¢£ 

� H����NÆ��Ç'È�À-3�6�

�LH
4�6d��«uv6
���úXh*

+6É*¤Ê�123�¼H�����×�Ë6

��9:AD6$z�LHË×zYK��*+6

Ì·-�

�

�	�����

[1] C. Baral, S. Kraus, and J. Minker, "Combin-

ing multiple knowledge bases," IEEE Trans-

actions on Knowledge and Data Engineering, 

vol. 3, no. 2, pp. 208-220, 1991. 

[2] M. L. Shaw and B. R. Gaines, "KITTEN: 

Knowledge initiation and transfer tools for ex-

perts and novices," International Journal of 



 5

Man-Machine Studies, vol. 27, pp. 251-280, 

1987. 

[3] C. Y. Suen, Y. S. Huang and A. Bloch, 

"Multiple expert systems and multi-expert 

systems," The Second World Congress on 

Expert Systems, pp. 207-212, 1994. 

[4] C. H. Wang, T. P. Hong, and S. S. Tseng, 

"Self-integrated knowledge-based brain tumor 

diagnostic system," Expert Systems With 

Applications, vol. 11, no. 3, pp.351-360, 

1996. 

[5] C. H. Wang, T. P. Hong, S. S. Tseng, and C. 

M. Liao, "Automatically integrating multiple 

rule sets in a distributed-knowledge environ-

ment," IEEE Transactions on Systems, Man, 

and Cybernetics :Part C," Vol. 28, No. 3, 

Aug. 1998, pp. 471-476. 

[6] C. H. Wang, T. P. Hong, and S. S. Tseng, 

"Integration membership functions and fuzzy 

rule sets from multiple knowledge sources," 

accepted by Fuzzy Sets and Systems. 

[7] C. H. Wang, T. P. Hong, and S. S. Tseng, 

"Knowledge integration by genetic algorithm," 

International Fuzzy Systems Association 

World Congress, vol. 2, pp. 404-408, 1997. 

[8] C. H. Wang, T. P. Hong, and S. S. Tseng, 

"A hybrid genetic knowledge-integration 

strategy," accepted by IEEE International 

Conference on Evolutionary Computation, 

ICEC'98 

[9] C. H. Wang, T. P. Hong, and S. S. Tseng, 

"Genetic-Fuzzy Knowledge-Integration Strate-

gies" accepted by 10TH IEEE International 

Conference on Tools With Artificial Intelli-

gence 

[10] C. H. Wang, T. P. Hong, M. B. Chang, and 

S. S. Tseng, "Integrating Multiple Rule Sets 

By Genetic Algorithms" accepted by IEEE 

Conference on Systems, Man, and Cybernetics, 

1998. 

 


