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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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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 
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101 õt¢H Location ��× "brain surface" ; 
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Accuracy( )=
the total number of te st instances correc tly matched by RS
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