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Extracting Wisconsin Breast Cancer Prediction Fuzzy Rules Using
Neural Network with Weighted Fuzzy Membership Functions

Joon Shik Lim"

ABSTRACT

This paper presents fuzzy rules to predict diagnosis of Wisconsin breast cancer using neural network with weighted fuzzy membership func-
tions (NNWFM). NNWFM is capable of self-adapting weighted membership functions to enhance accuracy in prediction from the given clinical
training data. » set of small, medium, and large weighted triangular membership functions in a hyperbox are used for representing » set of fea-
tured input. The membership functions are randomly distributed and weighted initially, and then their positions and weights are adjusted during
learning. After learning, prediction rules are extracted directly from the enhanced bounded sums of # set of weighted fuzzy membership
functions. Two number of prediction rules extracted from NNWFM outperforms to the current published results in number of rules and accuracy

with 99.41%.
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Algorithm NNWFM ;
1  While (result is satisfied)

1.1 for /=1tom //m is number of hyperboxes, usually start
from number input

111 Random(B,) ;

112 for j=1 1o p // p is number of class nodes

1121 wy =0, // initial connection weight between B; and C;

1.2 for k=1to 2 // his number of input patterns

121 find B, that has the maximum value of EnhOutput
( B;) among m hyperbox nodes from the input Ay ;
// input vector : I,={A,= (a,,a,,, a,), diagnosis}

122 Learning( B, ¢;) ; // C;is a diagnosis in I,

Procedure Learning( B, C;) ;
// m is number of hyperboxes

1 Case 1: Vm, w,,~ 0, where m#/;
1.1 w;=1;
1.2 Adjust( B,) ;

Adujust(Bl)
(38 4) Case 1 Adjust
2 Case 2: 3Im satisfying w,,;= 1, where m=+!
2.1 wi;=1;
22 Adjust( B)) ;

Adujust(B,)
(32! 5) Case 2 : Adjust

Procedure Adjust( B,) ;

1 for i=1ton // for each ¢ th set of membership function in B,
11 for j=11to 3 // for each membership function

111 if v;_,<a;<v; // for left side of g;

1111 E;= min(lv;— ayl,lv;- — ) ;

1112 new(v;) = v;~ aE;u(a;)W;,

112 else v;<a,<v;,, // for right side of #;

1121 E;= min(lv;— al.lv;e1 — a;);

1122 new(v; )= v;+ aE;pa;)W;

113 new(W;)= W, + Bp;(a;)— W)
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(a)s and (b)s are the Enhanced BSWFMs in (Figure 8).
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Algorithm Recognition Rate No. of Rules
Nauck {10] 96.5% 4
Gomez [2] 99.12% 11
NNWFM 99.41% 2
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