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Table 1 Arrangement and results of the uniform design

Level of factors Results

No. X1 X2 X3 Y1 Y2

1 0.10 1:12 1:35 10.71 92.23
2 0.15 1:8 1:20 12.93 91.16
3 0.20 1:4 1:40 12.46 90.13
4 0.25 0.0 1:25 4.95 96.14
5 0.30 1:10 1:45 3.22 95.63
6 0.35 1:6 1:30 3.97 95.71
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Fig. 4 BP network model

3 Matlab BP
% X y
x1=[0.10.150.2 0.25 0.3 0.35]
X2=[1:12 1:8 1:4 0 1:10 1:6]
x3=[1:35 1:20 1:40 1:25 1:30]
y1=[10.71 12.93 12.46 4.95 3.22 3.97]
¥»,=[92.2 91.0 90.1 96.1 95.6 95.7]

%  newff () BP
net=newff(minmax(X),[8,2],{'tansig','purelin'},'trainlm");
% net newff() BP minmax()
[8.2] 8 2 tansig S
purelin trainlm BP

%

net.trainparam.epochs=3000;

net.trainparam.goal=0.00001;

% train() simQ)
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[net,tr]=train(net, X, y );

y=sim(net,x)
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Fig. 5 Error curve
Table 2 The result of y; and y, variation with x;
No. X1 Xa X3 Y1 Y2
1 0.10 1 12 1 20 13.07 91.03
2 0.20 1 12 1 20 10.52 93.87
3 0.30 1 12 1 20 6.68 95.71
4 0.40 1 12 1 20 3.92 96.36
5 0.50 1 12 1 20 2.79 96.58
6 0.60 1 12 1 20 2.43 96.67
Table 3 The result of y; and y, variation with x;
No. X1 X2 X3 Y1 Y2
1 0.35 1 12 1 20 4.09 96.41
2 0.35 1 10 1 20 5.03 96.12
3 0.35 1 8 1 20 5.30 96.02
4 0.35 1 6 1 20 5.78 95.83
5 0.35 1 4 1 20 10.02 95.82
6 0.35 0.00 1 20 12.07 91.34
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Table 4 The result of y; and y, variation with x3

No. X1 X2 X3 Y1 Y2
1 0.35 0.00 1 45 2.565 96.330
2 0.35 0.00 1 40 2.622 96.380
3 0.35 0.00 1 35 2.714 96.425
4 0.35 0.00 1 30 2.876 96.459
5 0.35 0.00 1 25 3.218 96.466
6 0.35 0.00 1 20 4.087 96.407
2 X2 X3 Y1 Y2 X1 Y1
Y2 3 X1 X3 X2 Y1 Y2
Xo X2=0 Y2 Y1
4 X3 Y2 Y1 X3 1:35 1:30
Y2
Xx1=0.35,%,=0,%3=1:33 yi= 2.719,
y,=96.485
BP
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Some problems about the application of BP network to
pharmaceutical prescription optimization

JIN Jie , ZHAO Zhe, HAO Yan
(School of Pharmaceutical Engineering, Shenyang Pharmaceutical University, Shenyang 110016, China )

Abstract: Objective To discuss some problems about the application of BP network to the optimization of
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pharmaceutical prescription. Method The problems concerned included some basic conceptions of BP
network, the collection and sorting of sample data, the definition of the 1/0 variable and the pretreatment of
the sample data, the principle of choosing the number of the hidden layer and note, the evaluation of the
neural network training and the generalization capability of the modular, the effect of the weight of network
initialized connecting and so on. Results A general method and procedures of the prescription optimization
was proposed with an example. Conclusions A general guidance on how to establish an optimal neural
network modular for prescription optimization using BP network was provided.
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