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Y2 ((x5).
80 100 100; ( central composite design CDD)
55 1
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Table 1 Experimental plan and results for the first example
X1 X2 X3 1 Y2
1 -1.00 -1.00 -1.00 74 53.20
2 1.00 -1.00 -1.00 51 62.90
3 -1.00 1.00 -1.00 88 53.40
4 1.00 1.00 -1.00 70 62. 60
5 -1.00 -1.00 1.00 71 57.30
6 1.00 -1.00 1.00 90 67.90
7 -1.00 1.00 1.00 66 59.80
8 1.00 1.00 1.00 97 67.80
9 -1.68 0 0 76 59.10
10 1.68 0 0 79 65.90
11 0 -1.68 0 85 60. 00
12 0 1.68 0 97 60.70
13 0 0 -1.68 55 57.40
14 0 0 1.68 81 63.20
15 0 0 0 81 59.20
16 0 0 0 75 60. 40
17 0 0 0 76 59.10
18 0 0 0 83 60. 60
19 0 0 0 80 60. 80
20 0 0 0 91 58.90
4.1.2 pgammal
(2) pgamma2 0.5. MC-
MC 100 000
X = {1 2 2%, %5 %2, 2,25 2,7, xf x; xi} 20 000
j=12
4
vy, 1=12--10
20 000
Yy = (Y0 Y1 Y2 Vs Yo XV X Y2 Yis Xy X3
Yu X V2 X Y3 Yi2 XV Y2 X Y2 V3 X Y3} ( )
')’;2:{'}’0 Yi Y2 Vs Yo X Y1 X Y2 Yis XY XY; N
Y3 X Y2 X Y3 Y X Y1 Y2 X V2 Y3 X Y3} e i
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Fig. 2 The traceplot for posterior samples of model parameters
2 : ¥, {intercept x, x5

X} (23)

7.83%.

2 : N )
. 2 2
{intercept x, x, %3 %,%; %,%; X, X3}
2

Table 2 Posteriori probability of mixed binary variable indicator

Vi Y
intercept 1.000 1.000
x 0.998 1.000
P 0.971 0.137
x 1.000 0.999
X%, 0.374 0.046
X105 0.998 0.296
XpX3 0.772 0.044
X 0.383 0.733
x3 0.844 0.037
%3 0.988 0.244
4.1.3 X, ={1x x % xx %% x5 x5}
X, = {1 x, = x%}
SUR MCMC
SUR . 10 000 2 000

(2) 8 000



Fig. 3 Optimization process of hybrid genetic algorithm
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Table 3 Results of different research methods
MC,W, ia Y2
( -0.430 1.440 -0.490) 0.757 5 92.397 4 57.462 2
Ko (-0.650 1.680 -0.720) 0.866 8 97.430 6 56.344 4
Vining (-0.517 1.586 -0.465) 0.8711 94.910 2 57.287 0
Park (-0.437 1.617 -0.358) 0.8810 94.942 2 57.755 4
(-0.5520 1.6799 -0.407 0) 0.9322 96.484 1 57.269 9
3
Mcpm
4.2 2
4.2.1
49
( particle size) vy,
( glass transition temperature) y, .
mc,, F68
Ko « Vining Park (x,) . 40
(%) NF
( X3 )
150.8; 0 <
%, <1

Mc

pm
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Table 4 Experimental plan and results for the second example
X Xy X3 Y1 Y2

1 1.000 0.000 0.000 250. 1 18.9

2 0.000 1.000 0. 000 274. 1 15.2

3 0. 000 0.000 1.000 533.5 35.0

4 0.500 0.500 0.000 255.2 16.1

5 0.500 0. 000 0.500 267.3 18.9

6 0. 000 0.500 0.500 204.3 31.2

7 0.333 0.333 0.333 250.5 19.3

8 0. 666 0.167 0.167 232.5 18.2

9 0.167 0. 666 0.167 251.0 17.7

10 0.167 0.167 0. 666 276.0 30. 1

11 0.333 0.333 0.333 255.0 19.0

4.2.2
Yy, = {71 v2 v Yo Xy Xys Yis Xy Xys ¥ X¥2 Xy3}
Wang '
3 Y, ={V1 Y2 Vs YW X2 Y XY XY Vs XY2 XYs}
Peterson

Xj ={x, x, %3 6,0, x,%; Xpx%3} J =12

5

1

MCMC

20 000

Table 5 Posteriori probability of mixed binary variable indicator

Yy Yy
% 0.999 0.999
%y 1.000 1.000
X3 1.000 1.000
X%y 0.287 0.568
X)Xy 0.998 0.991
Xy X3 0.970 0.802

Y1

Y2

X1%;
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1 . Wang
{x 2, x5 wx; 2,05}
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MCMC SMR
(27) 40 : :
n 10 000 : :
v 2 T 150 8 - 2 _l_
0 “ 0 |
=20
(0.0284 0.4996 0.0137) :
0.999 9 VS Wang Peterson
6 6
6 : Peter— Fig. 6 Boxplot of the response samples for different methods
son
Peterson
1 000
6
6
Table 6 Results of different research methods
Mcpm "1 Y2
Wang ( =0.033 0.259 0.219) 0.4379 163.817 9 12.996 2
Peterson (0.810 0.000 0.19) 0.262 4 222.444 2 16.432 8
(0.028 4 0.499 6 0.013 7) 0.999 8 148.964 9 8.060 8
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Multiresponse quality design integrating SUR models with factorial effect
principles

WANG Jianjun TU Ya-nan MA Yi-zhong
School of Economics and Management Nanjing University of Science and Technology Nanjing 210094 China

Abstract: A new multi-response optimization method combining seemingly unrelated regression ( SUR) mod-
els with factorial effect principles is proposed to solve the quality design problem with multiple correlated
responses. The proposed method not only identifies significant variables for each response model with factorial
effect principles but also measures the quality level of all responses whose process capabilities meet the corre—
sponding requirements by using multivariate process capability index. In addition the proposed method con—
siders the influence of the model parameter uncertainty and the predicted response variability on the optimiza—
tion results through Bayesian sampling technique. Firstly a binary variable indicator is set for each variable in
the SUR model to account for the factorial effect principles. After that mixed binary variable indicators are
constructed to improve the functional relationship between process responses and experimental factors. Third—
ly significant variables are identified by calculating the posterior probabilities of mixed binary variable indica—
tors and different model forms. And the optimal model form is determined based on the above results. Fourth—
ly based on the previous steps the optimal parameter settings are found by using multivariate process capabil—
ity index. Finally the results of two practical examples demonstrate that the proposed method can not only
effectively identify significant variables for multiple related responses but also provide the optimal parameter
settings.

Key words: factorial effect principles; seemingly unrelated regression models; Bayesian method; quality de—

sign; quality improvement



