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Table 1 Posterior statistic summaries of each variable indicator
2.5% 50 % 97.5%
Yo 1. 000 0 4.472E - 13 1. 00 1. 00 1. 00
Y1 0.625 6 0.002 3 0. 00 1.00 1.00
Y2 0.970 6 7.218E - 4 0.00 1. 00 1. 00
Y3 1. 000 0 4. 472E - 13 1. 00 1. 00 1. 00
Va 0.197 5 0.001 8 0.00 0.00 1. 00
Vs 0.461 1 0.002 3 0. 00 0.00 1.00
Y6 0.202 9 0.001 7 0. 00 0.00 1.00
V7 1. 000 0 4.472E - 13 1. 00 1. 00 1. 00
Vs 0.264 2 0.002 0 0. 00 0.00 1.00
Yo 0.983 5 5.813E -4 1. 00 1. 00 1. 00
Yio 0.756 8 0.001 9 0.00 1.00 1.00
Y 0.477 6 0.002 4 0. 00 0.00 1.00
Y12 1. 000 0 4.472E - 13 1. 00 1. 00 1. 00
Y13 0.290 2 0.002 0 0.00 0.00 1.00
Yia 0.202 2 0.001 9 0.00 0.00 1.00
Yis 0.214 5 0.001 8 0.00 0.00 1.00
( )
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Table 2 Posterior probability summaries of the candidate models
1 A +AD 6 0.181 0 0.005 9
2 A +AD + BC 14 0.170 4 0.004 7
3 A+ E +AD + BC 16 0.106 0 0.004 1
4 A+E+AD 8 0.091 8 0.003 9
5 E +AD + BC 15 0.084 0 0.004 1
6 E +AD 7 0.082 6 0.003 8
7 AD 5 0.072 2 0.003 2
8 AD + BC 13 0.068 0 0.003 4
9 A+ BC 10 0.028 6 0.002 7
10 A+E+BC 12 0.026 8 0.002 2
11 A 2 0.020 2 0.002 0
12 E + BC 11 0.018 6 0.001 9
13 E 3 0.018 2 0.002 2
14 A+E 4 0.016 4 0.001 7
15 BC 9 0.008 4 0.001 3
16 1 0.006 8 0.001 1
1. ;2.
GLM
( N
GLM

*
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Bayesian variable and model selection based on generalized linear models

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

Abstract: As for fractional factorial experiments with non-normal responses a Bayesian variable and model
selection approach based on generalized linear models ( GLM) was proposed in the paper when the number of
factors in screening experiments is large. Firstly an empirical Bayesian prior was selected to consider the un-
certainty of parameters in GLM. Secondly we set a binary variable indicator for each variable in the linear
predicator of GLM and established a transformational relation between the variable indicators and the model
indicators. Thirdly we could identify significant factors and select the best model by the posterior probabilities
of the variable indicators and the model indicators. Finally a practical industrial example reveals that the pro—
posed method can effectively identify significant factors in the fractional factorial experiment with non-normal
responses.

Key words: Bayesian variable selection; fractional factorial experiment; generalized linear models; screening

experiments; non-normal response



