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Recently variable selection and parameter optimization are getting more and more important. Regarding param-
eter optimization, much attention has been paid to Real-coded Genetic Algorithms (RCGA) because of their good
searching ability and high flexibility. As for variable selection, traditionally Akaike Information Criterion (AIC) or
Bayesian Information Criterion (BIC) are used quite often as selection criteria. These criteria estimate the relative
quality of analysis models for a given set of data, but do not evaluate the importance of the variables themselves.
This paper proposes a new variable selection method applying RCGA. This new variable selection method consists
of 2 main components. The one is a new variable selection criterion utilizing the variances of genes in RCGA and
the other is an estimation method of how far is in progress of RCGA optimization. The effectiveness of this new
variable selection method is confirmed through application to a multiple linear regression model.
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(5) ,

ln y′ + (γ − 1) ln y = lnα− βt (6)
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no T P T P

1 (Intercept) 22.0 1.04 0.300 4.43 11.00 < 0.001

2 fixed.acidity 0.0250 0.96 0.336 – –

3 volatile.acidity -1.08 -8.95 < 0.001 -1.01 -10.04 < 0.001

4 citric.acid -0.183 -1.24 0.215 – –

5 residual.sugar 0.0163 1.09 0.277 – –

6 chlorides -1.87 -4.47 < 0.001 -2.02 -5.08 < 0.001

7 free.sulfur 0.00436 2.01 0.0447 0.00508 2.39 0.017

8 total.sulfur -0.00327 -4.48 < 0.001 -0.00348 -5.07 < 0.001

9 density -17.9 -0.83 0.409 – –

10 pH -0.414 -2.16 0.0310 -0.483 -4.11 < 0.001

11 sulphates 0.916 8.01 < 0.001 0.883 8.03 < 0.001

12 alcohol 0.276 10.43 < 0.001 0.289 17.23 < 0.001
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