IE Interfaces
Vol. 23, No. 2, pp. 118-125, June 2010.

EEPDYEE¥:

ob} uola

)

o
-+
fu

Model-Robust G-Efficient Cuboidal Experimental Designs
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The determination of a regression model is important in using statistical designs of experiments. Generally,

the exact regression model is not known, and experimenters suppose that a certain model form will be fit.

Then an experimental design suitable for that predetermined model form is selected and the experiment is

conducted. However, the initially chosen regression model may not be correct, and this can result in

undesirable statistical properties. We develop model-robust experimental designs that have stable pre-

diction variance for a family of candidate regression models over a cuboidal region by using genetic
algorithms and the desirability function method. We then compare the stability of prediction variance of
model-robust experimental designs with those of the 3-level face centered cube. These model-robust
experimental designs have moderately high G-efficiencies for all candidate models that the experimenter

may potentially wish to fit, and outperform the cuboidal design for the second-order model. The

G-efficiencies are provided for the model-robust experimental designs and the face centered cube.

Keyword: G-efficiency, genetic algorithm, desirability function method, model-robust experimental

design, cubodial design region
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SPA and G-¢fficiency of Second-Order Designs SPA and G-¢fficiency of Model-Robust Designs

Hoke Design : k=3, n =14 Model-Robust Design : k=3, n =14
Candidate Model SPV G-eff Candidate Model SPV G-eff
Linear 5.2715 0.7588 Linear 5.2000 0.7692
2-Factor Interaction 10.9440 0.6396 2-Factor Interaction 10.4500 0.6699
Second Order(SO) 12.0420 0.8304 Second Order(SO) 11.2000 0.8929

MB-D Design : k=4, n =24 Model-Robust Design : k=4, n =24
Candidate Model SPV G-eff Candidate Model SPV G-eff
Linear 6.6890 0.7475 Linear 6.3739 0.7844
2-Factor Interaction 18.8120 0.5847 2-Factor Interaction 15.5840 0.7059
Second Order(SO) 20.8130 0.7207 Second Order(SO) 19.5980 0.7654

Hoke Design : k=5, n =26 Model-Robust Design : k=5, n =26
Candidate Model SPV G-eff Candidate Model SPV G-eff
Linear 8.3469 0.7188 Linear 8.2570 0.7267
2-Factor Interaction 24.8440 0.6440 2-Factor Interaction 24.7250 0.6471

Second Order(SO) 29.3020 0.7167 Second Order(SO) 27.7760 0.7561
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