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Clinical datasetl Clinical dataset2

Varibale selection method (n=137) (n=478)
ICI ICI
LR

Full model 0.3660 0.0390
Backward method (AIC) 0.4146 0.0396
Backward method (P-value) 0.2004 0.0315
Forward method (P-value) 0.2651 0.0315
Stepwise method (P-value) 0.1419 0.0315
Lasso 0.0636 0.0429

LPM
Full model 0.1315 0.0460
Backward method (AIC) 0.1194 0.0308
Backward method (P-value) 0.1242 0.0308
Forward method (P-value) 0.1117 0.0308
Stepwise method (P-value) 0.1242 0.0308
Lasso 0.0563 0.0516

CART 0.1807 0.0516
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