2.3 Specific parameters used for each machine learning algorithm


Algorithm combinations and model training: To ensure robustness and avoid overfitting, we employed a nested leave-one-out cross-validation (LOOCV) framework combined with 10 machine learning algorithms, yielding 88 unique algorithm combinations. The LOOCV procedure iteratively used n-1 samples for training and the remaining sample for testing, repeating until each sample served as the test set once. Within each LOOCV training fold, hyperparameter tuning was performed using an inner LOOCV loop to prevent information leakage. The algorithms and their specific implementations were as follows:

1. Random Survival Forest (RSF): Implemented using the randomForestSRC package. Hyperparameters tuned included the number of trees (ntree = 500, 1000), number of variables randomly sampled as candidates at each split (mtry = 2, 3, 4), and node size (nodesize = 5, 10, 15). The final model used ntree = 1000, mtry = 3, and nodesize = 10 based on minimal out-of-bag error.

2. Elastic Net (Enet): Implemented using the glmnet package. The mixing parameter alpha (0.1, 0.3, 0.5, 0.7, 0.9) and regularization parameter lambda were tuned via 10-fold cross-validation within each inner LOOCV loop. The final model selected alpha = 0.5 and lambda.min (value minimizing partial likelihood deviance) with family = "cox".

3. Lasso: Implemented using the glmnet package with alpha = 1 fixed. The regularization parameter lambda was tuned via 10-fold cross-validation, and the final model used lambda.min with family = "cox".

4. Ridge: Implemented using the glmnet package with alpha = 0 fixed. The regularization parameter lambda was tuned via 10-fold cross-validation, and the final model used lambda.min with family = "cox".

5. Stepwise Cox: Implemented using the stepAIC function from the MASS package. Bidirectional search (direction = "both") was performed with AIC criterion (k = 2), maximum steps of 1000, and trace = 0. The final model was selected based on the lowest AIC value within each inner LOOCV fold.

6. CoxBoost: Implemented using the CoxBoost package. The number of boosting steps (stepno) was tuned over a range of 10 to 100 with increments of 10 via 5-fold cross-validation. The penalty parameter was fixed at penalty = 100 and standardize = TRUE. The final model used the stepno that maximized the cross-validated partial likelihood.

7. plsRcox: Implemented using the plsRcox package. The number of PLS components (ncomp) was tuned over 1 to 10 via 10-fold cross-validation. The final model used ncomp = 3 with scale = TRUE and method = "pls", selected based on the highest cross-validated C-index.

8. SuperPC: Implemented using the superpc package. The feature screening threshold (threshold) was tuned over 0.1 to 0.9 with increments of 0.1, and the number of principal components (n.components) was tuned over 1 to 3 via 10-fold cross-validation. The final model used threshold = 0.5 and n.components = 1 with standardize = TRUE, selected based on maximal cross-validated C-index.

9. GBM: Implemented using the gbm package with distribution = "coxph". The number of trees (n.trees) was tuned over 100 to 1000 with increments of 100, and interaction depth (interaction.depth) was tuned over 1, 3, and 5 via 5-fold cross-validation. Learning rate was fixed at shrinkage = 0.001 and n.minobsinnode = 10. The final model used n.trees = 500 and interaction.depth = 3 based on minimal cross-validated prediction error.

10. survival-SVM: Implemented using the survivalsvm package with type = "vanbelle2". Kernel type (linear, radial, polynomial) and kernel-specific parameters (e.g., gamma for radial kernel over 0.01, 0.1, 1; degree for polynomial kernel over 2, 3, 4) were tuned via 5-fold cross-validation. The cost parameter (cost) was tuned over 0.1, 1, 10. The final model used a radial kernel with gamma = 0.1 and cost = 1, selected based on the highest cross-validated concordance index.

