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Table 1: SVM Hyperparameters.

hyperparameter values description

complexity (or: ‘C’)  [27°,2"°] (log-scale) Soft-margin constant, controlling the trade-off between model simplicity and model fit.
coef0 [-1.1] Additional coefficient used by the kernel (sigmoid kernel only).

gamma [271°,2%] (log-scale) Length-scale of the kernel function, determining its locality.

imputation {mean, median, mode}  Strategy for imputing missing numeric variables.

shrinking {true, false} Determines whether to use the shrinking heuristic (introduced in [24]).

tolerance [107°,1071] (log-scale) Determines the tolerance for the stopping criterion.

Table 2: Random Forest Hyperparameters.

hyperparameter values description

bootstrap {true, false} Whether to train on bootstrap samples or on the full train set.

max. features [0.1,0.9] Fraction of random features sampled per node.

min. samples leaf [1,20] The minimal number of data points required in order to create a leaf.
min. samples split ~ [2, 20] The minimal number of data points required to split an internal node.
imputation {mean, median, mode}  Strategy for imputing missing numeric variables.

split criterion {entropy, gini} Function to determine the quality of a possible split.

Table 3: Adaboost Hyperparameters.

hyperparameter values description

algorithm {SAMME, SAMME.R}  Determines which boosting algorithm to use.
imputation {mean, median, mode}  Strategy for imputing missing numeric variables.
iterations [50,500] Number of estimators to build.

learning rate [0.01,2.0] (log-scale) Learning rate shrinks the contribution of each classifier.
max. depth [1,10] The maximal depth of the decision trees.
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