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RF ‘criterion’: ‘gini’, ‘max__depth’: 4, ‘max__features’: ‘sqrt’, ‘n__estimators’: 100
LR ‘C’: 0.01, ‘penalty’: ‘117, ‘solver’: ‘liblinear’
XGB ‘max__depth’: 3, ‘reg_lambda’: 0, ‘min__child__weight’: 1, ‘reg_alpha’: 1.
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GB ‘learning_rate’: 0.1, ‘max__depth’: 8, ‘n__estimators’: 500, ‘subsample’: 1.
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