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Listing 1: XGBoost ET I DEFE & FE

import xgboost as xgb
from sklearn.model selection import train_test_split

4 F— I DFEARRHEHNE (HB)

# ETILDINT A —YRE

params = {
"objective "binary:logistic 7,
"max_depth’: 6,
"learning_rate’: 0.01,
"n__estimators’: 1000,
"subsample’: 0.8,
"colsample__bytree’: 0.8,
"reg_alpha’: 0.5,
‘reg_lambda’: 1.0

’ .

}

# ETIOMEILE2E

model = xgb.XGBClassifier (x*params)

model. fit (X_train, y_ train,
eval _set=[(X_val, y_val)],
early_ stopping_ rounds=50,
verbose=100)

# ETIOFM (HBR)

10.2 Z&X#k
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