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ROC curve: AUC = 0.76 ROC curve: AUC = 0.76
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Algorithm LogLoss  Accuracy Precision/Recall
XGBoost 0.6024 0.6714 0.7721/0.7143
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CatBoost 0.7544 0.6775 0.7538/0.7338

ROC curve: AUC = 0.75
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Table 7. LightGBM # 7 I U A ERIZ L D
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‘ Log Loss Precision Recall
Heid v 0.5815 0.7721 0.7143
NeBifi B 0.6007 0.7725  0.8759

Table 8. LightGBM 717 = U 2544 ® one-hot encoding |Z J:
DR, WA E, FHER

Log Loss Precision Recall
Heid v 0.5813 0.7721 0.7143
il d v 0.6143 0.7638 0.6494
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