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#1 BT HET VO T E
Rank Model Accuracy  Precision Recall F1 Score
1 Multilayer Perceptron 0.91 0.42 0.61 0.50
2 Random Forest Classifier 0.90 0.38 0.66 0.48
3 Gradient Boosting Classifier 0.90 0.38 0.62 0.47
4 Extra Trees Classifier 0.90 0.39 0.60 0.47
5 Decision Tree Classifier 0.88 0.37 0.58 0.45
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Rank Model Accuracy  Precision Recall F1 Score
1 Random Forest Classifier 0.89 0.32 0.75 0.45
2 Extra Trees Classifier 0.88 0.32 0.71 0.44
3 CatBoost Classifier 0.88 0.31 0.72 0.43
4 Blend model (rf + et) 0.88 0.32 0.66 0.43
5 TabPFN 0.87 0.29 0.69 0.41
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