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RandomForrest

Precision Accuracy Recall F1 Score

0.75 0.86688 0.49211 0.59429 0.72278

0.723 0.85 0.4597 0.56204 0.69672

0.71548 0.8525 0.58442 06.5917 0.78707

0.71782 0.85562 0.45455 0.55662 0.69468

0.7277 0.85938 0.48137 0.57944 0.7879

0.7268 0.85688 0.47843 0.57682 0.78583 (AVERAGE)
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Model Precision Accuracy Recall Fl Score

RandomForrest 0.73786 0.85312 0.44667 0.55644 0.69987 (AVERAGE)
GradientBoost B.75 0.855 0.44545 0.55894 0.70507 (AVERAGE)
GradientBoost2 ©0.76263 0.85875 9.45758 0.57197 0.7152 (AVERAGE)
LogisticReg 0.68421 9.83313 8.35455 0.46707 0.64203 (AVERAGE)
KNeighbors 0.60204 9.81875 8.35758 0.44867 0.60857 (AVERAGE)
DesisionTree 0.48936 0.78938 0.48788 0.48862 0.57907 (AVERAGE)
SVM B.7963 0.81375 9.1303 0.22396 0.5726 (AVERAGE)

T 2 7 % NumOfProduct resampling » ¥ ¥ Exited resampling » & ¥ 23 #2403 en
2% ! RandomForestClassifier(n_estimators = 300, max_depth = 5)



precision recall fl-score  support

e 9.91 ©.85 .88 1885

1 0.68 .80 e.74 444

accuracy 8.83 1539
macro avg ©.880 ©.82 8.81 1539
weighted avg .85 8.83 8.84 1539
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precision recall fl-score  support

e 0.91 ©.84 ©.88 1896

1 0.67 9.80 0.73 443

accuracy 8.83 1539
macro avg 0.79 9.82 ©.80 1539
weighted avg .84 ©.83 .83 1539
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