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57.24 52.78 56.6 51.35 54.46

RF Negative Recall 39.9 26.25 38.06 3727 4915

Positive Recall 74.58 79.3 7513 65.43 59.78

AUC 58.31 53.88 53.75 4838 48.38

XGB Negative Recall 55.01 2223 21.67 16.52 16.52

Positive Recall 61.6 85.52 8584 80.21 80.21

AUC 55.48 52.53 55.27 50.87 54.93

DNN Negative Recall 60.95 68.39 60.54 15.15 66.53

Positive Recall 50 36.67 50 86.6 4333

AUC 57.01 53.06 55.21 50.20 52.59

Average = Megative Recall 51.95 3896 40.09 2298 4407

Positive Recall 62.06 7032 774 61.11
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