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AR S5, 22 R T XA AR BE R T | A5 AR 7
Y E 50 Ik, 5RUE 3 Fis,

%3 SMOTE FiAbH T AN [E 43 2 BIPEN $6 B LU B¢

A R S R F-measure AUC
RF 0.0172(0,0.0345) 1(0.9990,1) 0.8978(0.8951,0.8987)  0.0338(0,0.0653)  0.5086(0.4995,0.5167)
SVM 0.0773(0.0430,0.0862) 0.9845(0.9820,0.9965) 0.8879(0.8839,0.8919) 0.1143(0.0533,0.1399) 0.5264(0.5103,0.5346)
Logistic 0.0776(0.0689,0.1163) 0.9880(0.9820,0.9887) 0.8906(0.8875,0.8965) 0.1283(0.1134,0.1889) 0.5313(0.5259,0.5514)
RF-SMOTE 0.3620(0.2586,0.5258) 0.8760(0.8720,0.8790) 0.8172(0.8118,0.8414) 0.2916(0.2222,0.4081) 0.6160(0.5672,0.7019)
SVM-SMOTE 0.7499(0.7197,0.7887)  0.6325(0.6255,0.6425) 0.6505(0.6379,0.6631) 0.3082(0.2999,0.3199) 0.6940(0.6824,0.7111)
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0.7430(0.7360,0.7473)
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0.3341(0.3071,0.3636)

0.6925(0.6614,0.7310)
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RF 0.0172(0,0.0345) 1(0.9990,1)

SVM 0.0773(0.0430,0.0862)  0.9845(0.9820,0.9965)
Logistic 0.0776(0.0689,0.1163)  0.9880(0.9820,0.9887)
RF-SMOTE 0.3620(0.2586,0.5258)  0.8760( 0.8720,0.8790)
SVM-SMOTE 0.7499(0.7197,0.7887)  0.6325(0.6255,0.6425)
Logistic-SMOTE ~ 0.6379(0.5819,0.7241)  0.7430(0.7360,0.7473)
RF-RTPSO 0.7568(0.7297,0.7568)  0.7400( 0.7300,0.7500)
SVM-RTPSO 0.7640(0.7526,0.7787)  0.6900( 0.6725,0.7025)
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