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attacks." Advances in neural information processing systems 30 (2017).
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A Z1} - Experiment 1
4 )
Model Accuracy F1 Score Precision
ResNet-50 (Baseline) 0.384 0.314 0.288
ResNet-50 + ETF 0.443 0.365 0.357
ResNet-50 + ETF +Rect 0.463 0.399 0.420
ResNet-50 + ETF +Rect +DML (Ours) 0.467 0.449 0.469
Tablel. Performance comparison of different models on medical image classification task
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A9l A1} - Experiment 2 (Poison attack)

Ol MAIE EEHX| U & N5}

Model Accuracy F1 Score Precision
ResNet-50 (Baseline) 0.240 0.171 0.260
ResNet-50 + ETF 0.314 0.280 0.390
ResNet-50 + ETF +React 0.332 0.293 0.283
ResNet-50 + ETF +React +DML 0.315 0.376 0.287

Tablel. Performance comparison of different models on medical image classification task
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A 41} - Combined Performance Drop Metric AHE o= BEXZ 2T HX X 2E =ey
4 )
Model Com[g)rlggtlon Accuracy Drop F1 Score Drop Precision drop
ResNet-50 (Baseline) 12.557% 37.5% 14.3% 2.8%
ResNet-50 + ETF 9.72 % 29.12% 8.5% -3.3%
ResNet-50 + ETF +Rect 9.51% 28.29% 10.6% 13.7%
ResNet-50 + ETF +Rect +DML 10.93% 32.55% 7.3% 18.2%
Tablel. Performance comparison of different models on medical image classification task
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