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H 79 YHAAE EFE & JAEF AA g
d Y EYAZE YOLO, Faster R-CNN, RetinaNet
o] At} (22-24).
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Gold Standard
Precision
Abnormal Normal
=t TP
Abnormal True Positive False Positive TP + FP
Prediction
Normal | False Negative | True Negative
Sensitivity Specificity F1 5
(=Recall) pecificity score
TN 2TP
TP + FN FP+ TN 2TP + FP + FN
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a8 3. SUEHS M CAMS &S5 HH A|ZH519] of(Suh et al. Automated breast cancer detection in digital
mammograms of various densities via deep learning. J Pers Med 2020)
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