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A preliminary investigation of breast mammography Al detection LI Xin, LIANG Shen, HUANG
Zheng-nan, et al. Department of Imaging, Tangshan Gongren Hospital, Hebei 063000, China

[Abstract] Objective: The current study aims to develop a detection model for lesions including
masses,lymph nodes,and calcification in mammography with the latest artificial intelligence (Al) al-
gorithms. Our findings provide preliminary verification for the application of deep learning in multi-
category lesion detection in mammography. Methods: This study used a deep learning object detection
algorithm called faster R-CNN to detect different lesions. The training dataset composed of 1892 mam-
mography studies was manually labelled by experienced radiologists. A testing dataset of 400 mam-
mography studies was used to evaluate the performance of Al Results:In the test dataset,our Al algo-
rithm detected 526 masses (689 in total),912 lymph nodes (1098 in total),52 round calcifications (73
in total),519 rim calcifications (692 in total),coarse calcification 353 (544 in total),and sensitivities of
each lesion category was 76.4%,83.1%,71.2%,75.0% and 64. 9%, respectively. And false positive
rates of each lesion were 35.7%,38.6%,0.9%,0.6% and 18. 4% ,respectively. Conclusion; Our Al le-
sion detection algorithm can detect masses, lymph nodes and calcifications mammography,and lays a
research foundation for further multi-category Al detection system for mammography.
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