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Classification of breast density in mammography based on deep learning model: a preliminary study MA
Ming-ming,JIANG Yuan,LIU Yi,et al. Department of Radiology,Peking University First Hospital,
Beijing 100034 ,China

[ Abstract] Objective: To explore the feasibility of deep learning in mammary gland X-ray density
(MD) classification. Methods: A total of 305 continuous patients who underwent bilateral mammogra-
phy in our hospital from September to December 2018 were analyzed retrospectively,including 1220
images. Two radiologists selected the qualified data for breast density classification training. The 1220
qualified images were classified into four types (a,b,c,d) based the MD classification standard in 5th
edition of Breast Imaging Reporting and Data System (BI-RADS). These image data were randomly di-
vided into train set (80%),validation set (10%) and test set (10%),and the AutoVGG network was
used to train the classification prediction model. The confusion matrix of the test set was used to eval-
uate the performance of the classification model. Based on the four categories, MD was classified into
two categories:non-dense group (type a and type b) and dense group (type c and type d),and the ef-
fectiveness of the binary prediction model was evaluated. Results: The accuracy (ACC Macro) in the
126-test data was 0. 83,and the accuracy of the four classifications of MD (a,b,c,d) was 0. 88,0. 78,
0. 80 and 0. 76, respectively. When MD was divided into dense group and non-dense group, the preci-
sion, recall rate,F1 value of the non-dense group were 0. 90,0. 74 and 0. 81 respectively;the precision,
recall rate,F1 value of the dense group were 0. 86,0. 84 and 0. 85 respectively. Conclusion: It is feasible
to use deep learning method to classify MD types in mammography,and it is expected to be applied in
clinical work.
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