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Application of three-dimensional depth-convolution neural network in clinic target volume of

post-mastectomy radiation therapy
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[ Abstract] Objective To evaluate the value of automatic delineation software of radiotherapy target area based
on deep learning artificial intelligence technology in clinical application. Methods 380 patients who underwent adjuvant
radiotherapy after mastectomy for breast cancer in the Department of Oncology, Liuzhou Workers' Hospital, Guangxi
from September 2018 to August 2021 were collected and included in the study. After automatic delineation of the target
area using U-Net, manual modification was completed by senior physicians, and the target area before and after
modification was compared to calculate the Dice Similarityco Efficient (DSC) and 95%Hausdorff Distance (95%HD).
Results The DSC of chest wall field was 0.851£0.036 on the left side and 0.834 0.044 on the right side; 95%HD was
6.579+2.890mm on the left side and 9.250+7.811mm on the right side. The DSC of the supraclavicular field was 0.806
£0.051 on the left and 0.823£0.062 on the right; 95%HD was 6.823 2=2.695mm on the left and 6.468 2=2.996mm on
the right. Conclusion The automatic delineation software based on deep learning artificial intelligence technology has a
high accuracy in delineating the target area of postoperative radiotherapy for breast cancer and can be used in clinical
work with slight modification.
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