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Deep learning-based prediction of three-dimensional dose distribution in postoperative
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intensity-modulated radiotherapy for esophageal cancer
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Abstract: Objective To develop a deep learning network model for predicting the three-dimensional (3D) dose distribution in
postoperative intensity-modulated radiotherapy (IMRT) for esophageal cancer. Methods A total of 100 postoperative patients
with upper and middle esophageal cancer treated by IMRT were enrolled in the study. The CT images, segmentations of target
areas and organs-at-risk, and conformal beam configuration were taken as input data, and IMRT dose distribution was taken
as output data. The established hybrid network 3D U-Res-Net was used for training and obtaining prediction model which
was then used for the prediction of 3D dose distribution on the test set. The prediction accuracy was evaluated by the average
prediction bias 4, mean absolute error (MAE), Dice similarity coefficient (DSC) and Husdorff distance (HD,,). Results For
the test set, the average prediction bias ranged from -0.23% to 0.78%, and MAE varied from 1.67% to 3.07%. The average
DSC was above 0.91 for all isodose surfaces, especially when the dose was less than 30 Gy (DSC was higher than 0.95), and
the average HD,swas from 0.51 cm to 0.73 cm. The dosimetric parameters of the prediction plan were all within the clinically
allowable range, and the relative dose deviation was less than 2%. There is no significant difference in dosimetric parameters
except for D, to target area, D, to spinal cord and V,,of whole lung (P<0.05). Conclusion The 3D dose distribution in the
postoperative intensity-modulated radiotherapy (IMRT) for esophageal cancer can be accurately predicted by the established
3D U-Res-Net model.

Keywords: deep learning; esophageal cancer; intensity-modulated radiotherapy; dose distribution prediction
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Figure 1 Deep neural network framework used in the study
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Figure 2 Comparison between clinical and predicted three—dimensional dose distributions
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Table 1 Dosimetric comparison between predicted value and clinical truth for 10 cases from test set (Mean+SD)
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Vao/% 20.24+2.56 20.31£2.33 - -0.430 0.677
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D,,../Gy 10.33+0.77 10.33+0.73 0.02+1.78 0.043 0.967
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