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Abstract: Objective To develop a convolutional neural network based model for predicting the dose distribution of intensity-
modulated radiotherapy (IMRT) in cervical cancer, and to evaluate its potential applications in automated treatment planning.
Methods The pelvic IMRT plans for 100 female patients were collected, with 80 cases in the training set, 10 in the validation
set, and 10 in the test set. A dose prediction model was built based on the three-dimensional (3D) residual network for
forecasting 3D dose distribution. Masks for organs-at-risk and planning target areas were extracted from CT images and RT
Structure files. Density values were assigned to different structures according to a density map, and the resulting CT maps
were used as input images for model training. The optimal model was used to predict the 3D dose distribution, and the
predicted results were compared with the dose distribution from manual treatment planning in terms of dosimetric
parameters. Results The experimental results on the 10-case test set demonstrated that dosimetric parameter differences were
insignificant and within clinically acceptable ranges. The mean absolute error, average Dice similarity coefficient, and 95%
Hausdorff distance for 10 cases in test set were (0.58+0.16) Gy, 0.90+0.03, and (10.61+7.17) mm, respectively. Compared
and the V,,of bilateral

femoral heads was reduced. The predicted D, of planning target area was lower than manual planning, but the differences in

with manual planning, prediction model showed slightly decreased rectal V,;, small bowel D

2cc?

D,,, homogeneity index, and conformity index were trivial. There were minor differences in 3D dose distributions between

the two, and the dose distribution generated by prediction model met clinical requirements. Conclusion The convolutional
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neural network based dose prediction model can accurately forecast the dose distribution for cervical cancer IMRT, exhibiting

the potential to be used in automated treatment planning and quality evaluation.
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Figure 1 Organs—at-risk contours
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Table 1 Dose limit standards for organs—at—risk

OAR 79 ek BRAE

5 ibE V,,<50%; D, <52 Gy
Lelbe sk V,<5%; V,,<50%
ek V,;<5%; V,,<50%
Hh V,5<50%; D, <52 Gy
N V,,<50%; D, <52 Gy
A i D, <45 Gy
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Figure 7 Model predicted values and actual values of isodose

surface HD,
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Table 3 Dice similarity coefficient between actual and Table 4 Model evaluation indicators
predicted values (Mean+SD) preye MAE/Gy MSE/Gy? RMSE/Gy
I 5] DSC{H g il 1 0.45 2.10 1.45
I il 1 0.90:0.03 I foil 2 0.37 2.17 1.47
Jpafoil 2 0.91+0.03 Il 3 0.49 2.93 1.71
53 0.90+0.03 it 4 0.64 3.70 1.92
Sl 4 0.90+0.03 S50 S 0.82 4.84 220
Yt s 0.9140.00 Jrtoil 6 0.78 6.23 2.50
Jratsil 6 0.87+0.04 St 7 0.34 1.83 1.35
Jpafoil 7 0.9240.03 S 15l 8 0.55 2.81 1.68
St 8 0.91+0.03 51 9 0.76 3.69 1.92
it 9 0.92+0.03 it 10 0.60 2.95 1.72
Tt 10 0.910.02 10 3348 0.58+0.16 3.3241.29 1.79+0.34
10 f5°F- 0.90+0.03
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Figure 8 Dice similarity coefficient of the isodose surface between
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Table 5 Comparisons of dosimetric parameters between manual planning and prediction model (Mean+SD)

e S8 AT R IR P
D,,/Gy 50.25+0.20 48.901.04 0.024
- D,,/Gy 50.65+0.16 49.900.57 0.112
HI 0.07+0.01 0.07+0.03 0.004
Cl 0.970.01 0.93+0.03 0.020
. V% 35.08+9.18 35.62+10.99 0.261
b D, /Gy 51.46+0.27 51.00+0.00 <0.001
) V% 35.9348.05 32.86+13.03 0.452
i D, /Gy 50.29+0.81 49.10+1.04 0.310
V% 6.43£1.95 9.35+3.35 0.220
/N D, /Gy 51.51+0.28 50.80+0.40 0.469
D,y /Gy 20.28+6.54 18.20+8.08 0.583
i D,./Gy 37.78+21.12 38.40+19.94 0.906
S V% 15.40+22.43 17.27+27.03 0.613
V,/% 58.99+27.73 53.47+28.35 0.993
P V% 6.44+18.43 7.02421.02 0.895
V,/% 78.53+14.21 73.71£17.01 0.368
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Figure 9 Comparison of actual and predicted dose distribution maps
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clinical doses
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