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Intensity-modulated radiotherapy planning for breast cancer based on two-layer perceptron

neural network

LIU Weikun, ZHOU Linghong
School of Biomedical Engineering, Southern Medical University, Guangzhou 510515, China

Abstract: Objective To establish a two-layer perceptron neural network based on the anatomical characteristics of the left-sided
breast cancer target area, the planning parameters of the corresponding radiotherapy plan and some key dose-volume histogram
(DVH) information for realizing the automatic radiotherapy planning and the prediction of some key DVH information. Methods
The two-layer perceptron neural network was trained with the overlapping volume histogram features and tangential angles in
the intensity-modulated radiotherapy (IMRT) plans of 50 cases of left-sided breast cancer as the input, and the field angles, objective
function parameters and some key DVH information as output. The predicted field angles and objective function parameters for
IMRT plans of 10 new cases were used for automatic planning. The dosimetric results of automatic plans and manual plans and
some key DVH information predicted by the network were analyzed using paired #-test to verify the feasibility of the method for
automatic IMRT planning for left-sided breast cancer and test the accuracy of prediction on some key DVH information. Results
The automatic plans basically met the clinical requirements. The differences between automatic plans and manual plans in the D,
D,..co Dieans V. D,, D,,, CI, HI of PTV, the V,,, V; of ipsilateral lung and the V,, of heart were trivial (P>0.05). The time
required for automatic planning was much less than that required for manual planning. The predicted key DVH information included
the D,..» D,oxs Dieans V. of PTV, the V,,, V, of ipsilateral lung and the V,, of heart. Only the D, V. of PTV and the

V,, of ipsilateral lung in automatic plans were different from those in manual plans, but all of them conformed to the needs and

prescription®

prescription mean® " prescription

expectations of clinical radiotherapy. Conclusion The automatic planning with the two-layer perceptron neural network can result
in the same plan quality as manual plans, and greatly shorten planning time. The predicted dosimetric information can also provide
reference for the plan quality evaluation.
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Table 1 Prescription requirements for hypofractionated
whole breast radiotherapy plan for left—sided breast

cancer after breast—conserving surgery
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Table 2 Extracted input characteristic parameters
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Table 3 Some of the objective function parameters
454 I FHIESHL
PTV Target Penalty Prescription(cGy)
Underdose DVH (4 256 ¢Gy) Minimum Volume(% )
Quadratic Underdose RMS Dose Deficit(cGy)
FE il Parallel(2 000 cGy) Mean Organ Damage(% )
Parallel(500 cGy) Mean Organ Damage(% )
i Parallel(2 000 cGy) Mean Organ Damage(%)
Serial Equivalent Uniform Dose(cGy)
Patient Maximum dose Maximum Dose(cGy)
2 ERLBREARAARGITERI KRS EMITH IMRT iR B3 it
AR fa 2 R Figure 2 Automatic IMRT planning for hypofractionated whole
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Figure 1 Two—layer perceptron neural network
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breast radiotherapy following breast—conserving surgery for left—

sided breast cancer
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Table 4 Statistics of dose attainment in regions of interest in automatic plans and manual plans (2=10)
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Table 5 Overall rating of automatic plans and manual plans designed by a junior physician
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Table 6 Dosimetric comparison results
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