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Table 1. Pertinent data on 10 patients.

Patient . Marker motion
Sex Tumor site
no. range (cm)

1 54 M Lung meta —3.0058 ~ —1.4831
2 33 M Lung meta —3.5272~ —0.6438

3 48 M Liver meta 2.3051~4.1621
4 59 M Lung meta —3.4284~ —1.8181
5 71 M PVT —3.7448 ~ —2.2029
6 68 F Liver meta —7.0637~ —4.9105

7 33 M Lung meta —1.1105~0.9866
8 72 M Lung meta —3.0431~ —0.7478

9 75 M Prostate —1.9438~0.3215
10 80 M Lung meta —2.8408 ~ —1.0459
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Fig. 1. Schematic of the neural network configured with
multi-layers for temporal prediction of respiratory signal.
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Fig. 2. Comparison of the prediction by the neural network algorithm with the measurement by RPM. The title of y-axis in the
upper graph of each patient represents the signal value of marker location from RPM is shifted to the position relative to that in
the mid-point of whole breath cycle (to be continued).
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Fig. 2. Continued.

Table 2. Errors of marker motion predictions by the neural
network algorithm.

Patient Root mean Max. absolute ~ Mean absolute
squared error
no. error (cm) error (cm)
(cm)
1 0.0140 0.1063 0.0101
2 0.0224 0.1367 0.0162
3 0.0137 0.1004 0.0097
4 0.0151 0.1395 0.0100
5 0.0156 0.1678 0.0092
6 0.0316 0.1850 0.0236
7 0.0209 0.1280 0.0126
8 0.0849 0.6059 0.0324
9 0.0964 0.5518 0.0709
10 0.0202 0.2565 0.0131
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Prediction of Target Motion Using Neural Network for
4-dimensional Radiation Therapy

Sang Kyung Lee*, Yong Nam Kim*, Kyung Ran Park”, Kyeongkeun Jeong*, Chang Geol Lee*,
Ik Jae Lee*, Jinsil Seong*, Choi Won Hoon*, Chung Yoonsun*, Sung Ho Park "

*Department of Radiation Oncology, College of Medicine, Yonsei University, Seoul,
TDepartmen’[ of Radiation Oncology, Wonju College of Medicine, Yonsei University, Wonju,
TDepartment of Radiation Oncology, Asan Medical Center, Seoul, Korea

Studies on target motion in 4-dimensional radiotherapy are being world-widely conducted to enhance treatment
record and protection of normal organs. Prediction of tumor motion might be very useful and/or essential for
especially free—breathing system during radiation delivery such as respiratory gating system and tumor tracking
system. Neural network is powerful to express a time series with nonlinearity because its prediction algorithm
is not governed by statistic formula but finds a rule of data expression. This study intended to assess applicability
of neural network method to predict tumor motion in 4—dimensional radiotherapy. Scaled Conjugate Gradient
algorithm was employed as a learning algorithm. Considering reparation data for 10 patients, prediction by the
neural network algorithms was compared with the measurement by the real-time position management (RPM)
system. The results showed that the neural network algorithm has the excellent accuracy of maximum absolute
error smaller than 3 mm, except for the cases in which the maximum amplitude of respiration is over the range
of respiration used in the learning process of neural network. It indicates the insufficient learning of the neural
network for extrapolation. The problem could be solved by acquiring a full range of respiration before learning
procedure. Further works are programmed to verify a feasibility of practical application for 4—dimensional
treatment system, including prediction performance according to various system latency and irregular patterns
of respiration.

Key Words: 4-dimensional radiation therapy, Target motion prediction, Neural network
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