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Purpose

Deep-learning effectively predicts dose distributions in knowledge-based radiotherapy planning. Using anatomical information that includes a structure map and computed tomography (CT) data as input has been proven to work well. The minimum distance from each voxel in normal structures to planning target volume (DPTV) closely affects each voxel’s dose. In this study, we combined DPTV and anatomical information as input for a deep-learning–based dose-prediction network to improve performance.



Materials and methods

One hundred patients who underwent volumetric-modulated arc therapy for nasopharyngeal cancer were selected in this study. The prediction model based on a residual network had DPTV maps, structure maps, and CT as inputs and the corresponding dose distribution maps as outputs. The performances of the combined distance and anatomical information (COM) model and the traditional anatomical (ANAT) model with two-channel inputs (structure maps and CT) were compared. A 10-fold cross validation was performed to separately train and test the COM and ANAT models. The voxel-based mean error (ME), mean absolute error (MAE), dosimetric parameters, and dice similarity coefficient (DSC) of isodose volumes were used for modeling evaluation.



Results

The mean MAE of the body volume of the COM model were 4.89 ± 1.35%, highly significantly lower than those for the ANAT model of 5.07 ± 1.37% (p<0.001). The ME values of the body for the 2-type models were similar (p >0.05). The mean DSC values of the isodose volumes in the range of 60 Gy were all better in the COM model (p<0.05), and there were highly significant differences between 10 Gy and 55 Gy (p<0.001). For most organs at risk, the ME, MAE, and dosimetric parameters predicted by both models were concurrent with the ground truth values except the MAE values of the pituitary and optic chiasm in the ANAT model and the average mean dose of the right parotid in the ANAT model.



Conclusions

The COM model outperformed the ANAT model and could improve automated planning with statistically highly significant differences.
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1 Introduction

Inverse treatment planning is an important step for modern radiotherapy, such as intensity-modulated radiotherapy (IMRT) and volumetric-modulated arc therapy (VMAT). Dose and dose-volume–based objectives/constraints are essential in most commercial inverse planning systems. The optimal objectives/constraints for different patients, even if diagnosed as cancers of the same stage and grade, are very different due to variations in the morphology and position of the tumor and normal tissues. The process of finding personalized optimal objectives/constraints is time consuming and depends on the experience of the planner (1–4).

Some knowledge-based radiotherapy planning (KBRP) methods have been developed to substitute the human-dominated treatment planning process in recent decades (5–7).One of the key steps of KBRP approaches was to predict three-dimensional (3D) dose distributions for setting optimal objectives/constraints (8, 9). In early studies, the geometrical features of the organs at risk (OARs) and target(s) were manually extracted for the modeling of dose-prediction with machine learning methods (10). KBRP methods have been proven to have good performance in sparing OARs, decreasing inter-operator differences, and improving planning efficiency. The extracted geometric features of KBRP include the minimum distance to target and OARs, as well as angles related parameters (11, 12). Among them, the minimum distance to target has been widely used as an effective handcraft geometric feature in dose prediction modeling with machine learning which can capture the general slope of dose gradient outside PTV with lower average dose as the distance increases (13–15).

More recently, some research groups have worked on deep-learning methods to predict patient-specific dose distributions automatically. As one of the solutions of deep-learning methods, convolutional neural networks (CNNs) show potential to predict dose distribution (16, 17). Some research groups have explored deep-learning-based dose-prediction methods that use anatomical inputs combined with computed tomography (CT), OARs, and targets (18–20). The normalized mean square error and dose difference for rectal cancer radiotherapy plans were 0.001 and 0.4%. Ma et al. (21) introduced a deep-learning method for dose-prediction using inputs of contours (PTV and OARs) and dosimetric features. Compared with the traditional contours-based model, the model including dosimetric features could significantly improve the dose prediction accuracy for target with p< 0.001. Our research group also developed a CNN with 101 layers that used the inputs of OARs anatomical information, targets, and out-of-field distance to predict dose distributions which could improve the mean absolute dose from 5.5% to 4.7% (16).

Although deep-learning methods with anatomical information perform well on dose-prediction tasks, the geometric features are also related to the dose distribution. Yue et al. (22) applied the distance information to guided deep-learning including signed boundary distance map for regions of interest (ROIs) and the Euclidean distances from all body voxels to the center of the CTV. Different from that method, we introduced the minimum distance from each voxel in normal structures to planning target volume (DPTV) which was more common used for machine learning based KBRT. It is directly related to features for dosimetric parameter prediction and may also be an important parameter for training deep-learning models. The study aim was to propose a method that combines distance and anatomical information (structure maps and CT) as input for deep-learning based dose-prediction network training to improve model performance.



2 Materials and methods


2.1 Patient data

One hundred patients with nasopharyngeal cancer who received VMAT between 2016 and 2020 were enrolled in this study. Thermoplastic masks (Klarity Medical, Guangzhou, China) were used to immobilize the patients in the supine position. The simulation CT images were acquired on a Somatom Definition AS 40 (Siemens Healthcare, Forchheim, Germany) or a Brilliance CT Big Bore (Philips Healthcare, Best, The Netherlands) system with the same settings of a 3 mm slice thickness and a 512 × 512 matrix.

A 3 mm margin was applied around the gross tumor volume of the nasopharynx (GTVnx) and clinical target volume to create the planning GTVnx (PGTVnx) and PTV, respectively. The metastatic lymph nodes of gross tumor (GTVnd) were also contoured.

The combination of PGTVnx and GTVnd was named “Boost”. The prescription of PGTVnx and GTVnd was 69.96 Gy in 33 fractions (2.12 Gy/fraction). The prescription of the PTV was 60.06 Gy in 33 fractions (1.82 Gy/fraction). Twenty-one OARs were adopted for inverse treatment planning constraints, including larynx, biliteral lens, biliteral mandible, optic chiasm, biliteral optic nerves, biliteral parotids, pituitary, biliteral temporomandibular joints (TMJs), biliteral temporal lobes, thyroid gland, trachea, brain stem and the corresponding planning organ at risk volume (PRV) with 3mm margin, spinal cord, and PRV with 5mm margin.

The VMAT plans were optimized in the Pinnacle 9.10 version treatment planning system (TPS) (Philips Radiation Oncology Systems, Fitchburg, WI, USA) with 6 MV photons. Two opposite coplanar dynamic full arcs, each consisting of 91 control points, were used to generate all plans. The dosimetric objectives of the target volumes and OARs for direct optimization of machine parameters were consistent. The final dose grid resolution was set as 0.4 × 0.4 cm in the TPS and the dose maps were interpolated into the same pixel size with the corresponding CT image. The delineations of the regions of interest (ROIs) and treatment plans were reviewed carefully and approved by our radiotherapy team that included senior radiation oncologists and senior physicists.

A 10-fold cross validation was conducted for 100 cases that were randomly partitioned into 10 equal-sized subsets. The model was trained using nine subsets (90% of the data) and tested using the remaining subset (10% of the data). Ten models were trained using the same procedure, and 10 sets of results were obtained to evaluate the performance of each established deep-learning method. The dose distribution maps of the approved plans were adopted as ground truth (GT) for model estimation.



2.2 Generating the DPTV maps and structure maps

To incorporate the distance information for deep-learning methods, the DPTV maps were generated as inputs. The DPTV is defined as the minimum distance to PTV surface for each voxel of normal tissue that was outside the PTV but within body range. The DPTV was calculated in 3D to search the proximity distance to PTV according to equation 1.



	

For each slice of the DPTV map, the PTV voxels were labeled “0” and DPTVi was the label value of each corresponding Voxeli. The voxels in the outside body range were labeled “0.”

The same method based on our previous proposed study was used to generate the structure maps (16). The targets, OARs, body, and out-of-field voxels were assigned separate unique labels. The overlap of the OARs and target was labeled with their summation. The out-of-field voxels were also specified because they have been proven to achieve more accurate dose-prediction.



2.3 Experiments


2.3.1 Input and output of the networks

To identify the better combination of inputs for dose-prediction models, two kinds of inputs were compared: The first one was to use anatomical maps as two-channel inputs that included structure maps and CT to train a deep-learning anatomical (ANAT) model. The second one was to use combined anatomical maps as three-channel inputs that included DPTV maps, structure maps, and CT to train a deep-learning combined (COM) model. The outputs were the corresponding dose distribution maps.



2.3.2 Architecture of the deep-learning networks

The overall end-to-end workflow of CNNs was proposed to predict pixel-wise dose distributions. The ANAT model and COM model were trained separately with the same network architecture. The training workflow of the COM model is shown in Figure 1. The main generator of the network was based on Resnet with 101 layers, which had been introduced in our previous study (16). Conv1 is a 7×7 convolutional layer with 64 filters. A max-pooling operation is then performed for downsampling. Conv2, Conv3, Conv4, and Conv5 consist of 3, 4, 23, and 5 deeper bottleneck architectures (DBAs), respectively (23). Each DBA has three convolutional layers of 1×1, 3×3, and 1×1 and a connection. The output of Conv5 is 1/8 of the original image. An upsampling based on the fractionally-strided deconvolution is used to restore the image resolution. PyTorch was used to implement the process of model training and testing on a workstation equipped with an Intel® Core i7 CPU (3.4 GHz) and a TITAN XP graphics card. A total of 100 epochs were set for training to ensure loss convergence.




Figure 1 | Training workflow based on 101 with three input channels (CT, structure maps, and DPTV maps) of the COM model.





2.3.3 Quantitative evaluation


2.3.3.1 Voxel-based comparison

The accuracy of the predicted dose distributions by the two models were evaluated against the corresponding GT dose voxel-by-voxel. The voxel-based mean error (ME) and mean absolute error (MAE) were used as the evaluation indexes for outlines of body (24). For each patient, the ME and MAE values in the range of the body, whole normal tissue, and each ROI were separately calculated, according to equation 2 and 3:

 

 

where i is the index of the voxel in each ROI for each patient and M is the total number of the involved voxels. DPred(i) and DGT (i) are the predicted and GT dose of a voxel i, respectively, j is the index of the case, and N is the total number of cases in the test set.



2.3.3.2 Dosimetric comparison

Some critical dosimetric parameters of OARs related to the setting of inverse optimization, including the mean dose and D5% (doses delivered to 5% volume of an OAR), were calculated for both models.



2.3.3.3 DSC of isodose volumes comparison

The performance of different models were also evaluated by the 3D DSC (25) of isodose volumes calculated as equation 4.

 

where DSCi describes the degree of agreement between the predicted isodose volume in dose i (IViPred) and the corresponding isodose volumes of GT(IViGT). The DSCi of continual dose i within the range of prescription dose (1 Gy - 60 Gy) was calculated respectively for each model and plotted for comparison. Furthermore, the values of DSCi of dose i from 5 Gy to 55 Gy with a 5 Gy bin were extracted for statistical analysis.



2.3.3.4 Statistical analyses

Differences in the values of MAE and DSC between the two models were assessed by performing the paired t-test. The critical dosimetric parameters were compared against GT values and evaluated by the paired t-test. All of the statistical analyses were performed in IBM SPSS Statistics for Windows software (version 25.0; IBM Corp., Armonk, New York, USA). All of t-tests were two-sided. P values<0.05 were considered to be indicative of statistical significance.






3 Results

As shown in Figure 2, both the COM model and ANAT model predicted similar dose maps in acceptable agreement with the GT for visual comparison. Figure 3 illustrates the mean DVHs of all patients in the test dataset. The DVH curves predicted by the COM model and ANAT model were close to those of the clinically approved GT for most of the OARs and targets.




Figure 2 | Examples of dose maps predicted by the COM model and ANAT model: the first column, the CT maps as input; the second column, the structure-maps as input; the third column, the DPTV-maps as input; the fourth column, the dose maps of approved treatment plans; the fifth column, the dose maps predicted by ANAT-model; the sixth column, the dose maps predicted by COM-model; the seventh column, the dose-difference maps for ANAT-model; the eighth column, the dose-difference maps for COM-model.






Figure 3 | Comparison of the mean DVHs between the COM model (dash lines), ANAT model (dot lines), and GT (solid lines).



The MAE of the body volume was lower for the COM model (4.89 ± 1.35%) compared to the ANAT model (5.07 ± 1.37%) (p<0.001). As Table 1 shows, comparing the MAEs for most OARs, there were no significant differences between the two models. The MAE was significantly lower in the COM model than the ANAT model only for the pituitary and optic chiasm. The mean MAEs of the 21 OARs were 5.45 ± 1.80% for the ANAT model and 5.21 ± 1.49% for the COM model. For whole normal tissue, the mean MAE was 5.18 ± 1.22% of the COM model, which was also highly significantly lower than the 5.39 ± 1.25% of the ANAT model (p<0.001).


Table 1 | Comparison of the MAE for each OAR and target.



The ME values of the body for the COM and ANAT models were similar (p = 0.575) and were 0.21 ± 1.85% and 0.18 ± 1.91%, respectively. As shown in Table 2, the mean ME values of 21 OARs and two targets were also very similar but with no statistically significant differences (p >0.05). For whole normal tissue, the mean ME of the COM model was 0.20 ± 1.80%, which was very similar to the ANAT model with 0.14 ± 1.89% of (p = 0.412).


Table 2 | Comparison of the ME for each OAR and target.



As Figure 4 shows, the mean DSC values of the isodose volumes within the range of prescription (1 Gy - 60 Gy) dose were all better for the COM model than for the ANAT model. Table 3 shows that, the mean DSC deviations of isodose between the two models from 10 Gy to 55 Gy ranged from 0.22% to 0.80% were with highly statistical significance (p<0.001). For the DSC at 5 Gy isodose, the deviations were also statistically significant (p = 0.01). The lowest DSC values for the ANAT model and COM model were 89.30% and 89.72% respectively, when the isodose was approximately equal to 30 Gy.




Figure 4 | Comparison of the mean DSC values with of the isodose volumes between the two models (The solid lines represent the mean value of DSC for 2 models at each dose point and the corresponding shaded areas represent the values of standard deviation.).




Table 3 | Statistical comparison of the mean DSC values of the isodose volumes between the two models.



As shown in Figure 5, no significant differences between the dosimetric parameters predicted by the COM model and the corresponding GT value for all OARs were found (p >0.05). For most OARs, the dosimetric parameters predicted by the ANAT model were also quite close to the GT values, with no significant differences. Only for the right parotid was the average mean dose predicted by the ANAT model (30.89 ± 4.59 Gy), which was significantly higher than the GT value (30.15 ± 3.17 Gy). However, the absolute difference was only 0.74 Gy.




Figure 5 | Comparison of the dosimetric parameters between the two models.





4 Discussion

The novelty and the significant aspect of this study with two main contributions: one is that we developed DPTV maps and combined them with direct anatomical information (including structure maps and CT) as input to train a COM deep-learning model for dose-prediction; the other is we proved the COM model could improve the accuracy of dose-prediction with highly statistical significance. The DPTV maps provided the distance relationship between each voxel in normal structures and target volumes, which might be an important complement to anatomical information for deep learning model training. Our 10-fold cross validation results demonstrate the accuracy improvement in the body dose prediction using the COM model with statistically highly significant differences, including MAE of body and DSC of most isodose volumes. The results were encouraging that the proposed COM model incorporating the distance information could achieve better dose-prediction results for whole-dose map prediction and for some OARs, which means that the DPTV maps were able to extract effective information not only for OARs but also for all voxels of body.

The DSC results of whole isodose volumes were significantly better for the COM model than for the anatomical input results, especially in the range from 10 Gy–55 Gy (p<0.001). For the MAE comparison of whole normal tissue and the body, the COM model also significantly outperformed the ANAT model. This finding was mainly due to the fact that the received dose of each voxel in normal tissue is related to its geometric proximity to the target. The voxels of normal tissue that were proximal to the target were likely to receive a higher dose than the dose received by distal voxels. Generating DPTV maps set as the input of one channel in the CNN model training is a simple and effective method to obtain objectively patient-specific 3D spatial information.

A high-quality optimized plan requires not only setting appropriate constraints of targets and OARs, but also considering the dose modulation by virtual volumes (VVs) in normal tissue. The VVs are designed to find the best compromise between adequate PTV coverage and satisfactory conformity to protect normal tissue as much as possible (26). For example, in inverse planning, planners create different distances of annulus -shape structures from around a target and set a series of dose constraints to make the dose conform to the target volume. The proposed COM model showed better performances in DSC and MAE of the whole normal tissue which may benefit more accurate prediction of VVs for KBRT.

Our results reveal that for most OARs, the COM model gave performance equivalent to that of the ANAT model, including voxel-based comparison and dosimetric comparison. This was mainly because the direct anatomical maps, including structure maps and CT, were set as input for training both models. The direct anatomical maps mainly focused on the shape and gray level of OARs and targets. The parameter of DPTV was one of the essential features that has been widely used for the task of dose-prediction using a convention-matching learning algorithm (11, 27). A DPTV map can extract the distance features of the body, which could have a role complementary to direct anatomical maps for obtaining high-precision dose map prediction using deep-learning.

Some researchers have proposed to incorporate extra features as inputs to improve the deep learning model of dose prediction, for example, dosimetric features. Ma et.al (21) proposed the use of contours-based features together with a PTV-only plan as the input, which was found to predict dose distribution results far more accurately compared with only contour-based features. The PTV-only plan has proved that it could seek the best PTV coverage and sacrifice sparing OARs by ignoring all OARs constraints in the deep learning model. In the future, a combination of anatomical, geometric, and dosimetric features should be carefully tested to train the deep learning model.

There were several study limitations that should be considered. First, we only used two-dimension Resnet to train the model. Another architecture should also be tested and evaluated in the future, including the 3D deep-learning method with inputs of geometric and anatomical information. Second, we only imported the NPC dataset with two-level prediction to train our dose-prediction model, so a more general prediction model should be studied in the future.



5 Conclusion

A deep learning model combining distance information and anatomical information was built, and a comparison showed that it outperformed a deep learning model using anatomical information only with statistically highly significant differences. This result was obtained because the distance information is also closely related to the dose distribution. The studied network model with distance and anatomical information provides a new way to obtain high-precision dose-prediction and thus has the potential to improve automated radiotherapy planning.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving human participants were reviewed and approved by the Independent Ethics Committee of Cancer Hospital, Chinese Academy of Medical Sciences. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



Author contributions

Concept and design of study, XC, KM, and JD. Data collection and analysis, XC, JZ, and BY. Drafting the manuscript, XC. Revising the manuscript critically for important intellectual content, XC, JZ, BY, DC, KM, and JD. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by Beijing Natural Science Foundation (7222149), CAMS Innovation Fund for Medical Sciences (2021-I2M-C&T-A-016), the National Natural Science Foundation of China (12005302 and 11875320) and the Beijing Hope Run Special Fund of Cancer Foundation of China (LC2021A15).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



References

1. Bi, N, Wang, J, Zhang, T, Chen, X, Xia, W, Miao, J, et al. Deep learning improved clinical target volume contouring quality and efficiency for postoperative radiation therapy in non-small cell lung cancer. Front Oncol (2019) 9:1192. doi: 10.3389/fonc.2019.01192

2. Williams, MJ, Bailey, M, Forstner, D, and Metcalfe, PE. Multicentre quality assurance of intensity-modulated radiation therapy plans: A precursor to clinical trials. Australas Radiol (2007) 51:472–9. doi: 10.1111/j.1440-1673.2007.01873.x

3. Das, IJ, Cheng, CW, Chopra, KL, Mitra, RK, Srivastava, SP, and Glatstein, E. Intensity-modulated radiation therapy dose prescription, recording, and delivery: Patterns of variability among institutions and treatment planning systems. J Natl Cancer Inst (2008) 100:300–7. doi: 10.1093/jnci/djn020

4. Nelms, BE, Tome, WA, Robinson, G, and Wheeler, J. Variations in the contouring of organs at risk: Test case from a patient with oropharyngeal cancer. Int J Radiat Oncol Biol Phys (2012) 82:368–78. doi: 10.1016/j.ijrobp.2010.10.019

5. Nwankwo, O, Mekdash, H, Sihono, DS, Wenz, F, and Glatting, G. Knowledge-based radiation therapy (KBRT) treatment planning versus planning by experts: Validation of a KBRT algorithm for prostate cancer treatment planning. Radiat Oncol (2015) 10:111. doi: 10.1186/s13014-015-0416-6

6. Chanyavanich, V, Das, SK, Lee, WR, and Lo, JY. Knowledge-based IMRT treatment planning for prostate cancer. Med Phys (2011) 38:2515–22. doi: 10.1118/1.3574874

7. Wang, Y, Zolnay, A, Incrocci, L, Joosten, H, McNutt, T, Heijmen, B, et al. A quality control model that uses PTV-rectal distances to predict the lowest achievable rectum dose, improves IMRT planning for patients with prostate cancer," radiotherapy and oncology. J Eur Soc Ther Radiol Oncol (2013) 107:352–7. doi: 10.1016/j.radonc.2013.05.032

8. Wu, B, McNutt, T, Zahurak, M, Simari, P, Pang, D, Taylor, R, et al. Fully automated simultaneous integrated boosted-intensity modulated radiation therapy treatment planning is feasible for head-and-neck cancer: A prospective clinical study. Int J Radiat oncol biol Phys (2012) 84:e647–653. doi: 10.1016/j.ijrobp.2012.06.047

9. Zhu, X, Ge, Y, Li, T, Thongphiew, D, Yin, FF, and Wu, QJ. A planning quality evaluation tool for prostate adaptive IMRT based on machine learning. Med Phys (2011) 38:719–26. doi: 10.1118/1.3539749

10. Wu, B, Ricchetti, F, Sanguineti, G, Kazhdan, M, Simari, P, Chuang, M, et al. Patient geometry-driven information retrieval for IMRT treatment plan quality control. Med Phys (2009) 36:5497–505. doi: 10.1118/1.3253464

11. Shiraishi, S, and Moore, KL. Knowledge-based prediction of three-dimensional dose distributions for external beam radiotherapy. Med Phys (2016) 43:378. doi: 10.1118/1.4938583

12. Appenzoller, LM, Michalski, JM, Thorstad, WL, Mutic, S, and Moore, KL. Predicting dose-volume histograms for organs-at-risk in IMRT planning. Med Phys (2012) 39:7446–61. doi: 10.1118/1.4761864

13. Yuan, L, Ge, Y, Lee, WR, Yin, FF, Kirkpatrick, JP, and Wu, QJ. Quantitative analysis of the factors which affect the interpatient organ-at-risk dose sparing variation in IMRT plans. Med Phys (2012) 39:6868–78. doi: 10.1118/1.4757927

14. Nwankwo, O, Sihono, DS, Schneider, F, and Wenz, F. A global quality assurance system for personalized radiation therapy treatment planning for the prostate (or other sites). Phys Med Biol (2014) 59:5575–91. doi: 10.1088/0031-9155/59/18/5575

15. Tol, JP, Delaney, AR, Dahele, M, Slotman, BJ, and Verbakel, WF. "Evaluation of a knowledge-based planning solution for head and neck cancer," international journal of radiation oncology. biol Phys (2015) 91:612–20. doi: 10.1016/j.ijrobp.2014.11.014

16. Chen, X, Men, K, Li, Y, Yi, J, and Dai, J. A feasibility study on an automated method to generate patient-specific dose distributions for radiotherapy using deep learning. Med Phys (2019) 46:56–64. doi: 10.1002/mp.13262

17. Ma, M, Buyyounouski, MK, Vasudevan, V, Xing, L, and Yang, Y. Dose distribution prediction in isodose feature-preserving voxelization domain using deep convolutional neural network. Med Phys (2019) 46:2978–87. doi: 10.1002/mp.13618

18. Fan, J, Wang, J, Chen, Z, Hu, C, Zhang, Z, and Hu, W. Automatic treatment planning based on three-dimensional dose distribution predicted from deep learning technique. Med Phys (2019) 46:370–81. doi: 10.1002/mp.13271

19. Kearney, V, Chan, JW, Haaf, S, Descovich, M, and Solberg, TD. DoseNet: A volumetric dose prediction algorithm using 3D fully-convolutional neural networks. Phys Med Biol (2018) 63:235022. doi: 10.1088/1361-6560/aaef74

20. Song, Y, Hu, J, Liu, Y, Hu, H, Huang, Y, Bai, S, et al. Dose prediction using a deep neural network for accelerated planning of rectal cancer radiotherapy. Radiother Oncol (2020) 149:111–6. doi: 10.1016/j.radonc.2020.05.005

21. Ma, M, Kovalchuk, N, Buyyounouski, MK, Xing, L, and Yang, Y. Incorporating dosimetric features into the prediction of 3D VMAT dose distributions using deep convolutional neural network. Phys Med Biol (2019) 64:125017. doi: 10.1088/1361-6560/ab2146

22. Yue, M, Xue, X, Wang, Z, Lambo, RL, Zhao, W, Xie, Y, et al. Dose prediction via distance-guided deep learning: Initial development for nasopharyngeal carcinoma radiotherapy. Radiother Oncol (2022) 170:198–204. doi: 10.1016/j.radonc.2022.03.012

23. He, K, Zhang, X, Ren, S, and Sun, J. Deep Residual Learning for Image Recognition. (2015). doi: 10.48550/arXiv.1512.03385

24. Wang, W, and Lu, Y. Analysis of the mean absolute error (MAE) and the root mean square error (RMSE) in assessing rounding model. IOP Conf Ser: Mater Sci Eng (2018) 324:012049. doi: 10.1088/1757-899X/324/1/012049

25. Olberg, S, Chun, J, Su Choi, B, Park, I, Kim, H, Kim, T, et al. Abdominal synthetic CT reconstruction with intensity projection prior for MRI-only adaptive radiotherapy. Phys Med Biol (2021) 66 (20). doi: 10.1088/1361-6560/ac279e

26. Ghalibafian, M, Beaudre, A, and Girinsky, T. "Heart and coronary artery protection in patients with mediastinal Hodgkin lymphoma treated with intensity-modulated radiotherapy: dose constraints to virtual volumes or to organs at risk? Radiother oncol: J Eur Soc Ther Radiol Oncol (2008) 87:82–8. doi: 10.1016/j.radonc.2007.10.016

27. McIntosh, C, Welch, M, McNiven, A, Jaffray, DA, and Purdie, TG. Fully automated treatment planning for head and neck radiotherapy using a voxel-based dose prediction and dose mimicking method. Phys Med Biol (2017) 62:5926–44. doi: 10.1088/1361-6560/aa71f8


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2023 Chen, Zhu, Yang, Chen, Men and Dai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-13-1041769-g001.jpg
Structure-map

64

TAUOD

256

ZAUO)

212

£AUOD

ResNet-101

1024

pAUO)

DBAs

2048

GAUO)

512
1024
P
2 2
(= N

| Conv 7X7 stride=2 :l DeConv 3X3 stride=2

' DeConv 7X7 stride=2

£Au0Daq

yauo)sg

Dose distribution map






OEBPS/Images/M4.jpg
MAE=

I

“prescription dose

1 3% 3 2| Dpreald) - Dz (D)

<100%

Eq.

3





OEBPS/Images/M2.jpg
Voxel; © Body N Voxel; & PTV, Voxelpry © PTV





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Combining distance and anatomical information for deep-learning based dose distribution predictions for nasopharyngeal cancer radiotherapy planning

      

        		

          Purpose

        



        		

          Materials and methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patient data

          



          		

            2.2 Generating the DPTV maps and structure maps

          



          		

            2.3 Experiments

          

            		

              2.3.1 Input and output of the networks

            



            		

              2.3.2 Architecture of the deep-learning networks

            



            		

              2.3.3 Quantitative evaluation

            

              		

                2.3.3.1 Voxel-based comparison

              



              		

                2.3.3.2 Dosimetric comparison

              



              		

                2.3.3.3 DSC of isodose volumes comparison

              



              		

                2.3.3.4 Statistical analyses

              



            



            



          



          



        



        



        		

          3 Results

        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1041769-g005.jpg
Mean dose of OARs

Dose [Gy]
50.00
40.00
30.00
20.00
10.00 l
0.00 [ "N )
LS
& & & &% z > .. & & 2 % & ¥ >
& & d& fb@ @\ <° q,é @\@@\eﬁ y@ §F &S @f
PO é‘zoog < TS &S A
Y AR S & > R & &
» < é\o &Q PR
Q 9 X2 2
Max dose of OARs
Dose [Gy]
60.00
40.00
- l lII II
[ BBN o)
QQ‘ _@ ¢\<\+ (“’ (\"’ \z \Q, . Q" C\?, z {1\ p \b \’b‘* QQ~ (,° \Oz ‘0° \'b(\ @ @ ‘\Q
.\,\{o@@@&&@@e,ee,@,\o“.&@q}\,o\fo0'\/\@"
"}’z %(b @'b(\ ’bo .'00 _L\Q 9 Q’b 2 QS \(Jo é\Q Q & &6\ <
& A\ & & E & 9 @Q° &o oS
) KR PO

B GT mANAT mCOM





OEBPS/Images/table2.jpg
OARs ANAT model (%) COM model (%) OARs and targets ANAT model (%) COM model (%

BrainStem PRV -0.08 + 4.65 0.19 + 478 Pituitary 0.99 + 10.46 1.26 + 9.04
BrainStem » -0.13 +4.84 0.20 + 5.00 SpinalCord PRV 0.34 + 4.54 0.61 + 445
Larynx 0.59 = 3.09 0.73 £ 298 SpinalCord 0.34 + 4.98 0.62 + 4.96
Lens L 0.81 +3.77 1.05 + 445 T™MJ L 1.25 + 435 101 +4.72
Lens R 121 +4.44 L11 + 4.04 TMJ R 1.85 +5.15 2.06 £ 5.39
Mandible L 0.76 + 2.97 0.59 +2.92 Temporal Lobe L 0.15 + 4.15 0.00 £ 4.16
Mandible R 0.66 + 3.33 0.49 + 3.40 Temporal Lobe R 0.09 +3.94 0.18 £ 3.85
Optic Chiasm -0.23 +9.98 0.27 + 8.95 Thyroid Gland 1.07 + 5.86 1.70 + 538
Optic Nerve L 0.70 + 8.68 0.15 + 8.80 Trachea 0.79 + 594 0.81 + 5.67
Optic Nerve R 0.66 = 8.11 0.62 + 747 Parotid R 1.17 + 449 0.93 +4.19

Parotid L 0.60 + 3.49 0.70 + 3.43 PTV 0.30 + 2.76 0.37 279

Boost -0.31 +0.56 -0.24 £ 0.57






OEBPS/Images/fonc-13-1041769-g003.jpg
100

00
TMJL
90 1 90 + TMJR
Temporal Lobe L
80 4 80 - Temporal Lobe R |
Thyroid Gland
70 1 70 Trachea
—_ L
= —
) | &
g 60 @ 60
S £
S 50 1 ‘—g 50
>
€ 40 +« 40
g 5
= L 1 o L
g 20 Boost o 30
20 Brain Stem ] a
Brain Stem PRV 20
Larynx
10 PTV 1 1071
Pitutiary > \
0 T N " 0 .
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70
Dose[ Gy] Dose[ Gy ]
100 100 g
Lens L Mandible L
90 ~Lens R o 90 Mandible R 1
iaro:;d, I’; Optic Chiasm
90if S:ir:all Cord 80 3,‘1:’2 :Z:: ;
{
Spinal Cord PRV
—70r 70
= —-
gt %eo
5 5
E 50 - 50
T4t 2
c +2 40
8 8
| 8
& 5 30
a
20 20
10 10 T
0 < 0 " " L
0 10 20 30 40 50 60 70 10 20 30 50 60 70

40
Dose[ Gy ] Dose[ Gy ]





OEBPS/Images/fonc.2023.1041769_cover.jpg
, frontiers ‘ Frontiers in Oncology

Combining distance and
anatomical information for
deep-learning based dose
distribution predictions for

nasopharyngeal cancer

radiotherapy planning





OEBPS/Images/table3.jpg
Isodose (Gy) ADSC (%) P value Isodose (Gy) DSC (%) P value
5 0.09 + 0.36 0.01 35 043 £ 0.50 <0.001

‘ 10 022+ 043 <0.001 40 051 +0.42 <0.001
15 028 + 0.52 <0.001 45 0.80 £ 0.39 <0001
20 040 + 0.64 <0001 50 065 + 0.38 <0001
25 042 + 0.62 <0.001 55 050 + 0.34 <0001
30 042 + 055 <0.001 60 004 + 0.42 0293





OEBPS/Images/M3.jpg
1 2013 21D ~Der®

ME N prescription dose

Eq.





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-13-1041769-g004.jpg
DSC[%]

102

100

98

96

94

92

90

88

86

T T

—— ANAT-model
—— COM-model

10

20

30
Dose[ Gy ]

40 50

60





OEBPS/Images/M1.jpg
DPTV; = min { Distance(Voxel;, Voxelgry )}  Eq. 1





OEBPS/Images/table1.jpg
OARs model (%) COM model (%) OARs and targets ANAT model (%) COM model (%
BrainStem PRV 568 + 1.74 5.63 + 1.83 Pituitary* 9.07 + 6.08 7.63 541
BrainStem 5.66 + 1.90 5.66 + 2.00 SpinalCord PRV 6.00 + 1.99 6.05 +1.99
Larynx 435+ 1.52 425+ 1.39 SpinalCord 6.19 226 6.17 £2.28
Lens L 199 £ 1.71 213+ 193 T™MJ L 477+ 212 472 £250
Lens R 1.85 + 1.41 2.00  0.67 TMJ R 531+ 282 550 +2.99
Mandible L 477 £1.20 4.60 + 1.14 Temporal Lobe L 5.03 + 1.70 475 + 1.89
Mandible R 511+ 1.49 5.03 + 1.57 Temporal Lobe R 471+ 168 452 +1.62
Optic Chiasm* 922 +5.17 8.08 + 4.62 Thyroid Gland 5.01+229 [ 473 £ 1.48
Optic Nerve L 7.66 +4.24 7.09 + 4.87 Trachea 448 + 124 431 £121
Optic Nerve R 7.00 £ 4.57 641+ 4.19 Parotid R 5.66 + 2.38 554 193
Parotid L 4.90 + 1.54 4.80 + 154 PTV 254+ 2.44 252 £242
Boost 1.34 £ 0.30 1.30 + 0.41

*p<0.05.





OEBPS/Images/M5.jpg
2Vipes 0 Vigr)
Woprea * Vot






OEBPS/Images/fonc-13-1041769-g002.jpg
ANAT-model COM-model Gy ANAT-model COM-model %






