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Abstract Deep learning has demonstrated to be capable of predicting 

realistic radiotherapy dose distributions. Collecting and curating clinical 

data is a labour-intensive and time-consuming task, making large, 

curated datasets scarce for training deep learning dose prediction models. 

Partly due to the lack of training data, model size has never been fully 

explored in previous studies. In this study, we investigated how training 

dataset size and model size impact 3D dose prediction performance for 

prostate cancer. For a curated dataset consisting of 1250 contoured 

planning CT-scans, ground truth dose distributions were fully 

automatically generated for each patient using Erasmus-iCycle, 

guaranteeing consistent trade-offs. Three HD U-Nets with two, four and 

six pooling layers were trained from scratch with different sized datasets 

(50/250/1000 plans) for prediction of dose distributions. Mixed precision 

was applied to optimize GPU VRAM usage. Prediction accuracy was 

lowest for the 2-level model, while differences between 4-levels and 6-

levels were small. For all model sizes, agreement improved with 

increasing training dataset size, suggesting that more training patients 

could further increase prediction accuracy. 

1 Introduction 

 

Treatment planning for RT is a fragmented, labor-inten-

sive and time-consuming collaboration between physi-

cians, medical physicist and dosimetrists. There is a grow-

ing need for shorter treatment planning times, as cancer in-

cidences and staff shortages are increasing [1], while the 

RT field is also moving towards (online) adaptive treat-

ment strategies and same-day treatment [2]. Although 

multi-criterial optimization based automated treatment 

planning as applied in our center has shown to drastically 

reduce hands-on treatment planning workload in the clinic 

while producing high quality plans [3, 4], substantial com-

putational time is required. Deep learning has been pro-

posed to predict the patient-specific 3D dose in the order 

of seconds [5, 6, 7, 8]. The predicted dose can either be 

used as a directive for the physician [9] or converted to 

machine parameters to obtain a deliverable treatment plan 

[10, 11]. From previous studies it is expected that the dosi-

metric performance of deep learning dose prediction de-

pends on the size and quality of the dataset used for train-

ing [12, 13]. However, no consistent dataset size study has 

been performed to assess whether larger datasets could im-

prove prediction accuracy. In addition, model size has 

never been fully explored in previous works.   

 

In this study, we systematically investigated the impact of 

training dataset size and model size on 3D dose prediction 

performance for prostate cancer, using a curated dataset of 

1250 contoured planning CT-scans. All ground truth (GT) 

plans used for the analyses were generated with Erasmus-

iCycle [14], a system for fully automated multi-criterial plan 

generation, guaranteeing consistent trade-offs between all 

treatment objectives. Many studies have demonstrated 

superiority of Erasmus-iCycle plans compared to manual 

planning [3, 4, 14, 15, 16, 17]. 

 

2 Materials and Methods 

 

 2.1 Patient Cohort 

Patients with low, intermediate or high-risk prostate cancer 

without metal hip prostheses were included in this study. 

The data was combined from two sources: 719 patients were 

included from the multicenter phase 3 randomized trial on 

hypofractionation for prostate cancer (HYPRO) [15, 18], 

which was complemented with 531 recent patients from the 

Erasmus University Medical Center Rotterdam.  

Erasmus-iCycle was used to automatically generate for each 

patient a 10 MV 23-beam GT IMRT plan, mimicking 

VMAT dose distributions, using original CT resolutions. 

The clinically established and applied delineations of the 

target volumes, rectum, anus, femoral heads, bladder and 

body were also used in this study. The patient cohort 

consisted of three groups, based on the risk of involvement 

of the seminal vesicles. For Group 1 patients, a dose of 78 

Gy (PTV high) was prescribed to the prostate. For Group 2, 

a dose of 78 Gy was prescribed to the prostate and 72.2 Gy 

(PTV low) to the seminal vesicles. In Group 3 patients, 

prescribed dose for both prostate and seminal vesicles was 

78 Gy. 

 

2.2 Experimental setup for Deep Learning 

The CT scan, binary masks of the structure delineations and 

GT dose distributions were downsampled to a grid size of 

256 x 256 x 128, reflecting a patient resolution 1.95 x 1.52  

x (1.5-3) mm3, where the original slice distance was 

conserved. The data was divided into 1000 training, 100 

validation, and 150 test patients using stratified sampling. 

Stratification was based on the patient Groups (1-3), size of 

the patient in the isocenter slice, and the volume of the high 
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dose target. For training, target volumes were combined 

into one target map where each voxel value was set to the 

corresponding prescription dose. Generated models had 

seven input channels: the CT scan, target map, and binary 

masks of the anus, bladder, rectum, combined femoral 

heads and patient contour. The Hounsfield units in the CT 

were clipped to a range of [-1000, 1500] to improve training 

convergence, following Liu et al.[19]. All model inputs 

were left unscaled for training. 

The dose prediction models for the investigated dataset 

sizes and model sizes were based on the Hierarchically 

Densely Connected U-Net (HD U-Net) architecture 

proposed by Nguyen et al. [20]. We extended the HD U-Net 

with a mixed precision learning strategy to optimize VRAM 

usage. Three HD U-Nets with two, four and six pooling 

layers were separately trained on randomly stratified 

subsets of the training data, N=50/250/1000 (5/25/100%), 

resulting in nine trained models. All model training was 

performed with the Adam optimizer with a learning rate of 

10-4, batch size of 1 and mean squared error (MSE) as the 

loss function. We trained each experiment with four 

different patience parameters (5, 10, 15 and 20) for the 

reduce on plateau learning rate scheduler, and early 

stopping with a threshold of 25 epochs was used to reduce 

overfitting. The model with the lowest validation loss was 

used to assess the test data. Training of all models was 

performed on a cluster with 15 NVIDIA A40 GPU cards 

with 48 GiB of VRAM. 

Predicted dose distributions were interpolated back to their 

original CT resolutions. All models were evaluated on the 

same test set without normalization of doses. The 

performance of the models was evaluated using dose 

metrics, spatial dose distributions, mean absolute error 

(MAE) and MSE. To evaluate target dose, we computed 

V95% for PTV high and PTV low, and V107% for PTV high 

for the predicted dose distributions and GT. For the rectum, 

we computed V75Gy, V60Gy and Dmean. The bladder was 

evaluated for V65Gy and Dmean, and anus for Dmean. The 

near maximum dose, D0.03cc, was used to evaluate dose 

delivered to the femoral heads, and V20Gy was computed for 

the patient contour to evaluate the prediction quality in the 

low to intermediate dose regions. Statistical significance of 

differences between predicted and GT parameters was 

assessed with two-sided Wilcoxon signed rank tests, using 

p<0.05 for significance.  

 

3 Results 

 

Figure 1 shows predicted and GT dose distributions for an 

axial slice of a random patient from the test set. Where the 

2-level model with 50 training patients only gives an 

impression of the dose distribution, details start showing up 

with 4-levels and 250 training patients, with highest 

correspondence to GT for the 6-level model and 1000 

training patients. For the 4-level and 6-level models, the 

accuracy of the predicted dose distributions clearly 

increased with more training data, especially regarding the 

distinct spikes in the intermediate dose regions (20-30 Gy). 

In figure 2, the population MAE and MSE show the same 

trend. For all model sizes, a reduction in both metrics was 

found with increasing training dataset size, indicating that 

more plans are needed for training to reach convergence. 

For each training dataset size, the 4- and 6-level models 

clearly outperformed the 2-level model in both MAE and 

MSE, while differences between the 4-level and 6-level 

models were minor for all dataset sizes. 

Figure 3 shows box-and-whisker plots for the selected dose 

metrics. Overall, all models showed good performance for 

targets and OARs. For PTV high V95%, PTV low V95%, 

rectum V75Gy, rectum V60Gy, bladder V65Gy, bladder Dmean, 

anus Dmean and patient V20, increases in agreement 

between predictions and GT were observed with increasing 

training dataset size. For fixed dataset sizes, no noticeable 

differences were observed between model sizes, except for 

bladder Dmean and V20, where the 2-level models had 

larger errors. The 6-level model trained on 1000 patients 

had overall the smallest dose metrics differences between 

predictions and GT.   

 

4 Discussion 

 

The purpose of this study was to systematically investigate 

the effect of training dataset size and model size on deep 

learning 3D dose prediction accuracy for prostate cancer, 

based on a large curated dataset of contoured planning CT-

scans and corresponding highly consistent, automatically 

generated GT plans.   

The 3D dose distributions showed a consistent trend in 

dosimetric detail when using more data and/or deeper 

models (Fig. 1). The  MAE and MSE (Fig. 2) were clearly 

highest for the 2-level model, while differences between 4-

levels and 6-levels were small. For all model sizes, MSE 

and MAE went down with increasing training dataset size, 

suggesting that more patients could further increase 

prediction accuracy. Differences in the 20-30 Gy areas 

(spikes in Fig. 1) contributed substantially to the found 

MSE and MAE differences. A study by Kandalan et al. [21] 

also showed issues with prediction accuracy in these dose 

regions. Probably, there is more dosimetric variation 

between patients for intermediate and low doses.  

Contrary, for the evaluated (high dose) plan parameters, 

there was overall no clear dependency of prediction 

accuracy on model size, while predictions based on 1000 

training patients were slightly more accurate than those for 

250 or 50 training patients (Fig. 3). 

Given the observations, evaluation of deep learning dose 

prediction accuracy based only on target and OAR plan 

parameters appears insufficient for a full assessment. 
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This study was based on a large dataset with highly 

consistent, automatically generated GT plans. It remains to 

be investigated how the conclusions from this work will 

translate to datasets with clinically/manually generated 

plans. Due to well-known variability in quality and trade-

offs in manual plans, we do expect that convergence will 

already be reached with smaller training datasets, and 

differences between model sizes will become smaller.   

This study has some limitations. We have only investigated 

model size in terms of model depth. U-Net based 

architectures are capable of capturing global information. 

That capability is influenced by the number of trainable 

parameters. The number of trainable parameters of a model 

can be increased in more ways than only in depth. Further 

research is needed to investigate if model width can 

compensate for a lack of depth. This study investigated 

prostate dose prediction. In a next study, we will investigate 

dataset size and model size for head-and-neck cancer, with 

more anatomical variability and more complex treatment 

plans than the prostate site. Currently, data is gathered to 

create a large size head-and-neck database. 

 

5 Conclusions 

 

Using a large set of fully-automatically generated prostate 

cancer plans with consistent trade-offs, increasing the 

training dataset size from 50 to 250 to 1000 patients resulted 

for (high dose) PTV and OAR plan parameters in relatively 

small reductions in differences between deep learning 

predictions and GT. More substantial differences were 

found for dose spikes in the 20-30 Gy dose range around the 

PTV. For all model sizes, MAE and MSE decreased with 

dataset size, possibly indicating that further enhancing the 

training dataset size could further increase prediction 

accuracy. 
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Figure 3: Box-and-whisker plots of the differences between the predicted and ground truth (GT) dose metrics. * denotes statistical 

significance difference to GT as a result of Wilcoxon signed rank test (p<0.05). 

Figure 1: Axial slice of the predicted 3D dose distributions of a randomly selected  

patient from the test set (left) compared to ground truth (right). 

Figure 2: MAE and MSE for the test set. MAE and MSE were computed 

over voxels with a dose higher than 1 Gy. 


