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Background and purpose: This study aims to investigate how accurate our deep learning (DL) dose predic-
tion models for intensity modulated radiotherapy (IMRT) and pencil beam scanning (PBS) treatments,
when chained with normal tissue complication probability (NTCP) models, are at identifying esophageal
cancer patients who are at high risk of toxicity and should be switched to proton therapy (PT).
Materials and methods: Two U-Net were created, for photon (XT) and proton (PT) plans, respectively. To
estimate the dose distribution for each patient, they were trained on a database of 40 uniformly planned
patients using cross validation and a circulating test set. These models were combined with a NTCP model
for postoperative pulmonary complications. The NTCP model used the mean lung dose, age, histology
type, and body mass index as predicting variables. The treatment choice is then done by using a
DNTCP threshold between XT and PT plans. Patients with DNTCP � 10% were referred to PT.
Results: Our DL models succeed in predicting dose distributions with a mean error on the mean dose to
the lungs (MLD) of 1.14 ± 0.93% for XT and 0.66 ± 0.48% for PT. The complete automated workflow (DL
chained with NTCP) achieved 100% accuracy in patient referral. The average residual (DNTCP ground
truth - DNTCP predicted) is 1.43 ± 1.49%.
Conclusion: This study evaluates our DL dose prediction models in a broader patient referral context and
demonstrates their ability to support clinical decisions.

� 2022 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 176 (2022) 101–107
Esophageal cancer (EC) is the seventh most common cancer and
the sixth deadliest [1]. Nowadays, preoperative chemoradiother-
apy is the standard treatment for locally advanced EC [2]. Unfortu-
nately, this treatment is associated with severe risks of mortality
and morbidity, as well as with a risk of developing complications
in the heart, lungs, and gastrointestinal tract [3–5]. In particular,
high radiation doses to the organs at risk (OAR) are important pre-
dictors of the development of complications, as reported in studies
about normal tissue complications probabilities (NTCP) [6–9].

Specific NTCP models for EC are few, but they all suggest that
higher OARs sparing reduces treatment complications [5,10–12].
Hence, proton therapy (PT) could potentially improve the patient’s
quality of life, since it better spares OARs compared to conven-
tional photon-based radiotherapy (XT). In EC, PT has demonstrated
a better sparing of relevant OARs, like the lungs and heart [13–15].
However, treating every patient with PT is not optimal, espe-
cially given its higher cost compared to XT [16–18]. Besides the
level of dosimetric gain (e.g., little differences may have no clinical
impact), the treatment outcome in EC is influenced by other fac-
tors, like age, cardiovascular risk profile, or body mass index
(BMI). Clinical protocols that efficiently evaluate most relevant fac-
tors are needed to properly select patients who better benefit from
PT. In the Netherlands, the model-based approach has been intro-
duced for this purpose [18]. It requires XT and PT plans to be gen-
erated for each patient, which are later used, together with the
aforementioned factors, to compute the difference in normal tissue
complications probabilities between both modalities (DNTCP). The
level of DNTCP determines the final patient referral to XT or PT
[18–21].

The bottleneck of the model-based approach is the generation
of high-quality XT and PT plans, which takes time and requires
extra human resources. In addition, the planners’ variable exper-
tise may be a confounding factor and compromise the final treat-
ment choice, when plans of suboptimal quality are generated. To
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address this issue, different strategies for automatic planning have
been proposed, including deep learning (DL) models trained to
directly predict the optimal dose distribution for a given patient
[22–27]. The combination of these DL models with NTCP models
captures clinical knowledge, resulting in a treatment choice that
ensures an optimal care for each patient, while removing human
intervention and mitigating interobserver variability.

This work aims to develop a fully automated clinical decision
support tool to refer a patient to either XT or PT. This tool har-
nesses recent advances in artificial intelligence applied to radio-
therapy and combines them with state-of-the-art NTCP models
in EC to recommend a specific treatment for each patient (Fig. 1).
Materials and methods

This study complied with the delineation and planning proto-
cols of the PROTECT clinical trial [28], which will recruit in several
European countries. This trial aims to determine whether PT will
result in lower rates of postoperative pulmonary complications
than XT in EC patients.
Patient database

The database contains 40 patients with locally advanced EC
treated with neoadjuvant chemoradiation therapy followed by sur-
gery, at the University Hospital of Leuven (UZLeuven) between
2016 and 2018. The use of patient data for the study was approved
by the Institutional Ethical Review Board of the UZLeuven
(S59667).

Following a data harvesting approach to increase consistency
and quality, all patients were planned for PT and XT according to
PROTECT guidelines (prescription of 50.4 Gy, 28 fractions). The
plans were done in RayStation 10B (RaySearch Laboratories), by
an experienced dosimetrist. The XT plan was designed for intensity
modulated radiotherapy (IMRT), using a 7 mm iPTV. The PT plan
was designed for intensity modulated proton therapy (IMPT) with
pencil beam scanning, using robust optimization on iCTV (7 mm
Fig. 1. Whole process workflow. The inputs are the CT scan and the contours of OARs (fun
canal) and of the CTV. D0 = first estimate of the dose distribution.
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setup error and 2.6% range error). See Supplementary Materials
for more information.
Deep learning model

We trained two DL models inspired by the popular U-Net archi-
tecture [29], one for each modality, to predict an optimal three-
dimensional dose distribution. The U-Net encoder-decoder archi-
tecture was adapted by adding dense connection [30], similarly
to previous works [24,25]. The model processes the CT scan and
the contours of the body, 9 OARs and the target (PTV for XT and
CTV for PT) delineated on the average CT, and outputs a 3D dose
distribution map. The learning rate was 1e-3 and we used a mean
square error as loss function. See Supplementary Materials for fur-
ther details. As illustrated in Fig. 2, the database is repeatedly split
into circulating groups for training (25 patients), validation (5
patients), and testing (10 patients). We employ a two-level ensem-
bling strategy with four groups (outer level) of 5-fold cross-
validation models (inner level), which results in a total of 20 mod-
els (4x5). This enables us to get predictions for all 40 patients (i.e.
10 test patients times 4 groups), while testing each of the 5 inner
models in 10 totally unseen patients for each model. For each test
patient, the outputs of the 5 inner models are averaged. The mod-
els were trained on a GPU TeslaA100 with 40 Gb of RAM. Training a
fold with 250 epochs takes about 1,65 hours (8,25 hours for the 5-
folds), and inference time for a test patient is about 8.3 seconds.
Overall performance of the model in terms of the accuracy of the
spatial dose distribution, using Dice coefficients for different iso-
dose volumes and MSE on the test patients’ predictions, are
detailed in the Supplementary Materials.
Prior knowledge

A DL model should potentially yield more accurate results if it
has additional prior information about the output it should pro-
duce. Therefore, we tried to improve the results obtained with
the models presented in the previous subsection by passing as
input to the network a first estimate of the dose distribution (D0)
for each patient, similar to the works of Barragan et al. [25] and
dus, heart, both kidneys, left ventricle, liver, lungs, spinal canal and extended spinal



Fig. 2. Partitions of the training, validation and test sets for one modality. The dataset is divided into 4 groups of 5 models, each of these 5 models trained on 25 patients
(represented in gray) and validated on 5 (blue). This 25–5 distribution is different for each of the 5 models. However, for each of the 4 groups of 5 models, we have 10 test
patients (green) out of the 40 who were not seen by any of the 5 models. We observe that the test set (green) is the same for each group of 5 models and that the training
(gray) and validation (blue) patients cannot be chosen in this test set. However, by proceeding in this way, we could only evaluate the performance of our models on 10
patients. To improve the significance of our statistical values and obtain a prediction for each of our 40 patients, we decided to repeat this 5-fold cross-validation process 4
times, taking each time a test set of 10 different patients.
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Wang et al. [31]. It corresponds to the output of the first automatic
optimization steps on the RayStation 10B software. This first esti-
mate only results from running the plan optimization with a set
of dose volume objectives imposed by a generic template (i.e.,
same penalties for all patients), without any manual operation.
The process took 3 minutes 15 seconds on average for the XT plans,
and 2 minutes 55 seconds for the PT plans. D0 is then passed to the
network input, in an additional channel separated from the CT scan
and the contours. Improvement of the prediction with this model
was verified with statistical tests.
Probability of complications

Pulmonary complication is an important factor to estimate the
treatment outcome [14,32]. Thus, a NTCP model for pulmonary
complications, developed at UZLeuven, was used to determine
the treatment modality [5]. Pulmonary complications were defined
as the occurrence of pneumonia, respiratory failure, or acute respi-
ratory distress syndrome. The model was built with logistic regres-
sion and considers three clinical parameters (age, BMI, and
histology type) and a dosimetric parameter, the mean dose to the
lungs (MLD). Only two histologies were considered: adenocarci-
noma (AC) and squamous cell carcinoma (SCC). Patients with other
Table 1
Parameters and their coefficients of the pulmonary NTCP model [5]. AC = adenocar-
cinoma, SCC = squamous cell carcinoma.

Pulmonary complications parameters Model coefficients

Intercept �6.227
Age (year) 0.034
Histology (AC = 0, SCC = 1) 1.168
BMI 0.038
MLD (Gy) 0.144
Model general form p= exp b0þb1X1þ���þbnXnð Þ

1þexpðb0þb1X1þ���þbnXnÞ
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histologies were not used for the model building. Statistics about
clinical parameters can be found in the Supplementary Materials.
Table 1 reports the coefficients and general form of the model.
The dataset contained patients treated with XT as well as PT.
Unlike most of the literature, these NTCP model predictions are
thus reliable for both modalities. In Fig. 3, we visualize the range
of MLD in the manual plans used together with the NTCP predic-
tions for these plans. The AC and SCC patients tend to cluster
around their corresponding model curve. The outliers can be
explained by an age that deviates significantly from the mean.
Model-based approach

The NTCP model described above was used to estimate the
probability of pulmonary complications for both the XT and PT
plans [5]. Following the Landelijk Platform Protonen Therapie
(LPPT) protocol [33], we refer a patient to PT when the gain in NTCP
with respect to XT is 10% or larger (DNTCP = 10%). The DNTCP
thresholds defined in the LPPT protocol depend on the severity of
the considered complications, which range from grade 1 (low) to
grade 5 (high, death) according to the Common Terminology Crite-
ria for Adverse Events (CTCAEv5.0) [34]. A DNTCP of 10% is sug-
gested for complications of grade � 2, and it decreases to 5% and
2% for grade � 3 and � 4 complications, respectively. In our case,
the complications were of grade � 1 (pneumonia), grade � 3 (res-
piratory distress syndrome) and grade � 4 (respiratory failure).
Despite having complications of grade � 3 and 4, we kept a rather
conservative DNTCP = 10% to ensure PT selection only for patients
for which the largest clinical benefit is expected.

In our study, we can identify 3 decision processes:

1. The ‘‘baseline approach”, built on the manual XT and PT plans
(also referred as ground truth plans).

2. The ‘‘automated approach”, built on the XT and PT predicted by
the standard DL models.



Fig. 3. Representation of the patients on the curves of the NTCP model together with their 95% confidence interval (lighter color shade). The red curve corresponds to
adenocarcinoma histology while the blue curve corresponds to squamous cell carcinoma histology. Age = 64 and BMI = 26 correspond to the average age and BMI of the
population. Patients planned for photon treatment (a) and proton treatment (b) are represented by the dots. AC = adenocarcinoma, SCC = squamous cell carcinoma.

Fig. 4. Box plots of the prediction error on the DVHmetrics (in % of the prescription = 50.4 Gy) for the photon model (a) and the proton model (b). For each structure, box plots
for the standard model and for the prior-knowledge model are presented side by side. We were interested in the average dose for the organs in parallel and D2 for the organs
in series. For the target, the D95 and D99 doses are represented. The star symbol (*) indicate structures for which there is a statistically significant difference between the
variance on the error of the standard model and the variance on the error of the prior-knowledge model.
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3. The ‘‘automated approach with prior-knowledge”, built on the
XT and PT predicted by the prior-knowledge DL models.

In each approach, DNTCP is calculated from the corresponding
plans. We compared the baseline approach with the two auto-
mated approaches to see if a DL model could replace manual opti-
mization in a clinical decision workflow.

Results

In total, 20 models for each modality were trained. A dose dis-
tribution could be predicted for each of the 40 patients, for both
treatments. In order to evaluate the prediction accuracy, we con-
sidered metrics derived from dose-volume histograms (DVH met-
rics). These metrics reflect the clinical goals and ensure that
damage to healthy tissue will be limited, as well as the patient’s
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chances of developing a complication, while maintaining target
coverage. Fig. 4 shows the error made on the prediction by the
DL models, for both modalities. Most of the organs present an error
on the predicted dose-volume metric that is below 7.5% of the pre-
scribed dose, except the D2 on the spinal canal in XT (standard
model). For the MLD, the error was 1.14 ± 0.93% (mean ± std) for
the XT standard model, 0.72 ± 0.55% for the XT prior-knowledge
model, 0.66 ± 0.48% for the PT standard model and 0.51 ± 0.42%
for the PT prior-knowledge model. For the MHD, the error was
2.34 ± 1.91% for the XT standard model, 1.81 ± 1.44% for the XT
prior-knowledge model, 1.1 ± 0.92% for the PT standard model
and 0.77 ± 0.74% for the PT prior-knowledge model. Narrower
box plots can be observed for the prior-knowledge models, indicat-
ing a more precise model. This precision was verified with an
upper-tailed F-test on the variance of the error made on the differ-
ent structures. We obtained statistically significant differences



Fig. 5. Comparison between different approaches for clinical decision. (a) Comparison between the baseline approach (abscissa) and the standard automated approach
(ordinate). (b) Comparison between the baseline approach (abscissa) and the automated approach in prior knowledge (ordinate).
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(p = 0.05) between the variances for all structures and all modali-
ties except for the proton variances on the mean dose to the heart,
left ventricle, lungs and on the D2 spinal canal. The statistically sig-
nificant differences are emphasized in Fig. 4 with a star symbol (*)
above the structure’s names.

Fig. 5 depicts the comparison between the two automated
approaches and the baseline approach. The authors from [5] spec-
ified that patients with histologies other than AC or SCC were
excluded when the pulmonary NTCP model was built. The DNTCPs
were only computed for 38 of the 40 patients because two patients
did not meet these histology criteria. Based on the manual plans,
20/29 (69%) patients with AC were redirected to PT whereas 9/9
patients with SCC were redirected to PT. The clinical decision for
each of these 38 patients is identical with the baseline and auto-
mated approaches, both in Fig. 5a and Fig. 5b, where the benefit
of using the U-Net network with prior-knowledge rather than
the standard network may be difficult to quantify. Therefore, we
have also computed the residuals (DNTCP ground truth - DNTCP
predicted) between the automated approaches and the baseline
approach. The DNTCPs obtained with the automated approach
with prior-knowledge were closer to the ground truth than the
DNTCPs obtained with the standard automated approach, with a
lower mean residual and a lower standard deviation (1.17 ± 1.11
% vs 1.43 ± 1.49%) but those differences were not statistically sig-
nificant (T-test on the means and F-test on the variances).
Discussion

We have developed a fully automated approach that determi-
nes whether a patient with locally advanced EC would benefit from
PT based on a CT scan, OARs and tumor contours, and some
patient-specific clinical information. We have demonstrated the
efficiency of our approach to provide a decision identical to the
one obtained from manually generated plans, based on a pre-
selected NTCP model. However, the accuracy of our tool is highly
dependent on the choice of the threshold value. To test the sensi-
tivity of our model with respect to this threshold, we explored val-
ues in the range [1%–20%] and reached accuracies in the range
[92.1%–100%]. This tool can be used as a decision support for clin-
icians and has the advantage of being efficient in time and modu-
lar. The clinician has access to the dose distribution predicted by
the DL model, has control over the choice of the NTCP model and
the threshold at which a patient should be redirected to PT. Dice
coefficients and low error on the dose maps predicted for the test
patients were used to assess the reliability of our dose prediction
DL models (see Supplementary Materials). We have also demon-
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strated the increase in precision of an automated approach with
prior-knowledge, when available, compared to a standard auto-
mated approach. The prior-knowledge model did not bring statis-
tically significant improvement for the MLD metric for PT, but it
did for other relevant metrics. In case of using NTCP models where
other metrics are involved, using prior-knowledge is recom-
mended to ensure better decision support.

In our data harvesting approach, the data was shaped for inte-
gration into a deep learning model. The plans were made by an
experienced dosimetrist, following a class solution set of guideli-
nes, thus mitigating inter-observer variability. Training models
with this kind of well-curated database achieves better perfor-
mance [35]. Furthermore, shaping a database for a particular appli-
cation allows us to integrate newly gained clinical insights when
building the database. In our case of dose prediction for EC, special
attention was paid to lung and heart sparing since several studies
have shown a direct link between lung and heart doses and patient
survival [10,36–39].

Using models like those presented in this work would acceler-
ate and standardize the elaboration of PT and XT plans in the PRO-
TECT trial. The method developed in this work proposes objective
criteria to refer a patient to PT, that could be integrated in clinical
trials in a standardized way. For QA purposes, this framework
could also be used to compareDNTCP obtained in different centers,
to ensure the quality of the dose distribution in all centers as well
as having a uniform clinical decision for a patient across all centers.
This could be of particular interest for PROTECT. A dose mimicking
step is still required to generate a deliverable plan. Specifically,
proton plans should include robust dose mimicking to ensure
robustness against treatment uncertainties.

Importantly, DL dose prediction models can be used widely to
transfer knowledge from centers with strong expertise to less
experienced centers. This would open up the clinical trial to smal-
ler, less experienced centers, allowing data to be collected in a lar-
ger patient population. This knowledge transfer also matters in the
field of PT and EC, where expertise is not readily available since the
technique is still emerging for this location.

The models developed in this study are specific, and thus lim-
ited, to EC patients. However, similar decision support tools can
be easily developed for other cancer locations if DL dose prediction
models are trained with specific databases [23–27]. Eventually,
transfer learning could be used to build a new model in a faster
way and with less data for a new location [40] or for emerging
modalities (e.g., proton arc therapy [41]).

Moreover, the NTCP model selected to apply the model-based
approach is specific to a certain patient population. It needs to be
previously validated in the population used for the study. The
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model was created to account for postoperative complications
after preoperative chemoradiotherapy followed by surgery. We
are aware of the influence of chemotherapy and surgery on compli-
cations and patient survival. The final decision should be made by
looking at the big picture of the treatment. We acknowledge that
the chosen NTCP model is limited in that it assesses the incidence
of postoperative complications and it cannot be predicted whether
or not the patient will undergo surgery following a chemoradio-
therapy treatment. However, our DL models can be used with
any NTCP model that needs dose metrics of the delivered dose dis-
tribution. As already mentioned, the existing NTCP models are typ-
ically developed for just one complication, without considering the
whole spectrum of late and acute complications. One could imag-
ine a clinical decision gathering several NTCP models, provided
that all of them are relevant for the considered population and can-
cer type, as it is more commonly done for head and neck cancers
[42,43]. Such an approach would necessitate determining the best
way to combine these NTCP models to obtain a global clinical
decision.

To the best of our knowledge, the NTCP models developed to
date are simple logistic regression models that only consider clin-
ical and dosimetric parameters. Future research could investigate
an end-to-end DL NTCP model, to directly integrate 3D dose distri-
bution, anatomy of major organs at risk and clinical parameters.
This would allow direct consideration of 3D information for the
development of NTCP models.

In conclusion, our population of 40 patients with locally
advanced EC allowed us to develop a fully automated approach
for patient referral to PT. This approach includes the training of a
DL dose prediction model and the use of a NTCP model calculating
the probability of developing pulmonary complications. The devel-
oped tool can also be advantageously shared between various cen-
ters without extra training, as long as the new input data are
similar to the training data.
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