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Abstract
Background: Recent studies have shown deep learning techniques are able
to predict three-dimensional (3D) dose distributions of radiotherapy treatment
plans. However, their use in dose prediction for treatments with varied prescrip-
tion doses including simultaneous integrated boost (SIB), that is, using multiple
prescription doses within the same plan, and benefit in improving plan quality
should be validated.
Purpose: To investigate the feasibility and potential benefit of using deep learn-
ing to predict dose distribution of volumetric modulated arc therapy (VMAT)
including SIB techniques and improve treatment planning for patients with lung
cancer.
Methods: The dose prediction model was trained with 93 retrospective clinical
VMAT plans for patients with lung cancer from our institutional patient database.
The prescription doses of these plans ranged from 35 to 72 Gy, with various
fractionation schemes. We used a 3D U-Net architecture to predict 3D dose
distributions with 75 plans for training and 18 plans for testing. Model input con-
sisted of computed tomography (CT) images, target and normal tissue contours
and prescription doses. We first evaluated model accuracy by comparing the
predicted and clinical plan doses for the test set, and then performed replan-
ning according to predicted dose distributions. Furthermore, we evaluated the
model prospectively in an additional set of 10 patients from our institution by two
approaches where dose prediction was either blinded or provided to treatment
planners. We then assessed whether dose prediction could identify subopti-
mal plan quality and how it affects plan quality if adopted in clinical planning
workflow.
Results: The dose prediction model achieved good agreement between the
predicted and clinical plan dose distributions, with a mean dose difference of
−0.49 ± 0.54 Gy across the test set. The replanning study guided by dose
prediction showed that a small subset of the original plans could benefit from
improvements regarding sparing of the spinal cord and esophagus. The analy-
sis of the prospective dataset,with initial and final clinical plans generated in the
absence of dose prediction,showed that the predicted doses were able to iden-
tify possible improvements of target coverage and normal tissue sparing in the
initial plans similar to those made by the final plans for majority of the patients,
but in varied magnitudes. Moreover, the plans generated with dose prediction
guidance were able to consistently improve normal tissue sparing compared to
the plans generated without dose prediction guidance.
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Conclusions: We demonstrated that our deep learning model can consistently
predict high quality VMAT lung plans for a variety of prescription doses. The
dose prediction tool was also effective in identifying suboptimal plan quality,
suggesting its potential benefit in automated treatment planning and evaluation.

KEYWORDS
deep learning, dose prediction, lung cancer, plan quality improvement, volumetric modulated arc
therapy

1 INTRODUCTION

Intensity-modulated radiation therapy (IMRT) and vol-
umetric modulated arc therapy (VMAT) are common
technologies of today’s radiotherapy for treating lung
cancer. These modalities, empowered by highly mod-
ulated treatment fields, can deliver higher doses to
the tumor and lower doses to healthy surrounding tis-
sues compared to conventional three-dimensional (3D)
conformal radiotherapy. Prescription doses employed in
lung cancer treatments can vary from 30 to 70 Gy
or higher, which are determined by physicians to best
suit individual patients’ clinical scenarios, for example,
retreatment, involvement of lymph nodes, dose esca-
lation, and so forth. Moreover, a planning technique
called simultaneous integrated boosting (SIB) has been
increasingly adopted for treating lung cancer patients.1

Toward the aim of improving tumor control while limiting
normal tissue complications, an SIB plan is optimized to
deliver a higher dose to the gross tumor volume (GTV)
and a lower dose to the surrounding clinical target vol-
ume (CTV), in other words, prescribing different dose
levels to specific target volumes. An IMRT or VMAT plan
is typically created by inverse treatment planning, that is,
the plan is optimized based on a set of dosimetric objec-
tives and constraints provided by the treatment planner.
However, radiotherapy plan quality is greatly dependent
on the experience and skill of the planner, as well as the
resources allocated in planning.2–4 As more and more
complex plans such as VMAT and SIB are utilized, the
development of efficient methods to ensure consistent
plan quality becomes critical.

Studies have extensively shown the promising use
of knowledge-based planning (KBP) techniques to
improve efficiency and consistency of treatment
planning.5–8 The concept of KBP is essentially to
guide the treatment planning process by model-based
goals or objectives, minimizing manual intervention by
the planner. Initial studies of KBP mainly explored mod-
els that associate patient geometric features with dose
distribution parameters such as the dose-volume his-
togram (DVH).9–11 More recently, substantial progress
has been made in using deep learning models to pre-
dict 3D dose distributions.12–22 3D dose prediction, by
virtue of providing the spatial distribution of dose in the
entire treatment volume, is superior to DVH prediction

for evaluating plan quality, because it can better help
KBP or the planner know where the tradeoffs of dose
distributions among structures exist and how the plan
could potentially be improved.23–25 For example, the
study by Gronberg et al showed the benefit of 3D dose
prediction in identifying tradeoffs in planning to reduce
dose to certain non-anatomical regions for head and
neck cancer patients. However, dose prediction using
deep learning for lung radiotherapy has not been well
studied. Barragán-Montero et al. introduced a dose
prediction model incorporating beam arrangement in
lung IMRT treatments as a model input.26 Shao et al.
developed an asymmetrical network to predict dose
comparing with other typically used UNet networks.27

Jhanwar et al. investigated the benefit of using a
moment-based loss function in their dose prediction
model.28 All these works focusing on lung radiotherapy
considered only IMRT plans with a single prescription,
whereas the present study focused on VMAT with
multiple-prescription treatments.

In this work,we aimed to investigate the feasibility and
potential benefit of using deep learning to predict dose
distributions and improve treatment planning for patients
with lung cancer treated with VMAT.Our training and test
datasets include a variety of prescription doses, includ-
ing multiple prescriptions per plan. The key contribution
of our work was to test the feasibility of dose prediction
methods for SIB treatment planning,which has not been
well addressed in the literature.In addition,we reported a
comprehensive prospective study evaluating the poten-
tial effectiveness of applying the prediction model in
clinical workflow. Specifically, we tested the use of dose
prediction either blinded or provided to treatment plan-
ners in the planning process; thus,we assessed whether
it could identify suboptimal plan quality and be effective
in clinical application.

2 METHODS AND MATERIALS

2.1 Patient data

We collected a cohort of 93 lung cancer patients that
had been treated with VMAT at our institution between
January 2020 through December 2022. Prescription
doses used for treating these patients ranged from 35 to
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TABLE 1 Treatment plan information of the training and test sets.

Training set Test set

Number of patients 75 18

Prescription doses
used (Gy)

35, 37.5, 42, 45, 50, 52.5,
54, 56, 60, 63, 66, 70, 72

45, 50, 54, 56,
60, 66, 70

Number of SIB plans 56 13

Abbreviation: SIB, simultaneous integrated boost.

72 Gy, including 14 different levels, with various conven-
tional fractionation schemes. We did not limit the patient
selection by requiring certain prescription doses. How-
ever, we did exclude patients who received stereotactic
body radiation therapy (SBRT) treatments because they
are fundamentally different than conventional treatment
strategies. Therefore, this dataset represents nearly all
types of lung VMAT plans involved in our clinic except
SBRT. All plans were optimized according to our clinical
planning protocol and approved by attending physicians
for treatment. The plans were typically delivered by 2–
4 arcs. Among the VMAT plans, 69 of 93 used SIB,
where a lower dose was prescribed to the CTV and the
planning target volume (PTV), and a boosted dose was
prescribed to the GTV.We randomly split the dataset into
a training set of 75 plans and a test set of 18 plans.More
details of the two subsets are described in Table 1.

2.2 Deep learning approach

We used a 3D dense dilated U-Net architecture to pre-
dict dose distributions based on the input of computed
tomography (CT) images, and contours of target and
organ at risk (OAR) structures. This architecture has
been validated with high accuracy in our previous works
on VMAT dose prediction for head and neck16,23 and
gynecologic24 cancers. It uses a densely connected
sequence of dilated convolutions as the bottleneck level
and each convolution is connected to all previous ones
within the level (Figure 1). The implementation is fully
3D, with the CT input in 3D volume instead of 2D
slices. In model training, we normalized the voxel inten-
sities from (−1000, 1000) to (0, 1). The input of OARs
as image masks included body, spinal cord, left and
right lungs, heart, esophagus, liver, and left and right
brachial plexuses. The input of the target was an image
array of the PTVs and GTVs with the values of the
corresponding prescription doses.

We trained the model on a server computer using an
Nvidia V100 graphical processing unit with 16 GB mem-
ory. The Adam optimizer was used with a base learning
rate of 0.001. The maximum epochs allowed was set
as 1000. Patches of size (64, 64, 64) were randomly
generated and used for model training.

The loss function in this work was selected from sev-
eral variants based on performance. Those variants

include mean squared error (MSE) based on the pre-
dicted and real doses, MSE plus a minimization term for
the target, as well as DVH based losses using different
weights factors for different structures. They were out-
performed by the following loss function incorporating
target prescribed doses.

As shown in Equation (1), the selected loss function L
consists of MSE between the predicted and clinical dose
distributions and the weighted sum of MSE between the
predicted and prescribed doses in all target structures.
Equal weights (denoted by 𝜆m for target m) for differ-
ent target structures were found effective and therefore
used in model training.

L = MSE(Dpred, Dreal) +
∑

m
𝜆mMSE(Dpred(Targetm,),

Dprescribed(Targetm,)) (1)

The training set was randomly grouped into 3 folds
of 25 plans each. Three models were trained in which
each was trained with data from 2 of the 3 folds and val-
idated with data from the remaining fold. The final dose
prediction for the test set was the average of the dose
predictions from the 3 models.

2.3 Test set evaluation and
retrospective replanning study

For the 18 patients in the test set, we compared the
dose predictions with the corresponding clinical plans by
evaluating their DVH curves and 3D dose distributions
and analyzing mean and maximum doses to structures
including all targets, body, spinal cords, lungs, heart and
liver, V5 and V20 of lungs, V30 and V40 of heart, V5 of
liver, as well as additional target dose metrics including
D2%, D98%, and a homogeneity index (HI) defined as
D5%∕D95%. A paired two samples one-sided t-test was
performed with an equivalence bound of 1 Gy to deter-
mine the equivalence of the predicted and clinical mean
doses.

Based on the predicted dose distributions, replan-
ning of test patients was performed to assess if the
predictions were achievable. A clinically commissioned
RayStation treatment planning system (RaySearch Lab-
oratories AB, Stockholm, Sweden), in which the original
plans were planned, was used for this study. The replan-
ning was performed when a clinical plan was identified
inferior to the predicted dose in any of the dose vol-
ume metrics that had been used as clinical planning
goals. As long as one criterion was found to be pos-
sibly inferior, even if all other criteria were superior,
compared to dose prediction, the plan would still be
flagged for re-optimization. That is, any potential trade-
off between clinical goals was not considered at this
stage.
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F IGURE 1 Schematic of a 3D dense dilated U-Net architecture. The dense block consists of densely connected dilated convolutions in two
repeated sequences of convolutions with dilation rates of 1, 2, 5, and 9. The inputs of the architecture include the CT, target, and normal tissue
contours, and the outputs are 3D dose distributions. 3D, three-dimensional; CT, computed tomography.

We took a manual iterative approach for replanning,
as done in the clinical workflow. A “warm start” with the
clinical plan was used to begin the optimization pro-
cess. New objectives were added to the optimization,
derived from the differences between predicted and clin-
ical doses, indicating possible planning improvements.
For example, if dose prediction indicated that a max-
imum dose of 25 Gy is potentially achievable for the
spinal cord for a given patient and this was lower than
that of the clinical plan, then a maximum dose objec-
tive for the spinal cord with a reference dose of 25 Gy
or lower was added. When adjusting priorities of crite-
ria, the general process was to adjust one priority at a
time and increase priorities gradually until other crite-
ria were affected. Priorities were set to be consistent
with the ones used in the original planning. Typically,
re-optimization iterations began with the structure or
criterion for which the largest difference between the
predicted dose and the current plan had been identified.
This was repeated until the optimization of all flagged
structures or criteria were evaluated. Ultimately, if there
was a trade-off, that is, improvement on one dose cri-
terion was at the cost of worsening one or more other
criteria, the re-optimized plan would not be accepted.
The final re-optimized plan was finalized after no further
improvement could be achieved without compromising
the clinical goals that had been achieved in the original
clinical plan. The main steps of plan re-optimization are
showed by the flowchart in Figure 2.

2.4 Prospective planning study

2.4.1 Planning without guidance of dose
prediction

To assess the utility of dose prediction for identify-
ing suboptimal plans and the potential of integrating

dose prediction into existing clinical workflows, we col-
lected initial optimized plans (i.e., the first try) and final
approved clinical plans for 10 patients who received
VMAT for lung cancer at our clinic between February
through April 2024 and compared those plans with pre-
dicted dose distributions generated by our model. The
initial plans were optimized using both target and nor-
mal tissue criteria according to each treatment planner’s
preference and experience to reach reasonably good
quality (determined by the planner as well), but they
were likely to be suboptimal as no extensive fine tun-
ing or trial-and-error was done and physician feedback
was not yet incorporated. On the other hand, the final
approved plans were fully optimized, having undergone
extensive trial and error as well as checks by physicians
and physicists. During this process, optimization param-
eters were further adjusted, including the addition of
objectives based on tuning structures (non-anatomical
planning structures) until the identified dose-volume
measures could no longer be improved. By comparing
those plans with the predicted dose distributions, we
evaluated whether the dosimetric improvements made
within the current clinical workflow could be predicted
by dose prediction. Both initial and final plans were gen-
erated by six experienced dosimetrists blinded to the
predicted dose distributions.

2.4.2 Planning with guidance of dose
prediction

To further investigate the feasibility and impact of utiliz-
ing the dose prediction tool in a clinical setting, we con-
ducted an additional study assimilating a clinical imple-
mentation with the same 10 prospective lung patients
studied in Section 2.4.1. Two senior graduate students
in medical physics were invited as treatment planner for
this study.They both have worked on treatment planning
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F IGURE 2 Flowchart illustrating the iterative process for plan re-optimization based on dose prediction.

research and received training for the clinical treatment
planning system. Although their experiences were not
as extended as clinical dosimetrists, they optimized the
plans with the help of generic protocol dose criteria and
predicted dose distributions so that all dosimetric goals
prescribed per patient were met. Two plans were gener-
ated for each patient, that is, a standard plan, where its
optimization was blinded to dose prediction, and a deep
learning-guided (DL-guided) plan,where its optimization
was guided by dose prediction.Specifically, the standard
plans were generated first, then dose predictions were
given, and the DL-guided plans were generated second.
The optimization of DL-guided plan followed the simi-
lar approach as done in the plan re-optimization study
(Figure 2), except that clinical plan was not used here.

3 RESULTS

3.1 Evaluation of predicted and clinical
dose distributions on the test set

Dose prediction accuracy was evaluated on 18 test
patients in this study. Among those 18 patients, 13
used SIB treatments, with prescribed PTV doses rang-
ing from 45 to 60 Gy, boosting GTV doses ranging
from 52.5 to 66 Gy. In the comparison of the pre-
dicted and clinical voxel doses within the treatment
volume for all 18 patients, the mean dose difference was
−0.49 ± 0.54 Gy. The paired one-sided t-test showed
that the predicted and clinical dose distributions were
equivalent (p < 0.0001).For target dose metrics, the per-
centage dose differences in D98% and D2% of PTVs
were −1.59% ± 1.93% and 0.76% ± 1.51%,respectively.
The mean HI for the predicted dose distributions was
1.10 ± 0.06, while the mean HI for the clinical plans was
1.08 ± 0.06.

Figure 3 shows the differences in mean and maxi-
mum doses and other dose volume indices for PTVs
and OARs between the clinical plans and predicted
doses. The median values of mean dose differences
were slightly above zero for all structures, which indi-
cates the predicted dose was lower than the clinical
dose, except for the liver. However, for the majority of
the structures, these differences were within ranges of

2 Gy for the mean dose and 4 Gy for the maximum dose.
The largest differences in dose were found for the spinal
cord, with a difference in mean dose of more than 5 Gy
for two patients and a difference in max dose of more
than 10 Gy for five patients. One possible explanation
for the larger prediction error for the spinal cord is its
smaller size compared to other structures. Additionally,
there may be greater variation in spinal cord sparing in
the clinical plans, as the maximum dose to the spinal
cord might not be consistently prioritized during treat-
ment planning when it falls well below the clinical limit
of 45 Gy. This variation will also be discussed further
in the section on replanning. The differences between
the predicted and clinical plan dose in V5 were signifi-
cantly larger than the differences in V20 for lungs. This
reflects dose prediction in terms of low dose regions can
vary greatly and may associate with large uncertainties.
The differences in heart V30 and V40 showed good cor-
relation with differences in heart mean dose (including
outliers) in similar magnitude.

Figure 4 illustrates the dose distributions from the clin-
ical plan and the prediction on an axial slice and DVHs
for one of the test patients. The dose distributions show
that the predicted dose was slightly more conformal
to the PTV than the clinical plan, while sparing of the
esophagus and spinal cord shows no difference. The
DVHs also demonstrate the two dose distributions are
not different in a manner that is clinically significant.

3.2 Retrospective replanning study

A study was conducted on the test set plans to evaluate
whether the predicted doses could be achieved through
replanning the clinical plans. The reoptimized, predicted
and original clinical plan doses for the 18 test patients
are intercompared. Figure 5 shows both the prediction
and reoptimized plan have good agreement with the
clinical plan for PTV mean dose and D98%, except
in one case with lower D98% in prediction than the
clinical plan. This indicates that all the original plans
had reasonable doses to the targets. Hence the plan
re-optimization primarily focused on normal tissue spar-
ing. The differences in mean or maximum doses to the
OARs (esophagus,spinal cord, lung,and heart) between
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F IGURE 3 Differences in mean dose (a), maximum dose (b),
and selected dose volume indices (c) for PTV and OARs between
the clinical (achieved) and predicted dose distributions (achieved
minus predicted) for the 18 patients in the test set are summarized in
box plots. Individual data points are shown by black dots. OAR; organ
at risk; PTV, planning target volume.

the clinical or reoptimized plans and the predicted dose
for each patient are shown in Figure 6. In this compar-
ison, dose prediction found 32% (35 out of 108) of the
OARs among all patients where the mean or maximum
doses of the clinical plans could be reduced by 2 Gy
or more, without compromising target coverage and
sparing of other structures. Among those 35 OARs, the
reoptimized plan was always able to achieve reduced
doses,but in varied magnitudes, for all occasions except
for one — the maximum esophagus dose for Patient 3.

It is worth noting that the reductions in mean dose
by re-optimization for different OARs were mostly mod-
est, that is, no more than 2 Gy in difference of mean
or maximum dose. However, there were several cases
with substantial dosimetric improvements. In one case

F IGURE 4 Comparison of clinical and predicted dose
distributions for an example case in the test set. Shown are dose
distributions in an axial view between the clinical (achieved) plan (a)
and the prediction (b), where the PTV, esophagus, lungs, and spinal
cord are outlined in cyan, green, blue, and red. In the DVHs (c), the
clinical plan is shown by solid lines while the predicted dose is shown
by dashed lines. DVH, dose-volume histogram; PTV, planning target
volume.

(Patient 4), the maximum dose to the esophagus was
reduced by over 5 Gy, and in two cases (Patient 1 and
14), the maximum dose to the spinal cord was reduced
by over 10 Gy. This implies that dose prediction could
identify suboptimal dosimetric indications and lead to
improved plan quality. However, the predicted sparing
gains were not always achievable. For example, the re-
optimized plans had nearly the same mean lung dose
as the clinical plans for Patients 14 and 15, where
the predicted reductions were more than 2 Gy, that is,
over prediction on lung sparing for these cases. There
were also 7 OARs among all patients where the pre-
dicted doses had higher dose than the clinical plans
with a difference over 2 Gy, which highlights the uncer-
tainty in dose prediction and the replanning found those
doses could not be changed (e.g., the mean esophagus
dose for Patient 18). Additionally, comparisons on V20
of lungs and V30 of heart exhibited a similar trend as
shown in comparisons on mean dose to lungs and heart,
respectively. In other words, for example, patients show-
ing benefits from re-optimization in reducing mean lung
dose also had benefits in reducing V20.

Figure 7 shows the dose distributions and DVHs of
the original plan, re-optimized plan, and prediction in
an example case (i.e., Patient 1 in Figure 6) treated
with an SIB plan, with a boosted dose prescribed to
the GTV. Compared to the original clinical plan, the
reoptimized plan significantly reduced the spinal cord
maximum dose while maintaining the target coverage
and sparing of other OARs. With marked difference in
spinal cord sparing shown in the predicted dose distri-
bution, the re-optimized plan was able to further reduce
the maximum dose close to the predicted value. This
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F IGURE 5 Comparison of mean dose and D98% of PTVs for the clinical, predicted, and reoptimized dose distributions for the 18 patients
in the test set. PTV, planning target volume.

F IGURE 6 Differences in selected dose volume indices of esophagus, spinal cord, lungs, and heart between the clinical or reoptimized
plans and the predicted doses for the 18 patients in the test set. A positive difference means the clinical (blue bar) or reoptimized plan (red bar)
has higher mean or maximum dose than the predicted dose. In addition, a larger positive difference between the clinical plan and predicted dose
(blue bar) indicates a greater reduction in mean or maximum dose might be possible according to prediction; whereas a smaller difference
between the reoptimized plan and the predicted dose (red bar) indicates the prediction was achieved by plan re-optimization within a smaller
margin. For example, the highlighted Patient 1 (outlined in green dashed lines) shows that the predicted reductions in the mean and maximum
doses of the clinical plan were 4 and 12 Gy for the spinal cord, while the reoptimized plan reduced the mean and maximum doses by 3 and
10 Gy compared to the clinical plan.

suggests that the original treatment planning for this
case did not minimize the spinal cord maximum dose
as low as possible, given the large margin between
the achieved dose (35 Gy) and the prescribed limit
(45 Gy), while dose prediction based on a population
of plans indicated a lower maximum dose could be
achievable.

To assess the original clinical plans and the re-
optimized plans for all test patients,Figure 8 summarizes
the mean and maximum doses to spinal cord, lungs
heart and esophagus for the two plans, as well as pre-
dicted doses for all patients in the test set. It shows the
medians of both mean and max doses were reduced by
the re-optimized plan for the spinal cord and esophagus.
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F IGURE 7 Comparison among the original plan, reoptimized
plan, and predicted dose distribution for an example case. Shown are
dose distributions on an axial slice from the original (a) and
reoptimized (b) plans, as well as prediction (c). The white arrows
point to the region where the spinal cord (outlined in red) is covered
by the 25 Gy isodose line (dark pink) in the original plan while
entirely spared in the reoptimized plan. In the DVHs (d), the original
plan is shown by solid lines while the reoptimized plan is shown by
dashed lines; the dose prediction is shown by dotted lines. DVH,
dose-volume histogram.

The median of the max (mean) doses of the spinal cord
for clinical, reoptimized, and predicted doses was 33.2
(9.3) Gy, 26.4 (8.6) Gy, and 27.8 (7.7) Gy, respectively.
The median of the max (mean) doses of the esophagus
for clinical, reoptimized, and predicted doses was 61.5
(19.1) Gy,59.5 (18.4) Gy,and 60.0 (18.7) Gy,respectively.
The upper thresholds of mean doses were also reduced
by the re-optimized plan for lungs and heart. However,
the differences in median of mean or max doses for the
lungs and heart between clinical and optimized plans
were negligible (less than 0.2 Gy).

3.3 Prospective planning study

We conducted a prospective study first to evaluate the
dose prediction model, aiming to determine its effective-
ness in identifying suboptimal plans and compare with
a typical clinical workflow. The comparison of potentially
suboptimal initial plans, final clinical plans and predicted
doses for the prospective set of 10 patients is summa-
rized in Figure 9. Data for individual patients can be
found in Appendix (Table S1a–c). For PTVs, dose pre-
dictions indicated that increase of mean dose for the
initial plans was possible. The final plans showed con-
sistent reduction in its differences to predicted doses,
that is, increase of PTV mean dose, including one case
where more than an increase of 5 Gy was found by both
the final plan and dose prediction. For OARs, dose pre-
dictions indicated better sparing in terms of mean or
maximum doses was possible for majority of the initial

plans. The medians of the differential doses in the initial
plans were reduced in the final plans for all OARs, indi-
cating improved OAR sparing in final plans as predicted
by dose prediction. Large variation of these differen-
tial doses for the final plans was observed for spinal
cord compared to other OARs. For example, one case
had a maximum spinal cord dose in the final plan 9 Gy
higher than the predicted dose. We found, for this case,
the final plan reduced mean doses to the lung, esopha-
gus, and heart compared to the initial plan as predicted,
but had an increase in maximum spinal cord dose. For
heart and esophagus mean doses, the majority of the
final plans achieved greater improvements on the initial
plan than predicted. For liver mean doses, there were
outliers that the final plans had marked difference over
the predicted doses.We found, in the most extreme case
where mean liver dose in the final plan was 9 Gy higher
than the predicted dose, that the mean liver dose could
be reduced through further plan optimization without
compromising other dosimetric measures.The final plan
did not minimize liver dose as low as possible may be
because it had already achieved low dose, for example,
well below the dose requirements of V30 ≤ 40% and
mean dose < 30 Gy.

In the second planning study where dose prediction
guidance was incorporated in plan generation,we aimed
to evaluate the dose prediction model’s potential for clin-
ical implementation.Here we found the DL-guided plans
consistently outperformed the standard plans in terms
of OAR sparing. It should be noted that both plans were
optimized to meet all clinically prescribed dose limits for
each patient. Figure 10 shows the difference between
the standard plan or DL-guided plan and predicted dose
for PTV and spinal cord, lungs, heart, esophagus, and
liver for the 10 prospective patients. Data for individ-
ual patients can be found in Appendix (Table S2a–c).
For majority of those patients, OAR doses (mean or
maximum) in the standard plans were higher than pre-
dicted doses, except heart. In the DL-guided plans, all
OAR doses were lower than those in the standard plans;
some were lower than the predicted doses, such as
spinal cord, heart, and esophagus. Within all OARs,
spinal cord was seen with most improvement in sparing,
where the median of maximum doses was reduced by
5 Gy by the DL-guided plans compared to the standard
plans.

Figure 11 compares the DL-guided plan, standard
plan, and predicted dose for an example case from the
prospectively assessed dataset. While showing simi-
lar target coverage, the DL-guided plan demonstrated
better sparing of medium doses to the esophagus, as
well as a smaller volume of 25 Gy to normal tissues,
compared to the standard plan. The DVH also shows
dose exposure to right lung was also reduced by the
DL-guided plan, which correlates with the predicted
dose.
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F IGURE 8 Boxplots comparing mean and maximum dose for selected OARs among clinical plans, re-optimized plans, and predicted dose
distributions. OAR, organ at risk.

F IGURE 9 Boxplots of differences in mean or maximum doses
of PTV and selected OARs between initial or final plans and
predicted dose for 10 prospective patients. Data points above 0 mean
that the dose of the initial plan (blue) or the final plan (red) is higher
than the predicted dose, whereas data points below 0 mean that the
dose of the initial plan (blue) or the final plan (red) is lower than the
predicted dose. For PTVs, one outlier of lower mean dose than the
predicted dose in the initial plan was improved in the final plan. For
OARs, almost all medians and upper limits of the differential dose in
the initial plans were reduced in the final plans. Larger variation of
the dose differences was seen for spinal cord compared to other
OARs. OAR, organ at risk.

F IGURE 10 Boxplots of differences in mean or maximum doses
between the standard plan or DL-guided plan and predicted dose for
PTV and selected OARs for 10 patients. For OAR mean or maximum
doses, a data point above 0 means that the dose of the standard plan
or DL-guided plan is higher than the predicted dose. The medians of
the differences for OARs were consistently reduced by the DL-guided
plans, which indicates sparing of these OARs were improved in the
DL-guided plans compared to the standard plans. DL-guided, deep
learning-guided; OAR, organ at risk; PTV, planning target volume.

F IGURE 11 An example patient with DL-guided plan, standard
plan (generated without guidance from dose prediction), and
predicted dose. Dose distributions on an axial slice for the three
plans are shown. The white arrows point to the region where the
sparing of the esophagus (outlined in light green) by the 25 Gy
isodose line was improved in the DL-guided plan and the predicted
dose compared to the standard plan. The DVH curves of the targets
and OARs compare the DL-guided plan (solid line), standard plan
(dashed line), and predicted dose (dotted line). DL-guided, deep
learning-guided; DVH, dose-volume histogram; OAR, organ at risk.

4 DISCUSSION

In this study, we investigated the performance of deep
learning-based 3D dose prediction for lung VMAT plans
and the potential of its use in automated plan evalua-
tion. To our knowledge, this is the first study focusing
on VMAT dose prediction for lung cancer and incor-
porating multiple prescription doses including SIB. The
dataset used in this study encompasses a wide range
of prescription doses and more than half of plans are
SIB. This suggests high flexibility of the dose prediction
model, that is, using a single deep learning architec-
ture to predict on multiple prescription doses either in
different plans or in the same plan (e.g., SIB). Our
results showed that the predicted and ground truth
dose distributions were in good agreement. In addition,
plan re-optimization according to dose prediction found
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instances where sparing of the OARs could be further
improved from the clinical plans.

Besides the help of using a dataset with various pre-
scription doses in model training, the benefit of the
present model in predicting multiple target dose lev-
els is mainly attributed to the selected loss function.
The majority of dose prediction methods in the litera-
ture have been focusing on loss functions based on the
difference between the predicted and real dose distribu-
tions only, including various forms such as MSE, mean
absolute error (MAE), DVH, moment loss, and so forth.
In this work, the added loss between the predicted and
prescribed dose to the target, in addition to the conven-
tional MSE loss, enhanced the training to predict doses
with multiple prescriptions.

Another unique aspect of this study is the evaluation
of potentially suboptimal plans for prospective patients,
collected from the clinical planning workflow at our insti-
tution. The results showed that the dose predictions
were able to identify possible improvements to the initial
plans (prior to manual fine-tuning and finalizing) similar
to those made by the final clinical plans for most of the
patients but in varied magnitudes (Figure 9). We should
acknowledge here that the initial plans might have had
mixed plan quality due to the variation in experience
and preferences of the individual dosimetrists. Never-
theless, because the planning of the final plans was
blinded to the predicted dose distributions, it was promis-
ing to observe that plan quality improvements made in
the manual clinical planning process were also indicated
by model prediction.

The other planning study with dose prediction guid-
ance for the prospective patients showed how the final
plan quality was affected if the predicted dose distri-
butions were shown to the planner. We found that the
DL-guided plans outperformed the standard plans in
OAR sparing consistently. This shows the potential ben-
efit of dose prediction in improving plan quality for a
manual planning approach (e.g., Figure 2) very sim-
ilar to current clinical practice. More importantly, our
results suggest that dose prediction can help relatively
inexperienced treatment planner to achieve plans in
higher quality, as those DL-guided plans showed clear
advantage over the standard plans generated without
dose prediction guidance (Figure 10).This highlights the
advantage of dose prediction-based planning in improv-
ing the consistency of plan quality and mitigating the
impact of treatment planner variations. With regard to
planning efficiency, although a formal timing study was
not performed,we estimated that it took less than 30 min
to re-optimize each case.

The development of 3D dose prediction offers a major
enhancement to KBP approaches. Current commercial
KBP systems are mostly based on models for predict-
ing dose-volume parameters, such as RapidPlan and
others.29–31 Such models are limited by the inability to
provide spatial distribution of dose in patient, which is

particularly important in plan evaluation and for planners
to obtain insights to further optimize the plans. 3D dose
prediction not only addresses these limitations, but also
can be translated into deliverable plans by automated
planning techniques more effectively than DVH predic-
tion methods.13,32 The model developed in the present
study will be used as an automated plan evaluation
and quality assurance tool in our practice going for-
ward.As DL-guided planning in this study was limited by
using conventional manual input of dose-volume indices
based on predicted dose, instead of more advanced
techniques such as dose mimicking, our future develop-
ment will focus on integrating the dose prediction model
into an end-to-end automated planning workflow for lung
VMAT.

Regarding prediction accuracy, one observation from
our study was that dose prediction tended to overes-
timate normal tissue sparing. For example, as shown
in Figure 1, the medians of mean dose differences of
lungs, heart, spinal cord, and esophagus between clin-
ical and predicted dose distributions among the test
set patients were all positive (no more than 1 Gy),
and the predicted mean doses were lower than clinical
plan ones for the majority of these OARs and patients.
This bias of dose prediction, also discussed by other
works,25 is possibly due to the multi-objective nature
of treatment planning. Clinical planning can result in
multiple, equally acceptable, dose distributions for one
patient or multiple patients with similar geometry, with
varied spatial distributions of dose in the OARs. How-
ever, deep learning models accumulate a large number
of dose distributions over voxels by “averaging” errors,
MSE in this study, and possibly lead to lower OAR
doses than what is achievable. In lung radiotherapy,
spatial variability in clinically acceptable dose distribu-
tions is particularly high, as tumor can locate anywhere
in the lungs. Consequently, the impact of this dose
prediction bias could be greater for lung than other
cancer sites, such as prostate and breast. Neverthe-
less, the above conjecture needs to be tested by further
studies possibly utilizing training data with stratified
homogeneity.

It is possible that the performance of the dose pre-
diction model could be further improved by filtering
the quality of the training data. The current approach
assumed all clinical plans collected were of high quality.
However, our replanning study found that a small subset
of clinical plans in the test set could have better spared
the spinal cord and esophagus (Figure 6). As variations
in the quality of manually optimized plans are likely
to exist, an additional manual review and filtering of
input data before it is entered into model training might
enhance our dose prediction. With regard to the eval-
uation of model performance, it should be highlighted
that analyses of results in average are not sufficient,
and each individual patient needs to be studied (e.g.,
Figures 5–7 and 11). Even if the average comparison
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shows good agreement, variation between patients
could be nontrivial.

Another method to further improve dose prediction
performance in plan quality improvement could be trans-
fer leaning, by utilizing plans re-optimized with guidance
derived from dose prediction models as implemented in
our study.Specifically, the re-optimized plans could serve
as a dataset with improved dosimetric characteristics
that, with the use of transfer learning, could help refine
the model so that it predicts higher-quality dose distribu-
tions.In general,the size of datasets required for transfer
learning is only a fraction (1/3 or smaller) than that
needed to train a deep learning dose prediction model
initialized with random weights.18 Consequently, tech-
niques like transfer learning have the potential to allow
one to build a high-performance model with a small set
of carefully selected high-quality plans. However, further
research is needed to understand the interplay relation-
ship between the re-optimized data and the data used to
train the original model,and to develop evaluation strate-
gies to properly compare the quality of models before
and after transfer learning. We are currently exploring
this research direction.

Accurate dose prediction for lung radiotherapy can
provide significant value in improving treatment qual-
ity and safety for lung cancer patients. Two immediate
extensions to our model would be applications in
SBRT and proton therapy. As increasingly more SBRT
treatments are adopted today, dose prediction allows
fast dosimetric evaluation of treatment plans to assist
decision-making for fractionation and adaptation. In pro-
ton therapy,dose prediction can expedite the robustness
planning process and assist with generating scanning
beam treatments that are less sensitive to patient
breathing motion.

5 CONCLUSION

We demonstrated that our deep learning model can
consistently predict high-quality VMAT lung plans for
a variety of prescription doses, including SIB tech-
niques. In two planning studies with the predicted
dose blinded or provided to the treatment planners
on a prospective patient cohort, dose prediction was
effective in identifying suboptimal plans and improv-
ing plan quality, suggesting the potential benefit of the
model in automated treatment planning and its clinical
application.
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