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Automated online adaptive proton therapy treatment planning for esophageal cancer:
which combination of deformable registration and deep learning planning tools
performs best?

Abstract (max 300) - reste 0

Objective: To demonstrate the feasibility of integrating various fully-automated online
adaptive proton therapy strategies (OAPT) within a commercially available treatment
planning system. These strategies utilize existing deformable image registration (DIR)
algorithms and state-of-the-art deep learning (DL) networks for organ segmentation and
proton dose prediction.

Approach: Four OAPT strategies featuring automatic segmentation and robust optimization
were evaluated on a cohort of 17 patients, each undergoing a repeat CT scan. (1) DEF-INIT
combines deformably registered contours with template-based optimization. (2) DL-INIT, (3)
DL-DEF, and (4) DL-DL employ a nnU-Net DL network for organ segmentation and a
controlling regions-of-interest (ROIs)-guided DIR algorithm for iCTV segmentation. DL-INIT
uses this segmentation alongside template-based optimization, DL-DEF integrates it with a
dose-mimicking (DM) step using a reference deformed dose, and DL-DL merges it with DM
on a reference DL-predicted dose. All strategies were evaluated on manual contours and on
the contours used for optimization, and compared with manually adapted plans. Key dose
volume metrics like iCTV D98% are reported.

Main results: iCTV D98% was comparable in manually adapted plans and for all strategies
in nominal cases but dropped to 20Gy in the worst-case scenarios for a few patients per
strategy, highlighting the need to correct segmentation errors in the target volume.
Evaluations on optimization contours showed minimal relative error, with some remaining
outliers, particularly in template-based strategies (DEF-INIT and DL-INIT). DL-DEF achieves
a good trade-off between speed and dosimetric quality and showed a passing rate (iCTV
D98% > 94%) of 90% when evaluated against 2, 4 and 5mm setup error and of 88% when
evaluated against 7mm setup error. While template-based methods are more rigid, DL-DEF
and DL-DL have potential for further enhancements with proper DM algorithm tuning.

Significance: Among investigated strategies, DL-DEF and DL-DL demonstrated promising
within-10-minutes OAPT implementation results and significant potential for future
improvements.

Introduction

Intensity-modulated proton therapy (PT) potentially yields improved dose conformity
compared to conventional photon-based radiotherapy techniques (1,2). For esophageal
cancer (EC), this may translate into lower risks of developing toxicities in important
organs-at-risk (OARs), such as the lungs and heart, and a reduced 1-year mortality (3–5).
The energy deposition pattern of PT is a double-edged sword that makes dose distributions
highly conformal but very sensitive to treatment uncertainties and anatomical variations (6).
Robust optimization and adaptive therapy are used to address these issues, respectively.
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Currently, adaptive proton therapy is often performed offline with a few days between the
acquisition of the new planning image and the delivery of the approved adapted plan.
However, daily online adaptive planning better accounts for rapid anatomical changes and
may allow to reduce the magnitude of the uncertainties taken into account in the robust
optimization (i.e., reducing the robustness parameters) (7). However, clinically compatible
online adaptive proton therapy (OAPT) requires a largely automated treatment planning
workflow. Substantial research efforts have been made towards that objective in recent
years. Investigations focused on three key aspects: the availability of daily imaging of
near-CT quality, the ability to reliably propagate/delineate contours on repeated images with
minimal manual intervention; and automatic optimization of a new treatment plan. This study
focuses specifically on the last two aspects.

While deformable image registration (DIR) was a very popular tool for contour propagation
and segmentation by deformation ten to fifteen years ago (8,9), deep learning (DL) models
such as U-Net are now prevailing for OARs segmentation (10). For the target volume,
although the number of studies is increasing (11–14), their reported accuracy has not
reached a level suitable for clinical implementation. For EC, Jin et al. (15) introduce a
DL-based method for clinical target volume (CTV) delineation that integrates contextual
visual characteristics and encoded spatial distances to both the gross tumor volume and
associated lymph nodes, thereby simulating the margins and appearance criteria utilized by
radiation oncologists during the segmentation process. They achieved an absolute Dice
Similarity Coefficient (DSC) of 0.826. Notably, none of the surveyed studies adhere to the
current European consensus guidelines for esophageal CTV delineation as outlined by
Thomas et al. (16). Besides, only a few studies provide segmentation metrics associated
with dosimetric performances and most of them reveal that, even with a close conformity to
the groundtruth volume, a reduction in target coverage is observed for auto-segmented
contours (11,17). A recent commercial implementation of online adaptive intensity modulated
radiotherapy (IMRT), ETHOS (Varian Medical Systems, Palo Alto, CA), relies on the
combination of DIR and DL for CTV delineation, selecting a subset of "influencers'' organs
delineated by a DL network. These influencers, situated near the target volume, guide the
DIR-based propagation of the target volume from the planning CT to the CT of the day (18).

DL has also gained popularity in automatic planning, using a DL model for automatic dose
distribution generation, followed by a dose mimicking (DM) optimization step (19). Borderias
et al. (20) compared three strategies for OAPT in head and neck patients, using DM for the
optimization method. The best performing strategy, in terms of target coverage and
complication probability values, involved a DL dose predicted on synthetic CTs. While this
workflow has been proven effective for head and neck or prostate cases, especially for PT
(21–23), it has yet to be studied in EC cases, making use of the existing PT dose prediction
models for EC (24).

In order to minimize anatomical uncertainties, it is important that the time between image
acquisition and treatment delivery is also minimized. Therefore, it might be of interest to fully
automate treatment planning without any manual intervention, provided that the errors in the
segmentation occurring along the way are minimal. However, such an approach is clinically
viable only if the resulting treatment plan is still within clinical requirements in terms of target
coverage and OAR sparing, considering a given robustness requirement. In this study, we
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investigate whether the error introduced by the full automation could be compensated by
increasing the robustness parameters compared to the ones that could be used in an ideal
online adaptive strategy where only intra-fraction and range errors remain. We assume that
such a strategy might still be more effective than investing too much time on manual
editions, as these adjustments would also eventually require larger robustness parameters
to accommodate anatomical modifications occurring between the new planning image and
the effective anatomy of the patient during irradiation. Therefore, in this work, we investigate
the proportion of our patient population for which an increase in the residual setup error
might compensate for full automation-induced errors.

Given the respective development of DIR and DL and their frequent use in studies aimed at
demonstrating the feasibility of an online adaptive workflow, this work aims to test well
established techniques in an end-to-end OAPT process. We implement four fully automated
OAPT techniques on a commercially available treatment planning system and compare them
to reference manually adapted plans for EC patients. We investigate two auto-contouring
techniques and combine them with optimization strategies involving template-based
optimization or dose generation algorithms followed by a DM step. Additionally, we evaluate
the impact of increasing the robustness setup parameters on the automation-induced error
mitigation.

Materials and methods

Patient cohort

We used a retrospective patient database containing 40 patients diagnosed with locally
advanced EC, treated with neoadjuvant chemoradiotherapy followed by surgery at
UZLeuven (Leuven, 3000 Belgium). For this study, we used the average planning CT (pCT)
scans and corresponding manually generated contours. To ensure database consistency
and quality, all patients were planned for intensity modulated proton therapy (PT) with pencil
beam scanning, using robust optimization on the internal CTV (iCTV) (7mm setup error and
2.6% range error). The plans were made in RayStation 11B Software (RaySearch
Laboratories) by two experienced medical physicists and reviewed by the same radiation
oncologist. Planning guidelines from the PROTECT clinical trial (25) were applied. We used
two posterior beams: 150° left posterior oblique (LPO) and 180° posterior (PO). The
prescribed treatment regimen involved a total dose prescription of 50.4Gy, administered in
28 fractions. Detailed information about the planning protocol can be found in Section A of
the Supplementary Materials.

After about three weeks of treatment, 18 out of 40 patients in our patient cohort had a
repeated CT (rCT) scan, out of which one patient was left out because of missing slices. On
this remaining cohort of 17 patients, one radiation oncologist manually delineated OARs and
target contours on the rCT, and the patients’ intensity modulated radiotherapy (IMRT) and
PT plans were consistently manually adapted by two medical physicists, again following the
planning guidelines of the PROTECT clinical trial (25). The same radiation oncologist
subsequently reviewed all these adapted plans, which will serve as baseline in this study. All
subsequent evaluations are done on these average rCT scans.

Contour delineation
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Two different types of automatically segmented contours were made available on the rCT
scans: 1) a DIR based technique, and 2) a combined DL and DIR technique.

The first strategy involved the hybrid ANACONDA deformable registration algorithm, built
upon an intensity and anatomical information-based algorithm (26) implemented in
RayStation 2023B Software (RaySearch Laboratories, Sweden). This algorithm was used to
deformably map the contours of 9 OARs (fundus, heart, both kidneys separately, left
ventricle, liver, lungs as a single organ, and spinal canal) and iCTV to the rCT scans.

The second technique involved the use of a nnU-Net model, a network considered as
state-of-the-art in the field (10), which was trained to predict the contours of the 9 OARs from
the corresponding CT scan only. A total of 8 models were trained, with a training set of 35
patients and the remaining 5 patients being used for testing, in a kind of ‘cross-testing’
scheme. The models were trained for 1000 epochs, which is the default number of epochs
recommended for nnU-Net training. Inference of the 9 OARs contours for one patient can be
made in approximately 50 seconds on a GPU Tesla A100 with 80 Gb of RAM. Careful
selection of the model used for inference was done so that a model can only be used to
predict on a rCT if the patient's pCT is part of the testing set, and not of the training set. The
predicted OARs contours were compared to manual contours, or groundtruth, by computing
DSC. However, we noticed that the nnU-Net model segmented the OARs in every slice
where it considers that these structures are present, irrespective of the volume that will
actually receive dose. For the spinal canal in particular, the nnU-Net provides a contour on
every slice where vertebrae, surrounding the spinal canal, are present. This is inconsistent
with the groundtruth contours provided by a medical doctor which, in the interest of time, will
only segment structures on slices surrounding the target volume, such as noticeable in
Figure 1. For a fair DSC computation, we cropped the spinal canal nnU-Net prediction to the
slices where a groundtruth contour was present. After OAR prediction with our in-house
trained nnU-Net, the iCTV was generated by the ANACONDA deformable registration
algorithm, implemented in RayStation and, here, guided by a selected subset of this organs
(also known as “controlling ROIs''), similar to what is done with the selection of “influencers”
in the ETHOS system (Varian Medical Systems, Palo Alto, CA) (18). The selected controlling
ROIs are soft tissues, directly surrounding the target volume. An additional criterion for
selecting a controlling ROI is to have an average DSC greater than 0.8. The resulting
deformed iCTV is compared to the manually defined iCTV.
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Figure 1: Patient CT scan showing the iCTV in red, the manually delineated spinal canal in
green (shaded area) and the DL predicted spinal canal contour in pink (shaded area).

Treatment plan optimization strategies

All the presented strategies are fully automated in the scripting environment of RayStation
2023B Software. 1) a template-based optimization strategy, 2) a DIR + DM-based strategy,
3) a DL + DM-based strategy. All strategies are optimized on a 3mm dose grid, with the
same robust optimization settings as for the initial plan.

The first strategy, here referred to as the template-based optimization strategy, the objective
functions defined for the initial plan are copied in an adapted plan before the optimization
process is run for 200 iterations, with a cold start, following the PROTECT protocol (25). The
objectives are defined on the automatically segmented contours. In the second strategy, the
dose of the initial plan is deformed with a hybrid ANACONDA DIR (26), subsequently
followed by a DM optimization step giving us a deliverable plan. For the third strategy, we
used the previously published DL model for PT dose prediction (ref). Multiple HDU-Net
models were trained using the same database as for the nnU-Net segmentation model,
following a cross-validation and cross-testing scheme. The patients’ set is divided into 25
patients for training, 5 for validation and 10 for testing. The models take as input the
contours of 9 OARs (fundus, heart, both kidneys separately, left ventricle, liver, lungs as a
single organ and spinal canal as well as 3mm ring extension of the spinal canal) and the
corresponding CT scan. More information about the model architecture and training can be
found in (24) and in Section B of the Supplementary Materials. Inference for the PT dose
distribution of one patient is obtained in approximately 50 seconds on a GPU Tesla A100
with 80 Gb of RAM, while predicting over 5-folds and averaging the prediction. The predicted
dose distribution is subsequently translated into a deliverable plan using a DM optimization.
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The DM optimization algorithm used in the second and third strategies, here referred to as
the DM-based strategies, consists of a voxel-wise least-squared error minimization problem.
Typically, voxels in the target volume or in a close proximity (high isodoses) are highly
penalized for underdosage or overdosage as compared to a reference dose and this penalty
decreases in lower isodoses. The reference dose corresponds to the dose distribution to be
mimicked. In addition, we include two conventional radiotherapy robust objective functions
on the CTV. On the OARs, no additional conventional radiotherapy objective functions were
implemented. This is a simpler version of the DM algorithm used by Borderias et al. (20).
Given the iteration counts required to achieve an optimization plateau, we have set the
number of iterations for the DM algorithm to 60, instead of the 200 iterations fixed in the first
optimization strategy. In the results section, we illustrate the accuracy of our DM algorithm in
reproducing the reference dose by comparing DVH metrics.

OAPT strategies

Figure 2 illustrates the four proposed OAPT strategies, which are a combination of the two
automatic delineation techniques and the three automatic optimization strategies. DEF-INIT
combines the deformably registered contours with the template-based optimization strategy,
optimizing on the objectives of the initial plan. The three other strategies, DL-INIT, DL-DEF,
and DL-DL, involve predicting the contours of the OARs and then utilizing a selected subset
of controlling ROIs to guide the deformation of the iCTV on the rCT. In terms of optimization
strategies, the optimization function of DL-INIT includes all the objectives from the initial
plan. In DL-DEF, the initial dose is deformably registered on the rCT, and the deformed dose
is used as input for the DM algorithm. Finally, in DL-DL, the dose is predicted by a DL HD
U-Net model before being used as the reference dose for the DM algorithm.

Figure 2: Workflow illustrating the four proposed OAPT strategies. DL = deep learning, DM =
dose mimicking
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Plan evaluation

The dosimetric effect of setup (7mm) and range (2.6%) uncertainties were evaluated for
each strategy with respect to the manual contours (27). However, to discriminate between
errors coming from the delineation strategy and errors coming from the optimization strategy,
we additionally evaluate on the automatically segmented contours. Results of these
evaluations are illustrated in comparison with the manually adapted plan. We present three
metrics evaluating the target coverage, namely D98%, V95% and the mean dose (Dmean)
to iCTV. For OARs, we show the mean lungs dose (MLD), mean heart dose (MHD) and

D0.05 to the spinal canal.𝑐𝑚3

Automation-induced errors mitigation

In this work, we evaluated the proportion of our patient cohort achieving a worst-case iCTV
D98% over 94%, under 2, 4, 5 and 7mm residual setup error. This value, here referred to as
the “passing rate”, provides insight into the potential mitigation capabilities of increased
robustness parameters against errors introduced by full automation. The selection of the
threshold dose aligns with the findings of Visser et al. (28), indicating that acceptable
coverage is typically achieved with iCTV D98% above 94%. Strategies exhibiting an
acceptable target coverage for more than 90% of patients show robustness comparable to
IMRT plans with PTV margins (29). The evaluation was performed on both the manual iCTV
and on the deformed iCTV used for optimization. The latter offers insight into the failure of
the optimization process to yield an acceptable plan, even with accurate contours, which
may be mitigated by accounting for increased setup errors.

Results

Contour delineation

Both contour delineation methods, namely, the DIR and nnU-Net, are considered as
state-of-the-art strategies (10,30,31). For every structure that is a part of the optimization
objective function, we intended to determine which of these two benchmark delineation
techniques works best. The DSCs between the groundtruth manual structures and the
automatically segmented structures are reported in Figure 3 with boxplots.
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Figure 3: Patient distribution of Dice similarity coefficients (DSC) between manual
groundtruth contours and automatically segmented contours. In (a), orange box plots
illustrate DSC obtained in comparison with DIR mapped OARs contours and gray box plots
illustrate the comparison with nnU-Net segmented OARs contours. In (b), orange box plots
represent DSC obtained in comparison with DIR mapped iCTV contours and gray box plots
represent DSC computed on iCTV contours generated with a DL-OARs-guided DIR.

The kidneys are generally better segmented by nnU-Net with median DSCs of 0.95, 0.94,
and 0.96, respectively, displaying very little variations among the whole patient population.
Still, we observe that our nnU-Net model entirely missed both kidneys in the case of one
outlier patient. However, since the kidneys were not used in patient 17's initial optimization
objective function or as controlling ROIs to guide the iCTV deformation, there were no
consequences for the implementation of any strategies. Unlike other patients in the rCT
cohort, this patient showed a less contrasted rCT scan, although none of these patients
received a contrast agent injection prior to the rCT. Regarding the lungs and liver, results
from the DIR algorithm and nnU-Net are comparable (p = 0.003 and p = 0.1 respectively),
though the DIR algorithm did produce a few outliers for the liver contour. The DIR algorithm
produces heart and spinal canal structures that are closer to the groundtruth contour than
the contours predicted by nnU-Net. Regarding the fundus, none of the two approaches
yields an accurate delineation.



Figure 3b shows the DSC for the two automatically obtained iCTV structures. Again, both
strategies behave similarly with median DSC of 0.9 for the iCTV produced by the DIR
algorithm and 0.89 for the iCTV produced by DL segmented OARs, guiding a DIR algorithm.

Dose mimicking

Two of our automated strategies, DL-DEF and DL-DL, rely on the ability of our mimicking
algorithm to accurately reproduce a reference dose. We evaluate this accuracy by
comparing DVH metrics before and after the mimicking step. These results can be observed
in Figure 4.

Figure 4: Relative error on the DVH metrics (reference dose - mimicked dose), showing
target coverage metrics, mean lungs dose (MLD), mean heart dose (MHD) and dose to the

hottest 0.05 of the spinal canal. Dose metrics are given in percentage of the prescribed𝑐𝑚3

dose (50.4 Gy). Green box plots show the comparison between deformed reference dose
and mimicked deformed dose. Yellow box plots show the comparison between DL predicted
reference dose and mimicked predicted dose. * indicates a statistically significant difference
between the two distributions (p-value < 0.05).

We observe that the difference between the reference dose and the dose after DM is less
than 5% for each metric under study. For dose metrics, this corresponds to a dose difference
of less than 2.5 Gy approximately. We can also notice that for the iCTV V95% and Dmean in
particular, the DM algorithm seems to precisely recover high dose regions and average
dose, except for a few outliers. Regarding the D98% however, we observe that the DM
algorithm is less precise, in particular with the DL predicted reference dose, showing a larger
standard deviation than for other iCTV DVH metrics (median +/- standard deviation = 0.06
+/- 2.0), which suggests that errors around the high dose region might be introduced by the
optimization process. With the deformed dose used as reference, the median iCTV D98%
presents a slight decrease after the DM process (1.25 +/- 1.16). Moreover, the DM algorithm
performs less accurately for some OARs, especially in the spinal canal (-0.63 +/- 0.99 for the
difference between the deformed dose before and after DM and -2.54 +/- 1.72 for the
difference between the DL predicted dose before and after DM). It is however important to
note that in the DM optimization algorithm, we integrated conventional radiotherapy objective
functions solely on the target volume, alongside voxel-wise least-squared error minimization.
This prioritizes target coverage over other OAR criteria during optimization. With our beam



configuration (150° LPO and 180° PO) and target aim, the spinal canal is typically found in
lower dose regions than other OARs, which means that the DM algorithm considers it as
less important. Although some dose distributions might be significantly different from each
other from a statistical point of view, these differences are not clinically relevant.

OAPT strategies

In the interest of evaluating whether our strategies could be implemented in an online
setting, we timed each strategy in every patient case, including contour delineation and
optimization. Table 1 reports the results of these time records. Both DL prediction times are
computed while running the inference on a GPU Tesla A100 with 80Gb of RAM. It is worth
mentioning that the median time reported for an inference with HD U-Net accounts for the
inference over
5-folds.

Table 1: Median time for each strategy and sub-strategy. nnU-Net inference time and HD
U-Net inference time are accounted for in nnU-Net inference + deformable image registration
(DIR) time and in HD U-Net inference + dose mimicking (DM) time respectively. Rather than
being a sum of the median delineation and median optimization times, the timings for the
online adaptive proton therapy (OAPT) strategies - which include both a contour delineation
strategy and an optimization strategy - are also median times computed over the timings
required to complete each OAPT strategy for each patient. DEF-INIT combines structures
deformation with the template-based optimization strategy, DL-INIT combines OARs
contours prediction followed by controlling ROIs-guided iCTV deformation and a
template-based optimization strategy, DL-DEF combines OARs contours prediction followed
by controlling ROIs-guided iCTV deformation and dose deformation followed by a DM
optimization algorithm while finally, DL-DL combines OARs contours prediction followed by
controlling ROIs-guided iCTV deformation and dose prediction followed by a DM
optimization algorithm.

Strategies Median time (seconds)
Contour delineation

DIR 64 (+/- 10)
nnU-Net inference + DIR 115 (+/- 30)
nnU-Net inference 48 (+/- 17)

Optimization strategy
Template-based optimization 1281 (+/- 408)
Dose deformation + DM 449 (+/- 161)
HD U-Net inference + DM 517 (+/- 164)
HD U-Net inference 53 (+/-) 18

OAPT strategy
DEF-INIT 1324 (+/- 415)
DL-INIT 1520 (+/- 421)
DL-DEF 583 (+/- 181)
DL-DL 622 (+/- 186)



Plan evaluation

For the two DM-based strategies, namely DL-DEF and DL-DL, results after the DM
optimization process are depicted in the following Figures. In Figure 5, results of the plan
evaluation over the manual contours can be observed. Figure 5a shows the relative error
(OAPT dose - manually optimized dose) in terms of DVH metrics of the iCTV. For each
metric both the nominal and worst-case scenarios with a 7mm setup error and a 2.6% range
are depicted. We noticed that the worst-case iCTV D98% drops down to approximately 20
Gy for one or two patients with every strategy, which is not clinically acceptable. For the
other metrics and other scenarios, the relative error remains under 5Gy or under 10% of
volume except for DL-DL iCTV V95% worst-case and of some outliers, which remain
consistent across the different strategies. Figure 5b shows the relative error for some OARs,
usually implicated in the initial optimization objective function, and known as high-risk OARs
for EC. For the mean lungs dose (MLD) and the mean heart dose (MHD), the relative error
stays below 5%, which corresponds to a threshold of approximately 2.5Gy.

Figure 5: Boxplots showing DVH metrics for the manually contoured iCTV and OARs. The
relative error is computed between the OAPT dose and the manually optimized dose. Dose
metrics are given in percentage of the prescription (50.4Gy). * indicates a statistically
significant difference (p-value < 0.05) between the metric calculated on the corresponding
OAPT strategy dose distribution and the metric calculated on the manually adapted dose
distribution. ** indicates a high statistically significant difference (p-value < 0.01).



We further evaluated on the automatically generated contours to distinguish between the
dosimetric impact of the optimization error and the delineation error. The results are
displayed in Figure 6. For the iCTV, we observe a consistent decrease in all high dose
metrics errors. However, the template-based optimization strategies (DEF-INIT and DL-INIT)
show strong outliers. Although the DL-DL strategy has a higher median relative error, it
appears to handle these outliers better. For the OARs, we do not observe any important
difference, when comparing the boxplot in Figure 6b to the boxplot in Figure 5b. Additionally,
we did not observe any significant (p > 0.05) difference between the error made by the
template-based strategies and the error made by the DM-based strategies (DL-DEF or
DL-DL) on the iCTV DVH metrics. Regarding OARs, we did observe significantly higher
differences for the MLD and worst-case MHD. These statistical results are not indicated on
Figure 5. Results showing the impact of the DM step can be found in Supplementary
Materials, Section C.

Figure 6: Boxplots showing DVH metrics for the automatically contoured iCTV and OARs.
The relative error is computed between the OAPT dose and the manually optimized dose.
Dose metrics are given in percentage of the prescription (50.4Gy). * indicates a statistically
significant difference (p-value < 0.05) between the metric calculated on the corresponding
OAPT strategy dose distribution and the metric calculated on the manually adapted dose
distribution. ** indicates a high statistically significant difference (p-value < 0.01).

Remarkably, compared to DL-DL, we noticed a lower median relative error for some iCTV
metrics when using DL-DEF. The only difference between these two strategies is the
reference dose, which is computed by a DL network in DL-DL and is simply deformed on the
anatomy of the day in DL-DEF. Both strategies use the same contour segmentation and DM
optimization techniques.



Automation-induced errors mitigation

Finally, we investigated the ability of each strategy to compensate against various setup
errors by evaluating the iCTV D98% on different setup margins. Figure 9 illustrates the
proportion of patients for whom each strategy achieves an iCTV D98% above 94% of the
prescription dose, denoted here as “passing rate”. Notably, our analysis reveals that none of
the strategies, when evaluated on manual contours, achieve a passing rate over 90%,
irrespective of the residual setup error considered. Specifically, the passing rate decreases
to approximately 10% for the DL-DL strategy evaluated against a 7mm margin. However,
when evaluated on the automatically deformed iCTV, the passing rate of DEF-INIT, DL-INIT
and DL-DEF remain consistently around 90% across all residual setup errors. DL-DL, on the
contrary, fails to adequately compensate for 5 and 7mm errors, showing a passing rate
below 80% and just above 50% respectively.

Figure 9: Percentage of patients having iCTV D98% above the threshold dose (47.38Gy =
94% of the prescription) for each OAPT strategy and manual adaptation. The selected
threshold dose follows the adequate target coverage criterion of Visser et al. (28).

Discussion

This study illustrates the feasibility of integrating a comprehensive online adaptive proton
therapy (OAPT) workflow into a commercially available treatment planning system. We
conducted a comparative analysis of four OAPT strategies, integrating contour delineation
and optimization techniques, with a focus on time efficiency and clinical objectives
requirements. Notably, two approaches, DL-DEF and DL-DL, emerge as promising
alternatives, each offering distinct advantages. These methods not only enable
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implementation within a median time of 10 minutes, including automatic contour delineation
and optimization, but also offer great potential for improvements, which will be discussed
later.

Evaluation of delineation methods indicates comparable precision between DIR and nnU-Net
approaches, as measured by DSCs. While these strategies do not consistently achieve
acceptable results across all anatomical structures, the DSCs for the critical structures, such
as those surrounding the tumor volume or used in optimization objectives for EC treatment
planning, are larger than 0.8. We observed an exception for the delineation of the spinal
canal by nnU-Net, highlighting an inconsistency in our database. We noticed that long
structures, such as the spinal canal, are manually not delineated on all slices but rather
selectively on slices adjacent to the tumor volume, where a dose could be deposited. This
practice is understandable, considering the time constraints faced by physicians,
necessitating delineation efforts where clinically relevant. For a fair DSC comparison, we
cropped the spinal canal predictions to slices containing the manual structures. Therefore,
we believe that we could improve the performance of our nnU-Net model by enhancing the
consistency across the database, namely by establishing precise guidelines for constructing
databases aimed at training and evaluating AI models effectively, similarly to the conclusion
of Barragan et al. (32). Additionally, the nnU-Net that is presented in this work was trained on
a small database with only 40 patients, suggesting that a more extensive training dataset
could potentially improve its performance. Besides, while the training database consisted of
CT scans obtained immediately following a contrast-enhanced fan beam CT, our contours
were predicted on non-enhanced rCT scans, which may have affected the results even
further.

Moreover, despite achieving high median DSCs of 0.9 with DIR and 0.89 with nnU-Net+DIR
for the comparison of manual and deformed iCTV contours, we observed significant
dosimetric impact due to these minor delineation errors. Indeed, strong outliers were found
in high dose metrics like D98% and V95% in the nominal scenarios of every strategy.
Furthermore, these delineation inaccuracies compromise the robustness of the plan against
the evaluated setup error (7mm), as evidenced by the iCTV D98% worst-case scenarios
depicted in Figure 5a. This emphasizes a recurrent issue highlighted by many studies,
wherein identifying a contour evaluation metric capable of accurately capturing all
discrepancies between automatic and groundtruth contours remains difficult (33–35). Our
study demonstrates again the importance of integrating geometric evaluation, such as DSC
or Hausdorff distance, with a dosimetric evaluation. However, in line with the results of
Smolders et al. (17), we do not observe substantial dosimetric impact on the OARs, with
moderate differences between median DVH metrics evaluated on the manual contours and
on the auto-segmented contours. These results suggest that editions of our critical OAR
structures are not necessary, typically while editions of the tumor volume remain necessary
with the investigated tools. The use of the recently published Dosimetrically Informed
Volume Edition tool for adaptive radiotherapy (DIVE-ART) (36) may prove effective in
accelerating the edition process. It indicates regions of the replanning image that are most
relevant to edit from a dosimetric point of view.

Regarding the evaluation of the different optimization strategies, we have observed that in
addition to doubling the adaptation time, at minimum, the two template-based strategies
(DEF-INIT and DL-INIT) do not achieve significantly lower target DVH metrics error as
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compared to the DM-based strategies (DL-DEF and DL-DL) (p > 0.05). Furthermore, these
template-based strategies fail to achieve acceptable target coverage for some outlier
patients. For the OARs, we do not believe that the significantly higher errors observed with
the DM-based strategies, in comparison with the template-based strategies, are clinically
relevant, being less than 1.3Gy.

Notably, the DL-DEF strategy outperformed the DL-DL method on average. This finding
contrasts with previous conclusions drawn by Borderias et al. (20), where the DL-predicted
dose exhibited superior target coverage compared to the deformed dose. However, in the
past years, dose deformation has been widely used for dose accumulation (37–39). In their
paper, Zhang et al. (40) explored the impact of different DIR algorithms and settings
available in RayStation. They demonstrated that refining the implementation of the
ANACONDA DIR algorithm, by using more ROIs as guidance for the dose deformation
(similar to what was done to deform the target from controlling DL-predicted controlling ROIs
in this work) could further mitigate average dosimetric variations. Although we have chosen
not to use such controlling ROIs to facilitate a clear distinction between our delineation and
optimization strategies, the DL-DEF approach yielded satisfactory results, achieving
acceptable target DVH metrics across nearly all patients when evaluated against
auto-segmented or groundtruth contours, with the exception of the iCTV D98% in the
worst-case scenario. Besides, DL-DEF exhibited a passing rate (iCTV D98% over 94%) over
90% when evaluated on the deformed iCTV against 2, 4 and 5mm and a passing rate of
88% with a 7mm setup, surpassing DL-DL (passing rate ranging from 88% to 53% when
evaluated against 2 and 7mm, respectively). Nonetheless, we observed an outlier in the
dosimetric evaluation of the DL-DEF strategy, for which perturbed scenarios appeared to be
more effectively managed by the DL-DL approach. This discrepancy could be attributed to
the intrinsic properties of both the deformation and prediction algorithms. Specifically, while
the patient-specific nature of the DL-DEF algorithm may perform better in generic cases with
minimal anatomical deformation, the population-based DL prediction algorithm might
demonstrate superior performance in handling complex cases, given that it was trained on a
large set of anatomies. The disparity with the conclusion drawn by Borderias et al. (20) may
arise due to the substantial anatomical variations typically encountered in head and neck
patients (41–43). Moreover, the non-diffeomorphic nature of some anatomical variations
(e.g., apparition of gas bubbles in the gastro-intestinal tract) prevents the ANACONDA DIR
algorithm from being used appropriately to deform the dose on patients with such variations
(26,44).

Although DL-DL exhibits lower robustness as compared to DL-DEF, we believe it offers
significant promise for improvements and has larger potential to exploit daily anatomy to
reduce the dose to OARs or improve target coverage. In contrast to DL-DEF, where the dose
is simply deformed from the initial plan and therefore misses out the sometimes favorable
anatomy changes, the DL-DL will predict a lower dose to the OARs and try to mimic this
lower dose when these OARs appear further away from the target volume in the rCT.
Besides, in addition to enlarging the training dataset, which can enhance the model's
performance in various anatomical variations, refining the DM algorithm used for
optimization could also increase the performance of the two DM-based strategies. In an
example of how DM algorithms can guide optimization toward high-quality plans, Borderias
et al. (20) compared a non-adapted planning strategy with fully automated OAPT strategies
based on DM for patients with head and neck cancer. They found that all implemented
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OAPT strategies provide closer dose volume histograms (DVH) metrics to the initial plan
than the plan without adaptation. In this work, we use a similar DM model, consisting of a
voxel-wise least-squared error minimization problem coupled with two conventional
radiotherapy objective functions on the tumor volume, to guide the optimization process
towards automatically generated dose distributions. However, the selection of this
optimization model must be carried out as carefully as the selection of the dose generation
technique (45). This gives further possibilities for our DM-based optimization strategies
refinement and further investigation should be done before clinical implementation is
possible.

This study presents some limitations. First, the strategies were implemented on repeated CT
scans while cone-beam CT (CBCT) remains the preferred modality for daily imaging, due to
its lower cost and compact nature. However, assuming that similar photon-machine mounted
CBCT quality could be achieved for protons (46,47), we expect that a generalization of our
study to CBCT is feasible. Another important limitation of this study is that we assume the
use of a slow CT, where the clinician does not have the time to delineate the target on all
phases before reconstructing the iCTV. Instead, we directly deform the iCTV from the
average pCT, which may introduce substantial segmentation errors (48).

Additionally, the timings reported in this work, necessary to complete the full proposed online
adaptive workflows, are significantly influenced by the chosen number of iterations. For the
template-based optimization strategies, we have set 200 iterations following a clinical
protocol. For the dose-mimicking based strategies, the iteration number was reduced to 60.
This decision was informed by several trials and observation of iterations counts required to
achieve the optimization cost plateau. However, a comprehensive investigation of different
iteration counts for both optimization approaches is essential to fully validate the timing and
dosimetric expectations of the proposed OAPT strategies. Besides, we could use a reduced
scenarios set while optimizing a plan in an adaptive setting, by using only the extreme setup
shifts. After recording the optimization timings with reduced scenario sets, we observed a
median reduction time of 400 seconds for the template-based optimization strategies and
180 seconds for the DM-based optimization strategy, while still achieving comparable plan
quality. However, this was not investigated further and clinical acceptability of those plans
still needs to be evaluated.

To conclude, this work demonstrates the feasibility of integrating four distinct online adaptive
proton therapy strategies within a commercially available treatment planning system.
Through comprehensive time and dosimetric evaluations, we have provided valuable
insights into the performance of these strategies. While our findings present high similarity
metrics with manual contours for most structures, the dosimetric impact of automated
delineation errors remains significant for the target volume. Hopefully, the availability of
numerous alternative commercial solutions offers promise for enhancing or replacing our
delineation approaches. We have also highlighted the reliability of the mimicked dose
deformation technique, which presents a good trade-off between time and dosimetric error
considerations. It accurately restores important clinical objectives while maintaining a
median adaptation time of merely 10 minutes. The deformed dose followed by a
dose-mimicking step effectively recovered most of the dosimetric objectives from the manual
adaptation and offers the benefit of enhanced interpretability compared to a black box deep
learning model. However, for patients presenting more complex anatomy variations or
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favorable anatomical changes, we recommend using a population-based method such as
our deep learning based dose prediction algorithm followed by dose mimicking.
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