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ABSTRACT

Purpose: To investigate the performance of a narrow-scope knowledge-based RapidPlan (RP) model,
for optimisation of intensity-modulated proton therapy (IMPT) plans applied to patients with locally
advanced carcinoma in the gastroesophageal junction.

Methods: A cohort of 60 patients was retrospectively selected; 45 were used to ‘train’ a dose-volume
histogram predictive model; the remaining 15 provided independent validation. The performance of
the RP model was benchmarked against manual optimisation. Quantitative assessment was based on
several dose-volume metrics.

Results: Manual and RP-optimised IMPT plans resulted dosimetrically similar, and the planning dose-
volume objectives were met for all structures. Concerning the validation set, the comparison of the
manual vs RP-based plans, respectively, showed for the target (PTV): the homogeneity index was
6.3+2.2 vs 59+1.2, and V98% was 89.3+2.9 vs 91.4+2.2% (this was 97.2+1.9 vs 988+ 1.1 for the
CTV). Regarding the organs at risk, no significant differences were reported for the combined lungs,
the whole heart, the left anterior descending artery, the kidneys, the spleen and the spinal canal. The
Do.1 cm3 for the left ventricle resulted in 40.3 £3.4 vs 39.7 + 4.3 Gy(RBE). The mean dose to the liver was
3.4+1.3 vs 3.6+ 1.5 Gy(RBE).

Conclusion: A narrow-scope knowledge-based RP model was trained and validated for IMPT delivery
in locally advanced cancer of the gastroesophageal junction. The results demonstrate that RP can cre-
ate models for effective IMPT. Furthermore, the equivalence between manual interactive and
unattended RP-based optimisation could be displayed. The data also showed a high correlation
between predicted and achieved doses in support of the valuable predictive power of the RP method.
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Introduction

Adenocarcinomas of the oesophagus are among the tumour
diseases with the fastest growing incidence [1,2]. In the case
of locally advanced tumours, the trimodal approach consist-
ing of chemotherapy, radiotherapy and surgery, has been
established as a standard of care in the curative setting.
However, whether distal adenocarcinomas and carcinomas of
the gastroesophageal junction should not be treated with
perioperative chemotherapy, but instead only with neoadju-
vant radiochemotherapy, is currently unclear and critically
discussed [3-5].

The anatomical position of the oesophagus, near to sev-
eral organs at risk such as the lungs, heart and stomach, sug-
gests that especially carcinomas of the gastroesophageal
junction could profit of proton beam therapy (PBT).
Previously published dosimetric comparisons of PBT and
intensity-modulated radiation therapy (IMRT) have shown a
significant improvement in reducing radiation exposure of

organs at risk (OAR) in the PBT group [6-10]. Especially heart
and lung doses were significantly lower in the context of
proton irradiation. Regarding this, we recently demonstrated
in an in-silico study, that, for cancers of the gastroesophageal
junction, the use of intensity-modulated proton therapy
(IMPT) had beneficial aspects over volumetric modulated arc
therapy (VMAT) with photons [11] also for the abdominal
organs. One of the first randomised studies with the ques-
tion if dosimetric advantages of PBT for locally advanced
oesophageal cancer translates to improved clinical outcomes
compared with IMRT was recently published [12]. The results
showed a significant reduction of radiation therapy-induced
toxicities in favour of PBT. However, for PBT to become
established in the long term, it must be demonstrated in
future randomised studies that the known dosimetric advan-
tages are also associated with improvements in treatment
outcome [13].

In this context, the development of tools aiming to
streamline and enhance the quality of treatment planning is
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also needed for PBT. In particular, the process of dose opti-
misation, a potentially challenging task with manual plan-
ning, might benefit from the introduction of some degree of
automation. A possible approach, which has already been
tested and established for VMAT and IMRT, is given by the
use of RapidPlan (RP, Varian Medical Systems, Palo Alto,
California, USA), a machine-learning-based and semi-auto-
mated planning method [14-16]. The conceptual aim of RP
is to generate individualised optimisation objectives based
on the prediction of the achievable dose distribution for any
given patient and beam geometry. In fact, the core of RP is
the use of a mathematical prediction model for dose-volume
histograms. The RP models shall be trained on adequately
selected and qualitatively well-prepared treatment plans with
an adequate pooling of the population to be modelled. First
fundamental works on the application of RP for protons was
published by Delaney [17,18] where the specificity of RP for
protons was outlined in comparison to the photon case, and
early tests were performed on head and neck patients. Cozzi
[19] recently developed and validated an RP model for IMPT
plans in patients with advanced hepatocellular carcinomas
and compared these plans with VMAT plans. To prove the
validity and reliability of the RP method for protons, it is
necessary to further test it for a large number of different
tumour entities, similar to the established use for pho-
ton plans.

A second key aspect of RP is that, given the generation of
individualised optimisation objectives based on the earlier
clinical experience, should enable the possibility to execute,
in an un-attended manner, the inverse optimisation phase. In
fact, RP generates the individual constraints at the lower side
of the uncertainty band of the predicted DVH. For this rea-
son, if a proper match between the model applied and the
prospective patient is done, the automated process should
result in clinically acceptable and high-quality plans (with the
freedom to interactively further improve the optimisation
process if deemed necessary for any reason).

The efficacy of the use of this kind of knowledge-based
planning method relies on: (i) the quality of the data used
for the training, (ii) the regression applied to build the pre-
dictive models, and (iii) the consistency between the new
case and the population used for the training (i.e., the gener-
alisation power of the model).

The RP implementation is agnostic to some aspects of the
treatment planning, in particular to the technique (e.g., sin-
gle field or multiple field optimisation) and the strategy
applied for the compensation/management of organs motion
(e.g., robust optimisation or gating). Although these are fun-
damental aspects for the quality of the plans and the safety
of the delivery, this independence property makes RP versa-
tile and applicable in a wide variety of cases. From a com-
parative study point of view, it is only necessary to ‘apply’
the same strategy to both manual and automated datasets
and train the models on a consistent set of plans.

The present study aimed to provide further evidence of
the feasibility of the RP model for proton planning by apply-
ing it to complex target volume structures such as those
found in locally advanced carcinomas of the

gastroesophageal junction. The performance of the RP model
was benchmarked against manual optimisation.

Materials and methods
Patient selection, contouring, and dose prescription

The computed tomography (CT) images and structure sets of
60 patients were used for this in-silico investigation. All
patients initially signed authorisation forms allowing the use
of their data for further research. All patients presented with
advanced (cT3cNx c¢MO0) adenocarcinoma of the gastroeso-
phageal junction. The gross tumour volume (GTV) was identi-
fied on the extent of the disease using the initial PET/CT
scan, endoscopy report and CT scan. Contouring was per-
formed according to institutional and consensus-based
guidelines [20] on free-breathing planning CT scans. The
entire oesophageal wall, including any disease that extended
through the wall, was contoured as the GTV as well as any
PET/CT-avid or enlarged lymph nodes. The clinical target vol-
ume (CTV) included the peri-oesophageal and mediastinal
lymph nodes as well as the submucosal spread along the
oesophagus (corresponding to a 3-4cm expansion on the
GTV superiorly and inferiorly and a 1.0-1.5cm radial expan-
sion). A planning target volume (PTV) was generated, adding
0.7 cm isotropically to the CTV for consistency with earlier
studies and reporting purposes. The lungs, the whole heart
with its structures (atrial and ventricular left and right cham-
bers and the coronaries), the oesophagus, the liver, the kid-
neys, the spleen, the stomach, the bowels and the spinal
canal were contoured and considered as OARs.

The dose prescription was 41.4Gy (RBE) in 23 daily frac-
tions as in the clinical routine.

For reporting purposes only, all the plans were normalised
to 100% as the mean dose to the PTV; the dose-volume
objectives for the target volumes were: mean dose
41.4 Gy(RBE) to the GTV, CTV and PTV. For the GTV and CTV
a minimum coverage of Vggy,>98%. For the PTV the aims
were used for reporting only and considered useful in case
of plan optimisation done on this structure. The coverage
required for the PTV was Vogy,>90% and Vgs4,>95%. For all
target structures, the near-to-maximum dose D¢, was to be
minimised as much as possible. For the OARs, the planning
aims were: for the lungs: mean dose <12 Gy, V,6,<20%; for
the heart: mean dose <10Gy and V3o6,<10%; for the liver
mean dose <15Gy; for the kidneys mean dose <15Gy and
V06y<32%. For all the other OARs, the aim was to minimise
the dose (mean or near-to-maximum) as much as achievable
without compromising the coverage of the target).

Treatment planning

The Eclipse treatment planning system (Varian Medical
Systems, Palo Alto, USA) with the clinically released version
16.0 was used for all the patients and algorithms.

IMPT plans were created using pencil beam spot scanning
from the ProBeam proton system (Varian Medical Systems,
Palo Alto, USA). The dose distribution was optimised using



the fluence-based nonlinear universal Proton Optimiser
(NUPO) [21]. Spot spacing was 0.425 of the energy-depend-
ent in-air full-width half-maximum spot size at the isocenter.
The multifield simultaneous spot optimisation method was
selected for all plans. The Proton Convolution Superposition
algorithm was used for the final dose calculation with a grid
of 2.5x2.5x25mm> A constant relative biological effect-
iveness (RBE) of 1.1 was applied.

All patients in the study were planned with a class solu-
tion geometry defined by two posterior oblique fields with
gantry angles set to 150° and 220°. Concerning the plan
optimisation, in addition to the dose-volume objectives
needed by the inverse planning engine, the robust optimisa-
tion method was enabled for the CTV to account for setup
and range uncertainties considering £3mm shifts in the iso-
centre along the x-y-z coordinates and +3% in beam range.
The 3 mm shifts are not to be intended as a proton specific
margin to the CTV but the positioning uncertainty of it. The
robust optimisation should result in plans minimising the
trade-offs derived from the applied uncertainties.

The RapidPlan predictive model

The RP knowledge based planning engine consists of three
main subsystems: (i) a model training environment, (ii) a
dose volume histogram (DVH) prediction environment, and
(iii) the generation of personalised dose-volume constraints
for the plan optimisation. The first is devoted to the data
modelling of the plan and patient datasets and the training
of the predictive model for each OAR. The second compo-
nent aims to estimate the dose distribution as the DVH
achievable for a certain new patient, based on the applica-
tion of the predictive model. The third element derives from
the estimated DVH and from a set of customisable rules
associated with the model, the actual dose-volume con-
straints to use for the dose plan optimisation.

For each OAR structure, RP for protons partitions the vol-
umes into three sub-regions: (1) the out-of-field region
where the geometry-based expected dose (GED) is approxi-
mately zero, (2) the in-field region where GED is non-negli-
gible, and there is no overlap with the targets and (3) the
target overlap region is the part of the volume that is also
inside any structure labelled as a target. The regions 1 and 3
are, for different reasons, characterised by little modulation,
and the estimation of the DVH can be modelled with simple
average and standard deviation from the training dataset.
On the contrary, the in-field region is the structure where
high modulation occurs, and fine predictions are needed.
The GED accounts for the position and distribution of an
OAR with respect to the targets and impacts on the achiev-
able dose distributions once a field geometry is defined. The
core of RP is to parametrise the GED and achievable DVH
employing principal component analysis and fit a model
usable for prospective cases [17,18]. An explanatory diagram
of the PCA process is presented in the complementary mate-
rials (Supplementary Figure 1). The model so achieved can
be used then to predict a probable DVH for any prospective
patient and any OAR included in the model itself. Further
details about the model training can be found in [19].
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In parallel to the training of the DVH prediction model,
the RP system associate to a model a set of optimisation
objectives per each of the OARs included. The actual pro-
spective objectives for any new patient will be derived from
the list in the model and adapted to the DVH predictions.
The type of objectives available is upper, mean, generalised
equivalent uniform dose (gEUD) and line-type. For each of
these, the defining parameters (e.g., the volume or dose val-
ues) and the priorities can be set explicitly (generating in
this way a kind of rigid template) or left to the prediction
engine to place them below the inferior limit of the uncer-
tainty band of the estimated DVH (the ‘generate’ mode). The
latter approach allows RP to introduce the maximum of flexi-
bility and individualisation in the optimisation constraints.
Line-type objectives are available in RP-based optimisation to
limit the dose in a given structure for all volume levels with
the same ‘strength’ in each region. Supplementary Figure 2
illustrates the logic of the objectives creation made by RP.

In our study, the mean, upper, geUD and line-type model
generated objectives and priorities were defined as described
in Table 1. The list of objectives included in any model
would be editable (to be fine-tuned or to add/remove objec-
tives) by authorised users and adjustable according to insti-
tutional or protocol related requirements.

The RP model of this study was defined and trained on a
set of manually optimised IMPT plans, similarly to what

Table 1. CTV, PTV and OARs objectives implementation in the
RapidPlan model.
Structure Constraint type Volume Dose Priority
PTV and CTV Upper 0% 101% Generated
Lower 100% 99.0% Generated
Lungs (left/right) Upper 20% Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated
Heart Upper Generated  30.0 Gy(RBE)  Generated
Mean - Generated Generated
Line Generated  Generated Generated
Coronaries Mean - Generated Generated
Line Generated  Generated Generated
Atria (left/right) Mean - Generated Generated
Line Generated  Generated Generated
Ventricle left Upper geUD 2.0 (#) Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated
Ventricle right Mean - Generated Generated
Line Generated  Generated Generated
Oesophagus Upper gEUD 30.0 (#) Generated Generated
line Generated  Generated Generated
Stomach upper 0.1% Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated
Bowel bag Upper 0.1% Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated
Kidneys (left/right) mean - Generated Generated
Line Generated  Generated Generated
Spinal cord upper 0.1% Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated
Liver mean Generated  Generated Generated
Line Generated  Generated Generated
Spleen Upper 1.0% Generated Generated
Mean - Generated Generated
Line Generated  Generated Generated

CTV: clinical target volume; PTV: planning target volume; gEUD: generalised
equivalent uniform dose; (#) the o parameter of gEUD.
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described in [19]. The training was performed on a cohort of
45 patients manually optimised by experienced planners and
assessed according to the dose-volume planning aims of the
study and the principle of dose minimisation to all the struc-
tures while maintaining the target coverage [11]. To be
included in the training set, a plan was carefully scrutinised
by expert planners and clinicians to meet the aims of the
study and to avoid sub-optimality of the dose distributions.
In this manner, the variance present in the patient popula-
tion is primarily due to the presence of varying target vol-
umes (and organs at risk) in the population and not to
deficiencies in the plan quality.

The remaining 15 patients of the investigated cohort, not
used for the model training, were selected for independent
validation tests (open-loop validation). For each patient in
the validation cohort, two plans were designed for manual,
and RP based IMPT. During manual optimisation, all the
dose-volume objectives and the time spent with optimisation
were possibly adjustable while the beam geometry was not
tuneable. On the contrary, in the validation phase, no man-
ual fine-tuning of the generated objectives was performed,
and the optimisation was run in an unattended manner. This
allowed the appraisal of the intrinsic performance of RP; fur-
ther interactive tuning of the parameters might be advisable
(if deemed necessary) in the routine clinical practice.

Quantitative assessment of dose-volume metrics

Quantitative metrics were derived from the DVH and
included the mean dose and a variety of D, and V, parame-
ters with D, representing the minimum dose that covers an
x fraction of volume (in % or cm®) and V, representing the
volume receiving at least an x level of dose (in % or
Gy(RBE)). All parameters could be expressed either in abso-
lute (Gy(RBE) or cm?®) or relative (%) terms. The average DVHs
were computed, for each structure and each cohort, with a
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dose binning resolution of 0.02 Gy(RBE). All the doses in the
study are reported as Gy (RBE), i.e., in Cobalt Grey equivalent
(corrected for the RBE factor).

The Wilcoxon matched-pairs signed-rank test was applied
to evaluate the significance of the observed differences per
each couple of plans. The threshold for statistical significance
was p <.05.

Results

To visualise and quantify the efficacy of the model, the pre-
dicted and achieved mean doses for the various OARs were
compared after full optimisation and dose computation.
Figure 1 shows the scatter plot of this investigation and
includes both the training (circles) and the validation (trian-
gles) sets. The linear regression fit parameters, with a regres-
sion coefficient of 0954 and 0956, respectively,
demonstrated how precisely the predicted doses correspond
to the achieved values.

To provide a glance to the inter-patient variability of the
training cohort, the distribution of the DVH for the primary
OARs is visualised in Supplementary Figure 3 in the comple-
mentary materials, similar trends were observed for the
remaining OARs not shown for space reasons. For some
structures, the distribution of the DVH shown in that figure
presented a wider range (e.g., for the stomach or the spleen)
compared to, e.g., the heart or the lungs. This variability in
the plans used for the training was not due to sub-optimality
of the chosen plans but due to different organ’s filling as
well as due to the different position of the organ to the tar-
get volumes.

Figure 2 shows the average DVHs for the manual and RP
based IMPT plans for the target volumes and the various
OARs for the validation cohort. From a qualitative perspec-

tive, the RP reproduced the manual plans in a very
-
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Figure 1. Scatter plot of the predicted versus achieved mean doses for the various OARs. The graphs include both training (squares) and validation (triangles) sets.
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Figure 2. Average dose-volume histograms (solid lines) and one standard deviation range (dotted lines) for the entire validation cohort for all the techniques for
the gross tumour volume (GTV), the clinical and planning target volumes (CTV and PTV) and the main organs at risk. Data are shown for the manually optimised
intensity-modulated proton therapy plans (IMPT) and the plans optimised with RapidPlan (IMPT_RP).

consistent manner without the presence of any significant
deviation between the two datasets.

Tables 2 and 3 summarise the quantitative analysis of the
dose-volume metrics derived from the individual DVH from
each patient. The data are reported as mean values for the
manual plans (for the training and validation groups) and
the RP-based automated plans in the open-loop experiment
(validation set only). The clinical planning goals are reported
for each parameter; the interpatient variance is reported as
one standard deviation of the mean. The statistical signifi-
cance is reported only if <0.1 and for the validation set only.
As anticipated from the qualitative graphs, no clinically
remarkable difference was measured among the three sets
of plans.

Discussion

In this report, we summarised the results of the training and
validation of an RP knowledge-based model applied to IMPT
planning for locally advanced carcinoma of the gastroeso-
phageal junction. The potential benefits of PBT for oesopha-
geal cancer have already been presented in several
publications [6-10]. This study aimed to expand the evidence
about the potential role of RP in PBT proton therapy plan-
ning for cancer of the gastroesophageal junction after earlier

investigations pioneered its use for head and neck or liver
cancer [17-19]. No comparison was reported in the current
study for photon-based volumetric modulated arc therapy
since this topic was addressed in the earlier investigation
[11] and the IMPT plans demonstrated to outperform pho-
tons in many metrics.

The use of RP for PBT can bring several advantages. One
of the most important is the improvement of planning
effectiveness with more consistent results among different
planners and patients. This can be particularly important in
everyday clinical practice and the planning of IMPT if the
tumour entity to be treated presents a challenge in terms of
sparing the surrounding organs due to its anatomical loca-
tion. Concerning this aspect, the selected patient and tumour
collective is especially well suited to this question. Due to
the anatomic location of the oesophagus within proximity to
several organs at risk, the irradiation of such carcinomas is
potentially challenging. However, the data of this study
showed that the tolerance levels applied were achievable
(Table 3).

One of the scopes of the use of RP is to improve the har-
monisation of the plan quality in a cohort of patients and to
partially automate the process of the optimisation. Both
objectives were met as suggested by the results. The first is
confirmed, e.g., by the small inter-patient variance of the
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Table 2. Summary of the planning objectives and average results (uncertainty expressed as 1 standard deviation) for the gross target
volume (GTV), the clinical target volume (CTV) and for the planning target volume (PTV).

Objective IMPT (training set) IMPT (validation set) IMPT_RP (validation set) p
GTV
Mean [Gy(RBE)] 414 41.5+0.3 41.5+0.1 414+0.1 .07
D19 [GY(RBE)] Minimise 426+0.6 426+04 425+04 -
Vg [%] >98 989+1.6 984+£19 99.1x1.1 .03
cv
Mean [Gy(RBE)] 414 41.5+0.1 41.5+0.1 41.4+0.1 -
D19 [GY(RBE)] Minimise 428+0.6 43.0+0.5 428+04 -
Vg [%] >98 98.2+1.5 97219 98.7+ 1.1 .02
PTV
Mean [Gy(RBE)] 414 414+0.0 414+0.0 414+0.0 -
D19 [GY(RBE)] Minimise 43.1+0.6 435+04 433+0.3 1
Vg [%] >90 91.5+34 89.3+29 914+2.2 .05
Voso, [%] >95 97.7+14 96.4+2.0 97.5+0.9 1
HI [%] Minimise 56+18 6.3+2.2 59+1.2 .01

Data are reported for the manual plans in both the training and validation sets (IMPT) and for the RP-based plans (IMPT_RP) in the valid-
ation set. The statistical significance is between manual and RP based plans in the validation dataset.

GTV: gross tumour volume; CTV: clinical target volume; PTV: planning target volume. D, dose received by x volume; V,: volume receiving
x dose; HI: homogeneity index; IMPT: intensity modulated proton therapy; IMPT_RP: intensity modulated proton therapy with RadidPlan.

p: Statistical significance.

Table 3. Summary of the planning objectives and average results (uncertainty expressed as 1 standard deviation) for the main organs at

risk investigated in the study).

Objective IMPT (training set) IMPT (validation set) IMPT_RP (validation set) p
Lungs
Mean [Gy(RBE)] <12 30+13 3.1x1.2 3.1+£13 -
Vaoay [%] <20 59+35 56+2.7 57+28 -
Whole heart
Mean [Gy(RBE)] < 47+20 48+1.0 46+1.5 -
V3oay <10 6.4+3.0 69+18 6.6+26 -
Left ventricle
Mean [Gy(RBE)] Mimimise 27+21 27+1.0 26+1.2 -
Do.1 em3os [GY(RBE)] Mimimise 38.9+6.9 403+34 39.7+43 .06
Left anterior descending artery
Mean [Gy(RBE)] Mimimise 0.1+0.2 0.1+0.1 0.1+0.1 -
Do.1cm3 [GY(RBE)] Mimimise 02+03 0.2+03 0.2+03 -
Liver
Mean <15 38+1.7 34x13 3615 06
Left kidney
Mean [Gy(RBE)] <15 26+24 22%22 22x25 1
Vaoay [%] <32 39+59 23+28 20+34 -
Right kidney
Mean [Gy(RBE)] <15 1.1+£0.8 0.7x0.7 09+1.2 -
Vaoey [%] <32 03+0.7 02x03 0510 -
Stomach
Mean [Gy(RBE)] Mimimise 15.6+7.6 15.6+7.6 15.4+8.4 -
D19, [GY(RBE)] Mimimise 41.0+£8.2 424+09 42.6+0.7 .03
D1cms [GY(RBE)] Mimimise 423+84 429+1.1 433+0.8 N
Spleen
Mean [Gy(RBE)] Mimimise 5.1+34 54+1.2 56+3.9 -
D19, [GY(RBE)] Mimimise 242+9.8 264+94 255+11.7 -
Bowels
Mean [Gy(RBE)] Mimimise 09. +1.0 0.5+0.6 0.7+0.9 .02
D19, [Gy(RBE)] Mimimise 11.0£12.0 7072 9.1£11.0 .01
Dicms [Gy(RBE)] 154+13.7 16.9+9.1 189+ 14.4 02
Spinal canal
D19, [GY(RBE)] Mimimise 234+3.7 229+3.2 22.7+3.1 -
Do.1 cm3% [GY(RBE)] Mimimise 25.1+£35 240+2.8 243+29 -

Data are reported for the manual plans in both the training and validation sets (IMPT) and for the RP-based plans (IMPT_RP) in the valid-
ation set. The statistical significance between manual and RP based plans in the validation dataset. D,. dose received by x volume; V,: vol-
ume receiving x dose; IMPT: intensity modulated proton therapy; IMPT_RP: intensity modulated proton therapy with RadidPlan. p: Statistical

significance.

dose-volume metrics and the high correlation between pre-
dicted and achieved doses. The second is confirmed by the
fact that the RP based plans were optimised and computed
in an entirely unattended manner (while manual planning
required interactive trial and error to set the appropriate
ideal objectives) with highly consistent results. As a caveat,

we shall note that the harmonisation aim is somehow prone
to the characteristics of the population under investigation.
Significant variations of the target volumes among the
patients, and, similarly, in the geometrical relation between
targets and OARs can have an impact on the plan quality
harmonisation power of the automated process.



Concerning the performance of the RP prediction engine,
the data of the study showed a mild tendency of higher
achieved mean doses compared to the predicted (Figure 1).

This result suggests that some fine-tuning of either the
optimisation priorities or of the dose-volume constraints
should be done interactively for some patients to reduce this
discrepancy. Otherwise, the definition of stronger priorities
for the OARs should be implemented in the algorithm for a
completely un-attended usage. From the other side, this
finding is a direct consequence of the study design aiming
to investigate the performance of the RP model when exe-
cuted in an entirely un-attended manner. Since, generally
speaking, the RP engine as per its design, does not pretend
to achieve the absolute best plans (e.g., the generated con-
straints line are located slightly below the one standard devi-
ation uncertainty band of the predicted DVH as shown in
Supplementary Figure 2) the performance of the system
could be improved with some additional tool. One solution
might be given by the use of post-optimisation multi-criteria
tuning of the plans which could facilitate the balance
between competing objectives. In summary, the observed
modest defect in performance might be mitigated with
either stronger priority or with additional tunings.

For the study, the multi-field optimisation approach was
adopted. It is essential to clarify that RP is somehow agnostic
to the optimisation engine and delivery approach chosen,
provided that this is based on inverse planning. For this rea-
son, RP could also apply to single field optimisation with a
uniform dose (SFO or SFUD). SFO could be a reasonable
approach in the case of oesophageal cancer given the
tumour localisation and the dose prescription and con-
straints. It could be seen as a valuable alternative to robust
optimisation in the presence of organ motion. We opted not
to include SFO in the present study to keep the focus on the
role of RP rather than adding a second layer of comparison
between IMPT and SFO which might be the scope of further
investigations. For a proper use, RP model should be trained
and used prospectively on a consistent choice of technique.

As a caveat, we shall mention that the plans in the study
were all normalised to the mean dose to the PTV. Although
this is not entirely appropriate when robust optimisation is
applied (in this case normalisation should be applied to the
CTV), the decision was made based on (i) the difference in
scaling between CTV and PTV is marginal (Table 2); (ii) RP is
agnostic to the origin of the training and to the methods
applied for the prospective plans (i.e., if optimised with
robust methods or not) and (iii) we opted to leave open the
option (not advisable) to use the model also without robust
optimisation. In such a case, the inclusion of PTV would have
been necessary. Finally, normalisation to the PTV might facili-
tate comparison with earlier literature and with eventual
data from photon therapy.

Some further limiting factors in the study should be con-
sidered. In the first instance, the relatively small size of the
training cohort might impact on the predictive power for
some of the organs at risk, given the large variance in the
distribution of the DVH data (Figure 1). This variance was
anyhow related to the presence of variable targets in the
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training population, reflecting the reality of the clinical
domain and not due to suboptimality of the plans chosen
for the training which were carefully scrutinised before their
selection. Relatively to the sample size, the RP system
requires only a minimum of 20 entries to train the model on
any given organ at risk. Nevertheless, the good predictive
power of the model was demonstrated in the comparison
between the predicted and achieved doses illustrated in
Figure 1.

Secondly, the scope of the model was kept intentionally
‘narrow’, i.e., limited to advanced cancer in the gastroesopha-
geal junction. The training of a broad scope model, inclusive
of the middle and upper tracts of the oesophagus might be
advisable. Still, it would require a substantially larger cohort
to properly sample all the anatomical structures and condi-
tions. Further investigation in this direction is envisaged.

The selection of the gastroesophageal junction district
also influenced the choice of the beam arrangement with
two posterior oblique fields. While this arrangement is ana-
tomically natural, no investigation was performed to appraise
the potential benefit derived from some fine-tuning of the
beam angles. In the earlier study for liver [19], we demon-
strated the minor role played by small variations in the
beam arrangement. Significant deviations in the gantry angle
from what used in the model training would induce, at least,
sub-optimality in the plan optimisation. This because the RP
modelling relies primarily on the relation between beam
geometry and target-OARs positions. If a broader scope
model would be considered, possibly substantially different
beam directions might be selected (e.g., with anterior-
oblique incidence) and this would require a further increase
of the training set to account for all the contributing factors.

Another factor to be considered with care is the uncer-
tainty associated with the segmentation of some of the
organs at risk involved in the treatment. In particular, all the
heart structures are hard to segment due to image quality
and motion artefacts. In contrast, the abdominal structures
like the stomach or the bowels are affected by a vast (daily)
variation due to different filling conditions and internal
organs movement. This problem was not directly addressed
in the study, and the model training was performed under
the assumption that a proper segmentation of the structures
was performed. The performance of RP on planning CT data-
sets was therefore assessed as the primary scope of the
study. The management of daily variations would fall in the
broad area of motion control and of treatment adaptation
which is fundamental but is independent of the use of auto-
mated planning tools like RP. In fact, RP is agnostic also to
the motion management mitigation strategy applied and, in
the frame of a comparative assessment between manual and
automated planning, the relevant fact is to adopt the same
strategy (if any) in both cases. This was done in the study
with the same robust optimisation method. Concerning
motion management, appropriate 4 D delivery methods such
as breath-hold or gating for the respiratory induced and/or
abdominal compression should be considered; more sophisti-
cated approaches (like rescanning) could further mitigate the
interplay problems due to organs motion while only plan
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adaptation could account for substantial anatomical changes.
As mentioned above, SFO could be a valuable alternative in
terms of robustness and the mitigation of inter-play effects.
As an example, Mondlane [22] showed that SFO, using beam
specific PTVs, along with robust optimisation methods could
bring about a potentially relevant reduction in the probabil-
ity of normal tissue complication (for the kidneys) in patients
with gastric cancer. The investigation of the entire motion
management arena is fundamental before clinical adoption
of PBT, but it is not directly impacting on the use of auto-
mated optimisation engines like RP. As a first-order mitiga-
tion approach, the study implemented the concept of robust
optimisation, applied to the CTV, with both range and posi-
tioning uncertainties accounted for. Robustly optimised plans
were used as input to the model training.

Conclusion

A narrow-scope knowledge-based RP model was trained and
validated for IMPT planning in locally advanced cancers of
the gastroesophageal junction. The results demonstrate that
RP can create models for effective IMPT. The results showed
the equivalence between manual interactive and unattended
RP-based optimisation. Furthermore, our presented data
revealed a high correlation between predicted and achieved
doses in support of the valuable predictive power of the
RP method.
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