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Objective: Scenario-based evaluation in proton therapy often relies on a small number of error scenarios, leading
to limited insight into the DVH values under uncertainty and suboptimal trade-offs. In this study, we investigated
if re-optimization based on probabilistic evaluation improves the trade-off between OAR sparing and target
coverage in neuro-oncological patients.

Materials and methods: 22 neuro-oncological patients were included. 18 met their original target goals (group A),
while in 4, target coverage was compromised to spare OARs (group B).

The probabilistic goal for the CTV was calibrated to be consistent with PTV-based photon plans, resulting in
Dgg.g%,cTv = 0.95Dpres With a 90 % confidence level. The probabilistic OAR constraints were set to meet the
clinical constraints with a 95 % confidence level.

For both groups, the clinical plans were re-optimized, keeping the clinical objectives and constraints, but
reducing robustness for the CTV objective (group A) to meet the probabilistic goal, or for the dose-limiting OAR
objectives (group B) without exceeding the constraints.

For the original and re-optimized plans, polynomial chaos expansion was applied to simulate 10,000 fractionated
treatments, deriving probability distributions for relevant DVH parameters.

Results: For group A, re-optimization resulted in a population median decrease of 8.2 (range: 0.4-20.8) Gy RBE in
the total OAR-related clinical goal values.

For group B, re-optimization resulted in a population median increase of 2.7 (range: 1.3-6.8) Gy RBE in the
Dogg go,crv- The population median Vgsy, cry improved from 97.4 % to 99.1 %.

Conclusion: We demonstrated that probabilistic evaluation guided IMPT planning enables either OAR sparing or
target coverage enhancement.

Introduction Margin-based approaches are not applicable to intensity-modulated

proton therapy (IMPT) with pencil-beam scanning (PBS). This is

In radiotherapy, mitigating the impact of uncertainties, such as
anatomical changes, patient positioning and beam (setup) errors, is
crucial. In photon therapy, this is achieved through the planning target
volume (PTV), generated as an expansion margin around the clinical
target volume (CTV). This approach works because the shape of photon
dose distributions is largely unaffected by setup errors, a principle
known as the static dose cloud approximation [1].

caused by highly modulated beam doses with steep gradients, combined
with the medium-dependence of the proton stopping power and the
stopping-power prediction (range) error [2-4]. While range-adapted
PTVs are applied for evaluation and optimization in proton therapy
with passive scattering [5,6], more advanced scenario-based evaluation
and optimization strategies [7,8] are used in IMPT.

International consensus on scenario-based evaluation is lacking,
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leading to variability across different centers [9]. Common practices
include the simulation of a set of error scenarios based on systematic
setup and range errors, with magnitudes calibrated according to the
specific protocols of individual centers [8]. For visualization, the dose-
volume histograms (DVH) and the DVH parameters belonging to the
clinical goals are often presented for the different error scenarios [8,10].

In the Netherlands, scenario-based evaluation has been standardized
among the three proton centers, involving the voxel-wise minimum
(VWmin) and maximum (VWmax) dose distributions to assess CTV and
OAR dose respectively [11]. This approach is based on 28 error scenarios
and has been calibrated to maintain consistency with PTV-based eval-
uation in photon therapy [11].

However, such scenario-based evaluation methods involve only a
small number of error scenarios and, therefore, do not provide a sta-
tistically robust framework to obtain insight into the DVH parameter
values under uncertainty. This is exemplified by the VWmin/VWmax
dose distributions, which are virtual and do not represent real dose
distributions in any actual physical error scenario. This introduces two
key limitations in clinical practice:

1. High inter-patient variation: While VWmin and VWmax DVH
parameter values may be consistent across different patients, there is
often significant variability in actual DVH parameter values under
uncertainty [12]. In earlier work in a neuro-oncological patient
group we found that despite all patients receiving the exact same
VWmin Dogy, cTv value, the 10th percentile of the probability dis-
tribution of the Dogy, crv ranged from 0.956Dpes to 0.973Dpyres across
patients [13].

2. Suboptimal trade-offs: We hypothesize that for patients with trade-
offs between achieving tumor coverage and OAR sparing, the ability
to effectively balance these goals may be compromised due to limited
insight into the DVH parameter values under uncertainty.

Probabilistic evaluation, based on a large number of error scenarios
[14-171, may resolve these limitations. The fast simulation of numerous
error scenarios has recently been enabled by advancements in algo-
rithms, such as GPU-based Monte Carlo calculations [18,19] and Poly-
nomial Chaos Expansion (PCE) [20]. Until now, probabilistic evaluation
has primarily served as a gold standard in research for analyzing current
clinical methods [12,21-24]. However, the potential clinical benefits of
re-optimization based on probabilistic evaluation are yet unexplored.

In this paper, we aim to re-optimize clinical plans based on proba-
bilistic evaluation and assess whether it leads to a reduction in OAR
doses or improved target coverage in cases in which this was originally
sacrificed. We investigate our approach in a cohort of recently treated
neuro-oncological patients.

Materials and methods
Clinical plan creation and evaluation

The clinical plans of 22 neuro-oncological patients treated at Hol-
landPTC in 2023 were included. Prescribed doses (Dpes) were 50.4 Gy
RBE (16/22) or 59.4 Gy RBE (6/22), delivered in 1.8 Gy RBE fractions.
All plans were created in RayStation 10b using the clinical beam model
and the Monte Carlo (MC) dose engine with a MC uncertainty of 1 %.

All clinical plans were generated using a single-field optimization
IMPT (SFO-IMPT) approach using two or three beams. Robustness
against setup and range errors was aimed for through minimax opti-
mization based on 21 error scenarios. The 21 error scenarios were
formed by a combination of a +3 mm setup error [25] in each of three
principal directions and a stopping-power prediction (range) error of —3
%, 0 %, or +3 %. The CTV objectives and critical OAR constraints were
set to ‘robust’, guiding the optimizer to achieve the desired outcomes
across all error scenarios.

The clinical plans were evaluated based on 28 error scenarios [11].
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These error scenarios included 14 setup error combinations with di-
rections determined by the 6 faces and 8 vertices of a cube, all
normalized to 3 mm. The setup errors were combined with range errors
of —3 % or 3 %. CTV dose was evaluated using the VWmin dose distri-
bution of the 28 error scenarios, with the clinical goal being VWmin
Dogo,cTv = 0.95Dpres. The doses to the brainstem and optic system were
evaluated using the VWmax dose distribution of the 28 error scenarios.

Out of the 22 plans, 18 met the clinical robustness criteria for the
CTV (group A). In the remaining 4 cases, CTV coverage was compro-
mised to spare the brainstem or the optic system (group B).

Polynomial chaos expansion (PCE)

PCE was used to determine the dose distribution under varying error
scenarios [20]. The dose D; to each voxel is dependent on a setup error

? = (gx, &, fz) and a relative range error p and was approximated by

the analytical series expansion D; <?,/)> = Zﬁzoai.k‘{'k (?,p), with
expansion coefficients a;; and multi-dimensional Hermite polynomials
¥y <?, p). These coefficients were determined through linear regression
using 208 input-output combinations, where the input was an error
scenario (? p) and the output was the corresponding dose D; (? p) for

each voxel i calculated within the treatment planning system (TPS) with
a MC uncertainty of 1 % [20], assuming Gaussian distributions. PCE was
previously validated for this application in [20].

Probabilistic evaluation

For every clinical plan, PCE was used to simulate 10,000 fractionated
treatments. For every treatment, a systematic setup error £ (mean: 0.00
mm, SD: 0.92 mm) and a range error p (mean: 1.2 %, SD: 1 %) were
randomly sampled from their Gaussian distribution. The 1.2 % range
error mean accounts for the CT-to-proton stopping-power prediction
(SPP) underestimation based on the Gammex 467 phantom calibration
[26]. Additionally, a randomly sampled random setup error ¢ (mean:
0.00 mm, SD: 1.00 mm, also Gaussian) was applied to each fraction. The
means and standard deviations for the uncertainties were chosen to
align with the 3 mm margin M according to Van Herk’s margin recipe:
M = 2.5% + 0.70[25], leading to values close to the ones measured in a
head & neck cohort of our center [21] Fig. 1 illustrates both the current
clinical evaluation method and the probabilistic evaluation method.

Determining the probabilistic clinical goals

The probabilistic goal for the CTV was calibrated based on the pre-
scription: Dogy, cTv = 0.94Dpres, ensuring consistency with photon plans
according to [11]. Since the clinical plans were originally based on the
slightly more conservative prescription of VWmin Dog, crv = 0.95Dpres,
all dose distributions were scaled to exactly meet VWmin Dogy, cTy =
0.94Dp;es before calibration. After scaling, the probability distribution of
the volume that receives 95 % of Dyes (Vosg, cTv) Was generated for each
patient using PCE. For each patient, the 10th percentile of this distri-
bution was identified, representing the volume receiving at least
0.95Dpes with @ 90 % probability [Supplementary Material 1]. To
finalize the calibration, the median of these 10th percentile values
across all patients was calculated to define the probabilistic Vgse, cTv
goal for this group. We found a median 10th percentile Vgso, cTv value of
99.8 % across all patients. This results in the probabilistic goal: Dgg g,
ctv = 0.95Dpes with a 90 % probability. The probabilistic OAR con-
straints were based on meeting the constraints of the EPTN guidelines
[27] with a 95 % probability, considered reasonable from a clinical
perspective.
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Fig. 1. Visualization of the difference between the clinical evaluation method and the probabilistic evaluation method. The clinical method is based on 28 scenarios
and the corresponding VWmin dose distribution that is formed by taking the overall lowest values across all distributions for every voxel. The probabilistic method is
based on 10,000 scenarios that allow us to create the full probability distributions of dosimetric outcomes. The turquoise shaded lower tail of the probability dis-
tribution corresponds to 10 % of the sampled scenarios with the lowest Dgg gy, cTv values. The choice of the Dgg gy, crv as the DVH parameter for probabilistic
evaluation is explained in the Methods section under ‘Determining the probabilistic clinical goals’.

Re-optimization of clinical plans based on probabilistic evaluation

Re-optimization based on probabilistic evaluation consisted of two
steps: (i) re-optimization in RayStation and (ii) scaling. During re-
optimization in RayStation (i), robustness was deliberately reduced for
either the CTV (group A) or the dose-limiting OARs (group B) to
approach the newly set probabilistic CTV goal and OAR constraints
(Fig. 2, step 1). Normally, robust optimization requires that the CTV and
critical OAR objectives are satisfied across all 21 error scenarios. How-
ever, for the re-optimization step, these error scenarios were excluded
from the optimization process. As a result, the optimizer focused solely
on achieving the optimization objectives under nominal conditions for
the CTV (group A) or the dose-limiting OARs (group B), without ac-
counting for setup or range uncertainties. The original pencil-beam
energies and positions were retained, preserving some degree of
robustness. Re-optimization was done through 180 iterations, found to
be sufficient to reach convergence.

After re-optimization in RayStation, dose scaling (ii) ensured that the
probabilistic goal for the CTV was achieved exactly. For group B, if the
target dose could still be increased without exceeding the probabilistic
OAR constraints, upwards scaling of the dose was applied until either
the probabilistic CTV goal was met or one of the probabilistic OAR
constraints was reached (Fig. 2, step 2). If probabilistic OAR constraints
were exceeded after re-optimization, downwards scaling of the dose was
applied to ensure that none of the OAR constraints were surpassed.

To evaluate the value of re-optimization, we also created plans where
scaling alone was used to meet the newly set probabilistic CTV goal and
OAR constraints.

Comparison of clinical and re-optimized plans
For every patient, a probabilistic evaluation was conducted for both

the clinical plan and the re-optimized plan. The comparison was based
on the DVH parameters belonging to the clinical goals used in clinical

practice [Supplementary Material 2]. For DVH parameters belonging to
the CTV, the 10th percentile values were selected, while for the OAR-
related DVH parameters, the 95th percentile values were selected. The
difference between the clinical plan value and the re-optimized plan
value was determined for every DVH parameter. Additionally, the total
difference was evaluated by summing the differences across all OAR-
related DVH parameters.

Results

For group A, the median decrease for the sum of all OAR-related DVH
parameters listed in Fig. 3 was 8.2 (range: 0.4-20.8) Gy RBE, with in-
dividual patient reductions up to 20.8 Gy RBE (Table 1). Scale factors
applied after re-optimization had a median of 1.00 (range: 0.97-1.03).
Scaling alone resulted in a median decrease of 2.8 Gy RBE for the sum of
all OAR-related DVH parameters, which is 5.4 Gy RBE lower than the
reduction found after re-optimization and scaling. This can be explained
by the fact that re-optimization not only shifts the probability density
functions (PDF) but also alters the shape, offering more optimization
space [Supplementary Material 3].

Dose reductions were particularly achieved for the brainstem and
optic system (Fig. 4). Specifically, for the Do g3cc Brainstem_core and the
Do.03cc,Brainstem_surf Féductions up to 3.3 and 3.5 Gy RBE were achieved.
The Do.03cc,0pticNrv L, the Do.o3cc,0opticNrv R and  the Do.o3cc,0pticChiasm
showed reductions up to 4.6, 3.6 and 3.6 Gy RBE, respectively. A few
cases had slight increases in individual DVH parameters, but none
exceeded clinical constraints. The Dgg go, cTv decreased with a median of
1.1 (range: 0.3-1.9) Gy RBE without compromising clinical goal
achievement.

In the original plan, the Dgggy,crv ranged from 0.956Dpres to
0.988Dyres, whereas re-optimization eliminated all interpatient variation
in the Dgg gy, crv [Supplementary material 4].

For group B, re-optimization resulted in a mean increase of 2.7
(range: 1.3-6.8) Gy RBE in the Dgg gy crv (Fig. 4). The population
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Fig. 2. Visualization of the re-optimization method for the clinically robust patients (group A) and the patients in which target coverage was originally sacrificed
(group B). For group A, the first plot represents the original clinical plan, where the probability distribution of the CTV dose shows a clear gap between its 10th
percentile value and the probabilistic goal, indicating that there is space to decrease this value. The second plot presents the results after re-optimization. The final
plot presents the results after fine-tuning with scaling. For group B, the plots illustrate the change of the probability distribution for the DVH parameter associated
with the OAR that prevents the CTV from receiving the prescribed dose. The first plot represents the original clinical plan, where the probability distribution shows a
clear gap between the 95th percentile of the curve and the probabilistic constraint, indicating that there is space to increase the OAR (and CTV) dose value. The
second plot presents the results after re-optimization. The final plot presents the results after fine-tuning with scaling to ensure that the 95th percentile of the DVH

parameter is precisely aligned with the probabilistic constraint.

median of the Vgs, cTv improved from 97.4 % to 99.1 %. For patient 21,
the probabilistic clinical goal for the CTV was achieved after re-
optimization. Additionally, the dose limiting OARs experienced an
average increase of 1.4 (range: —0.2-6.9) Gy RBE without exceeding the
clinical constraints.

The DVH parameter values for the OARs that were not dose-limiting
showed a change of -4.4 to 1.4 (median: 0.0) Gy RBE.

Fig. 5 presents examples of the nominal dose distribution and DVH
curves for a representative patient from both groups.

Discussion

In this paper, we aimed to evaluate the impact of re-optimization

based on probabilistic evaluation to determine whether it improves
the trade-off between OAR sparing and target coverage in neuro-
oncological patients.

Our main findings are that integrating re-optimization based on
probabilistic evaluation increases OAR sparing or improves target
coverage when originally sacrificed. Additionally, we observed a large
reduction in interpatient variation in the probabilistic Dgg gy, cTv,
highlighting the potential for more consistent dosimetric outcomes
across the patient population.

We found a population-based median Vgse, ctv of 99.8 % for our
neuro-oncological cohort, in agreement with the value found in a pre-
vious cross-calibration of IMPT and VMAT plans for head-and-neck
cancer [21]. The fact that dose should be prescribed to a larger
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Fig. 3. Results for group A. The boxplots illustrate the differences between the original clinical values and the values after re-optimization for all DVH parameters
associated with the clinical goals used in treatment plan evaluation. For DVH parameters belonging to the CTV, the 10th percentile values of their probability
distributions were selected, while for the OAR-related DVH parameters, the 95th percentile values of their probability distributions were selected. The upper and
lower edges of the box represent the 0.75 and 0.25 quantiles. The whiskers correspond to the most extreme data points that are still within 1.5 times the interquartile
distance from the upper and lower edges of the box. All values beyond this range are considered outliers and are shown as individual data points.

Table 1

Total reduction in summed values of all DVH parameters associated with clinical
goals used in treatment plan evaluation after re-optimization based on D99.8%,
CTV = 0.95Dpres with a 90 % probability. For every DVH parameter, the 95th
percentile value of it probability distribution was selected.

Patient Total OAR dose reduction (Gy RBE) Scale factor
1 -5.3 0.997
2 -2.8 1.008
3 -7.4 0.986
4 -19.3 1.009
5 -8.9 1.018
6 -12.2 1.019
7 -17.7 0.981
8 -0.9 0.970
9 -10.5 0.996
10 -5.8 1.001
11 -3.4 1.018
12 —20.3 0.986
13 -20.8 1.033
14 -0.4 0.990
15 —-19.0 0.994
16 -0.6 0.985
17 -0.8 0.988
18 -12.5 1.003
Median -8.2 0.997

percentage of the CTV volume rather than 98 % for consistency with
photons can be expected, reflecting that the CTV is a subvolume of the
PTV.

The results of this study demonstrate that it was possible to reduce
OAR dose in all patients of group A while still achieving the probabilistic
CTV goal with a 90 % probability. This finding can be explained by our
current planning approach based on VWmin Dogy,crv = 0.95Dpres,
which is conservative compared to [11]. However, the magnitude of
OAR dose reduction varied among patients. One important contributor
to this variability was the variation in the Dgg gy, cTv values of the
original clinical plans, which affected the potential for dose reduction.

Additionally, our study showed that CTV coverage could be
improved when it was initially compromised. This can be attributed to
the VWmax method predicting OAR dose values close to the clinical
constraints, while in reality, with a 95 % probability, these values were
lower, consistent with findings from previous research [12].

Another observation is that re-optimization based on probabilistic
evaluation removed interpatient variation in the Dgg gy, cTv, reflecting
its ability to directly evaluate any DVH parameter. In the original clin-
ical plans, interpatient variation in the Dgg gy, crv Was substantial. This
finding is not surprising, as the VWmin Doggy, cTy does not directly
measure the dose delivered to the ‘worst’ two percent of the CTV.
Consequently, this leads to large variability in Dgg gy, crv values despite
similar VWmin Dggy, crv values.

For this study, we limited ourselves to re-optimization of clinical
plans, retaining the spot selection and optimization objectives and
constraints. Further gains may be realized by optimizing from scratch,
which would allow for the selection of different spots and increase the
optimization space.

Furthermore, the values for the standard deviations of the systematic
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Fig. 4. Results for group B. The plots illustrate the differences between the original values and the values after re-optimization for the Dgg go, cTv and the OARs that
were the reason that target coverage was sacrificed in the original clinical plan. For the DVH parameter belonging to the CTV, the 10th percentile value of its
probability distribution was selected, while for the OAR-related DVH parameters, the 95th percentile values of their probability distributions were selected. For
patient 21 we were able to meet the probabilistic goal for the CTV with a 90 % probability. For all other patients, one of the probabilistic OAR constraints was the

limiting factor.

and random errors in the probabilistic evaluation were chosen to align
with a 3 mm margin based on van Herk’s margin recipe, to ensure
consistency between the clinical plans and the re-optimized plans.
However, we know that the standard deviations at our center are slightly
smaller in reality [22], which would make achieving plan robustness
easier and provide additional optimization space. Nevertheless, there
are also factors that could decrease the optimization space. For the
probabilistic OAR constraints, we ensured that DVH parameters did not
exceed the clinical constraints with 95 % probability, but stricter
adherence may be necessary for critical OARs. Individualized trade-offs
for each patient could further enhance the approach.

For the calibration of the CTV goal, we scaled all plans to VWmin
Dogys,cTv = 0.94Dpres, which is consistent with photon plans as outlined
in [11]. However, since our calibration was based on this previous
calibration rather than directly incorporating photon plans in our
research, this increases the potential for inaccuracies.

In addition, there is a discrepancy between the +3 % range errors
used in standard clinical robust optimization and the values suggested in
literature (mean = 1.2 %, SD = 1 %) [26]. The £3 % values were

originally chosen due to limited knowledge of actual range uncertainties
at the time. These values should be reconsidered to better align clinical
robust optimization with our improved understanding of range uncer-
tainty in neuro-oncological patients.

While our study focused exclusively on setup and range un-
certainties, considered most important for the neuro-oncological treat-
ment site, other sources of uncertainty, such as anatomical changes,
rotations and LET, also affect IMPT treatment planning [28]. Future
research is needed on how to incorporate these additional sources of
uncertainty.

Finally, in this study, we evaluated the probabilities of meeting CTV
and OAR constraints independently. This approach does not take into
account the joint probability of meeting a combination of constraints,
which may be as low as the product of the individual probabilities.

Before probabilistic evaluation can be implemented into clinical
practice, several steps are needed. First, it is crucial to research what
probabilistic evaluation metrics clinicians need to effectively use the
large number of dose distributions for clinical decision-making.

Second, the trade-off between statistical robustness and evaluation
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Fig. 5. The nominal dose distributions and DVH curves for both the clinical and re-optimized plans of patient 14 (Group A) and 21 (Group B), as representative
examples. For Patient 14, re-optimization resulted in improved dose conformity to the tumor, with a reduction in the dose to the brainstem and optic system. For
Patient 21, re-optimization improved target coverage at the expense of an increased dose to the hypothalamus and the optic system. The full probability distributions
of the Dgg gy, cTv for patient 14 and the dose-limiting OAR-related DVH parameters for patient 21 before and after re-optimization can be found in Supplementary

Material 3.

time must be explored. The method used in this study had an average
computation time of 236 min, in contrast to the average computation
time of 13 min for the method currently employed in clinical practice.
Research is needed to determine if faster methods can provide statisti-
cally reliable results for clinical use.

Third, further insight is needed into how optimization settings
impact probabilistic evaluation outcomes. The re-optimization approach
used in this study worked well for our patient cohort due to the inherent
robustness of the initial plans. However, this method may not be uni-
versally applicable, as planning techniques vary between centers. A
study on re-optimization based on probabilistic evaluation using the
optimization techniques employed in clinical practice could provide
valuable insights. Future research should also focus on the feasibility of
probabilistic optimization methods which directly incorporate proba-
bilistic objectives.

Finally, future work could include validation of the probabilistic
approach by analyzing the achievement of clinical goals on control CTs
acquired during treatment, to assess how well the re-optimized plans
perform under actual uncertainties.

In conclusion, to the best of our knowledge, this study is the first to
quantify the gains of probabilistic evaluation guided IMPT planning. Re-

optimization based on probabilistic evaluation enables either an in-
crease in OAR sparing or enhancement of target coverage by effectively
advancing personalized treatment planning.
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