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Abstract

Background and purpose: The variable RBE of protons could be strategically harnessed by confining high RBE to the tumor by
optimizing the LET distribution, which has been shown to strongly correlate with RBE and does not contain the uncertainties
associated with variable RBE models. However, increasing target LET compromises target dose robustness against setup and
range uncertainties, as LET rises sharply past the Bragg peak, where the dose gradient is steep. Previous studies lack thorough
robustness analyses and rely on LET-based objectives in optimization, which are not available to all institutions. Lung cancer, in
particular, remains underexplored in the context of target-LET optimization. This study therefore (i) investigates the elevation of
target LET without relying on LET-based optimization objectives, (ii) determines the maximum feasible increase while maintaining
adequate target dose robustness and adherence to clinical goals, and (iii) assesses whether such increases translate into meaningful
improvements in tumor control probability in a cohort of recently treated lung cancer patients.
Materials and methods: A LET-painting technique using two sets of opposing beams with beam-specific minimum dose objectives
for proximal target segments was employed to elevate target LET. To find the near-feasible target LET, high inhomogeneity was
leveraged in combination with CTV-based planning, under the assumption of motion-mitigation. Probabilistic evaluation using
Polynomial Chaos Expansion (PCE) was then performed to ensure precise adherence to adequate robustness. LET-optimized
treatment plans, employing this recipe, were then compared to dose-optimized treatment plans for 10 lung cancer patients, based on
dose-averaged LET (LETd), LETd×D, Unkelbach RBE, and EUD-based TCP values.
Results: An increase of 50% in target LETd was observed for the probabilistically robust LET-optimized treatment plans compared
to the dose-optimized plans, raising the RBE-weighted dose by 6 Gy and mean target RBE from 1.1 to 1.16. These gains were
associated with increased mean target dose, reduced target dose robustness and increased beam-entry doses. The elevated LETd
significantly improved tumor control probability, although a large part of the total gain in TCP was due to increased physical dose.
Conclusion: Clinically significant increases in TCP due to enhanced target LETd are possible without the use of LETd-based
objectives, by leveraging high inhomogeneity and precisely adhering to adequate target dose robustness. It should be determined
whether these trade-offs in addition to changes in OAR doses are clinically acceptable and should be directly compared to dose
escalation strategies alone. Future technologies might help enhance benefits or improve trade-offs between inhomogeneity, robustness
and target LET, making target RBE-enhancement through LET to improve treatment efficacy more clinically viable.

Keywords: Proton therapy, LET-optimization, RBE, Probabilistic evaluation, Polynomial Chaos Expansion, Lung cancer

1. Introduction

Proton therapy offers distinct advantages over conventional
photon-based radiotherapy, due to the unique physical properties
of protons. As charged particles, they interact continuously with
tissue, gradually losing energy in the process, further increasing
the likelihood of interaction. This process results in a sharp de-
position of most of their energy at the end of their range, in what
is known as the Bragg peak. This characteristic dose deposition
results in high target-dose conformity and reduced radiation bur-
den to organs at risk (OARs). In contrast, photons deposit a high
entrance dose, followed by a more gradual dose deposition that
can extend far beyond the target, ultimately irradiating a higher

portion of healthy tissue.
In addition to these dosimetric advantages, protons also re-

sult in greater biological impact compared to photons, described
by the Relative Biological Effectiveness (RBE). This increased
RBE stems from a more dense spatial pattern of ionization pro-
duced by protons, which results in more complex DNA damage
and therefore a higher likelihood of cell death [1]. As protons
slow down, the density of ionizations increases further. This
ionization density is closely related to the varying Linear Energy
Transfer (LET), defined as the amount of energy deposited per
unit distance traveled by the particle. Initially the LET of pro-
tons rises gradually, but increases sharply at the distal edge of
the Bragg peak, where protons stop. This increase in LET leads
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to a corresponding gradual increase in RBE, followed by a peak
in RBE in the same region.

Despite this known variation in RBE due to varying LET, a
constant RBE-value of 1.1, determined as a conservative esti-
mate of in vivo studies in the 1970s, is still the recommended
standard in clinical proton therapy today [2]. This RBE value is
deliberately conservative with respect to target dose, to minimize
the risk of RBE overestimation and subsequent underdosing of
the tumor [2]. The continued use of a constant RBE reflects the
significant uncertainties that are associated with variable RBE
models. These models not only depend on LET, but also on dose,
fractionation and biological factors such as cell-type radiosensi-
tivities, which are especially difficult to predict reliably [2]. In
addition, many RBE models differ in their underlying assump-
tions and use different datasets for fitting, leading to different
predictions based on the choice of RBE model [3] [4].

The use of a constant RBE of 1.1 has recently led to much
discussion. While the conservative value prevents target under-
dosing, it presents a risk for OARs, as this value may underes-
timate the biological effect in critical structures bordering the
target distally, where RBE is elevated due to increased LET.
Although current evidence for an increase in radiation-induced
side-effects due to variable RBE remains mixed, significant cor-
relations have been found [5]. For example, changes observed
in healthy brain tissue on MR images have been correlated with
elevated RBE and an increased incidence of rib-fractures has
been associated with increased end-of-range RBE [6] [7].

While focus has been placed on this risk of increased RBE
in OARs, increased RBE could also be strategically harnessed.
By confining high RBE inside the tumor, therapeutic efficacy
may be improved, while potentially shifting high RBE away
from OARs. Alternatively, by enhancing RBE within the target,
a sufficient therapeutic effect may be reached even in cases
where dose escalation is not possible due to the proximity of
critical structures, offering a potential strategy for overcoming
anatomical constraints.

A promising strategy for modulating RBE is through opti-
mization of the LET distribution instead, since it has been shown
to correlate strongly with RBE and, being a physical quantity,
it can be more reliably calculated, and does not contain the
uncertainties associated with RBE models [5].

The potential for manipulation of the LET distribution stems
from the inherent degeneracy of the proton therapy optimiza-
tion problem, especially present in Intensity Modulated Proton
Therapy (IMPT) which uses Pencil Beam Scanning (PBS) for
delivery [8]. This degeneracy describes the fact that similar dose
distributions can be achieved with very different sets of pencil
beams and weights, resulting in very different LET distributions.
This means that, in principle, one should be able to obtain a
similar quality dose distribution with a more favorable LET
distribution [9].

While LET optimization is a promising strategy for elevating
target RBE, it also comes at a cost. This is because LET starts
to rise sharply in the distal-fall off region of a spread-out Bragg
peak, meaning to increase target LET, the dose part with steep
gradients would have to move closer to, or inside the target. Con-
sequently, target dose robustness with regards to setup and range

uncertainties would inherently suffer, as a small displacement of
the tumor will quickly result in a much lower target dose.

While there seems to exist an inherent trade-off between
target LET and target dose robustness, it has been reported that
allowing target overdosing (i.e. decreasing the uniformity of tar-
get dose) can improve this trade-off, by either increasing target
dose robustness or target LET [10][11][12]. This relationship be-
tween target dose uniformity, target LET and target dose robust-
ness has been described as the so-called LET ’trilemma’, where
only two of these three qualities can be sufficiently achieved in
a treatment plan [13].

Quite a few target-LET optimization studies have been per-
formed that indicate varying amounts of target LET elevation,
from a few percent in mean LET [14] to more than one hundred
percent when employing many beam angles [15]. However, few
IMPT studies include robustness analyses [11][16], with only a
single study performing such analyses for a representative group
size [17]. This in spite of the known trade-off between target
LET and robustness. This could mean that the large increases
in LET that are reported could come at the cost of clinically
unacceptable reductions in target dose robustness. Conversely,
in some cases there might exist more potential for target LET
elevation, as a higher reduction in target dose robustness could
be allowed. Therefore it remains to be assessed what the current
maximum potential is for target LET elevation in proton therapy
while adhering to clinically acceptable target dose robustness.
It is also important to assess whether the possible increases in
target LET constitute a clinically relevant effect, reflected by
significant increases in Tumor Control Probability (TCP).

Furthermore, many studies aimed to elevate target LET by
directly incorporating LET-based objectives for the target into
the optimization problem [5], a functionality that not every in-
stitution currently has access to. Therefore it is important to
examine whether standard dose-optimization functionalities of-
fered by any treatment planning software can be sufficient in
shaping the LET-distribution and create clinically acceptable
target RBE-enhancement plans.

Finally, the treatment sites studied are often limited to those
of brain, prostate, and head and neck (H&N), with only a single
case examined for a lung treatment [18]. Despite lung cancer be-
ing the most common form of cancer and the greatest contributor
to cancer-deaths worldwide [19].

In this study, we therefore (i) investigate the elevation of tar-
get LET without relying on LET-based optimization objectives,
(ii) determine the maximum feasible increase while maintaining
adequate target dose robustness and adherence to clinical goals,
and (iii) assess whether such increases translate into meaningful
improvements in tumor control probability in a cohort of lung
cancer patients treated with IMPT.

2. Methods and materials

2.1. Patient Data

A total of ten stage III-IV non-small cell lung cancer (NSCLC)
patients with various histologies and primary tumor locations,
recently treated at Holland PTC, were included in this study.
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These patients were referred for proton treatment according to a
model-based approach currently adopted by Dutch health care
authorities [20]. Fractionation schemes varied from 55, 60 to
66 Gy(RBE) in 20, 30 and 24 fractions respectively, using a
constant RBE of 1.1. Patient and treatment characteristics are in-
cluded in Table S1. Plans in which robust target coverage had to
be compromised due to OAR-based clinical goals were excluded,
as these already represent complex cases for which additional
LET optimization would impose further planning challenges.

2.2. Treatment planning system

All treatment plans in this study were created using RaySta-
tion (version 2023B RaySearch, Sweden). Dose calculations
were performed using the latest RayStation Monte Carlo (MC)
dose engine [21] [22] with 4000 ions per spot and 1% uncer-
tainty. Dose grid resolution was set to 0.3 cm.

This engine also allowed scoring dose-averaged LET (LETd)
values, used to quantify LET in this study. The LETd value in a
voxel (i) is computed by summing the LET values of the particle
tracks (j) crossing that voxel, weighted by their microscopic
dose (d) delivered to that voxel, see Formula 1 [23].

LETd,i =

∑
j d j · LET j∑

i d j
(1)

2.3. Clinical treatment plans (Clinical)

Clinical treatment plans (Clinical) consisted of Multi Field
Optimized (MFO) IMPT plans with three to five coplanar beams.
Beam angles were chosen based on protocol and prior experience
with additional constraints such as a minimum separation angle
between beams of 30 degrees, and avoidance of traversal through
the arms, breast sides, table sides, thorax support and contra-
lateral lung.

To mitigate the interplay effect caused by breathing motion
[24], range shifters with variable thicknesses (3 or 5 cm) were
used, depending on the extent of tumor motion.

To account for breathing-induced tumor motion, dose was
prescribed to an Internal Target Volume (ITV). The ITV is de-
fined as the geometric union of Clinical Target Volume (CTV)
contours delineated across multiple respiratory phases of a 4D
CT scan, rigidly transferred to the average CT, which was used
for further dose planning.

Robust minimax optimization was performed to account for
setup and range errors, considering a total of 21 error scenarios
[25]. These scenarios included seven combinations of setup
errors, consisting of the nominal scenario and six combinations
of setup errors corresponding to displacements along the three
principal directions of ± 7 mm. These setup errors were com-
bined with relative range errors of -3%, 0%, and 3%. Robust
min- and max-dose objective functions were used for the ITV.
An overview of the clinical goals and initial planning objectives
template, including objectives for the OARs, are included in the
Supplementary Materials in Tables S2 and S3 respectively.

According to consensus within the Dutch Proton Therapy
(DUPROTON) group [26], clinical goals were evaluated based
on 4D robust evaluation of the voxel-wise minimum (VWmin)

and voxel-wise maximum (VWmax) dose distributions of 28
error scenarios. The VWmin and VWmax distributions were
generated from the combined average dose of four breathing
phases, transferred by deformable registration to the mid-exhale
phase, on which evaluation was performed. The error scenarios,
computed separately for each phase, included 14 setup error
combinations with directions determined by the six faces and
eight vertices of a cube, all normalized to 7 mm. These setup
errors were combined with range errors of -3% and 3%. The
near-minimum VWmin dose in the CTV had to reach 95% of
the prescribed dose (VWminD98,CTV ≥ 0.95Dpr). The near maxi-
mum VWmax dose in the CTV had to remain below 107% of
the prescribed dose (VWmaxD2,CTV < 1.07Dpr), as per ICRU
recommendation [27].

2.4. LET-optimization strategy

2.4.1. LET-painting method
In this study, LET was shaped and confined to the target

by employing two sets of opposing beam angles, combined
with beam-specific minimum dose objectives for proximal target
segments [28]. These segments were created by subdividing the
target volume based on proximity to each beam direction, using
the center of the primary tumor as a reference point. The primary
tumor was set as the target for LET-optimization throughout
this study, to ensure high LET was confined to the tumor only.
Further details on the automated segmentation process based
on beam-direction proximity are provided in Supplementary
Materials section S3.

Clinical beam angles served as starting point for the selection
of opposing beams. Two sets of opposing beams were selected
for each patient, where beam angles were initially copied from
the clinical plan, ensuring that adding an opposing beam was
feasible given the clinical goals, especially pertaining to sparing
of OARs. If the resulting beam angles would lead to violation
of OAR-related clinical goals, they were slightly adjusted until
all clinical goals could be reached.

The use of opposing beams was motivated by the idea that the
required minimum dose in the center of the target can be supplied
by the combined distal dose fall-off regions of both beams where
LET rises sharply, ”painting” the center of the target with high
LET. However, as beam spots are typically placed distal to the
target as a consequence of robust optimization, beam-specific
minimum dose objectives for proximal target segments were
introduced, to encourage the optimizer to place spots closer to
or within the target.

2.4.2. Leveraging treatment parameters according to the LET-
trilemma

In addition to the beam-specific min dose objectives, a high
near-maximum (D2) dose objective of up to 140% of the pre-
scribed dose was allowed to allow for high target dose inhomo-
geneity (i.e. low uniformity). According to the LET-trilemma,
this should allow for higher increases in target LETd. While this
degree of inhomogeneity is high, such values are not uncom-
mon in stereotactic body radiotherapy (SBRT) for lung cancer
[29][30].
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Figure 1: A visualization of the employed target-LET painting method, which deviates from the clinical plan (first column) by using two sets of opposing beams
(second column) and subdividing the primary CTV (CTVp) into beam-specific proximal target segments (PTS ) with associated beam-specific minimum dose
objectives and allowing a high maximum dose (third column). The arrows indicate the employed beam angles. The tip of the arrows indicate the approximate
placements of spots. As indicated by the arrow heads; the introduction of beam-specific minimum dose goals causes spots to be placed further inside the target,
concentrating high LETd inside the target (LETopt case), rather than distally (clinical case) or surrounding the target (middle case).

Furthermore, CTV-based planning of the primary tumor
(CTVp) rather than ITV-based planning was performed, by as-
suming breathing motion can be neglected through the use tech-
niques that eliminate its effect on the resulting dose distribution,
such as breath-hold, respiratory gating or the use of ultra-high
dose rates, as used in FLASH radiotherapy. This assumption
not only simplifies the planning process, but may also allow for
higher target LETd values to be achieved, as this margin reduc-
tion is likely to result in less robust plans. Figure 1 illustrates the
described LET-painting method in combination with CTV-based
planning and high target dose inhomogeneity to maximize LET
in the target.

Finally, to fully leverage optimization freedom in terms of
target dose robustness, probabilistic evaluation was used to ob-
tain a more statistically robust assessment of target dose robust-
ness. As this allows very specific adherence to a predefined
probabilistic robustness goal, this results in the maximum reduc-
tion in target dose robustness in favor of target LETd. Instead
of prescribing dose to the VWmin-D98, as is the current clinical
standard, probabilistic planning with Polynomial Chaos Expan-
sion (PCE) was applied with the probabilistic goal of achieving a
coverage of 0.95 Dpr in 99.8 percent of the volume in 90 percent
of the error scenarios (p10(D99.8,CTV ) = 0.95Dpr). A study em-
ploying PCE robust evaluation found this to be most consistent
on average with photon planning and the associated formulation
of Van Herk’s margin recipe [31]. The probabilistic maximum
dose goal was p95(D2,CTVp ) ≤ 1.4Dpr, reflecting the increased
allowance for the maximum dose.

2.4.3. Polynomial Chaos expansion
Polynomial Chaos Expansion was used to perform fast prob-

abilistic evaluation, which can be used to fit a plan-specific
analytical model of the dose engine for different uncertainty sce-
narios ξ⃗, consisting of the combination of different realizations
of the three setup errors σx, σy, σz and relative range error ρ
(ξ⃗ =

(
σx, σy, σz, ρ

)
). The dose Di in a voxel is approximated

by a finite series expansion of probabilists’ Hermite polynomial
basis vectors Ψk, orthonormal for normally distributed variables,
which the uncertainty variables are assumed to be, with expan-
sion coefficients ci,k, see Formula 2.

Di ≈

P∑
k

ci,kΨk(ξ⃗) (2)

The PCE model is then constructed by determining the expansion
coefficients through linear regression based on Monte Carlo
dose computations for a sparse set of uncertainty scenarios,
where the amount of polynomials and scenarios used for fitting
the model is optimized to balance between speed and accuracy
[32]. For further technical details, the reader is referred to the
Supplementary Materials of the original paper that introduced
PCE in the field of proton therapy [32].

2.4.4. Probabilistic evaluation
PCE parameter optimization and initial validation was per-

formed for five lung cancer patients, see Supplementary Materi-
als section S4. To perform probabilistic evaluation, a PCE model
was constructed using the open-source OpenGPC [32][33], with
a maximum Polynomial order of five, a grid order of four and an
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extra level of one. The expansion coefficients of a PCE model
were determined based on a sparse set of 208 error scenarios,
computed by the RayStation MC-dose engine.

To generate these error scenarios, systemic and random setup
errors were estimated using the clinical margin M = 7 mm and
Van Herk’s margin recipe (M = 2.5Σ + 0.7σ). Assuming both
error types were approximately equal (Σ ≈ σ) resulted in an
estimated error of 2.1875 mm for each, assumed to be equal for
each principal direction. A mean of the relative range error of
1.2% was used, based on a previous lung phantom study [34],
with a standard deviation of 1%.

Using the constructed PCE model, dose distributions of
10.000 fully fractionated treatments for each patient were sim-
ulated by sampling a fixed isotropic systematic setup error (Σ)
and a fixed relative range error (ρ) for each simulated treatment,
and a different random setup error (σ) for each individual frac-
tion. In combination with the amount of fractions (N), a total
of 10.000 ×N error scenarios were sampled and computed per
treatment plan.

2.5. Probabilistically robust LET-optimized treatment plans
(RobustLETopt)

Using the outlined LET-optimization strategy, probabilisti-
cally robust LET-optimized treatment plans were created. In
addition to the beam-specific minimum dose goals for proximal
target segments, standard robust min- and max-dose objectives
for the full unsegmented CTVp were used. In general, a more
simplified set of planning objectives was used that uses simple
dose-fall off functions for OARs, enabling more generalizable
dose planning and minimizing inter-plan variability due to plan-
ning strategy. The full set of planning objectives used for the
RobustLETopt plans can be found in Table S4. As the effect
of breathing motion was neglected no range shifters were em-
ployed.

Robust minimax optimization was performed with settings
initially equal to clinical robust optimization (σ = 7 mm, ρ =
3%). A PCE model was constructed and the p10(D99.8) was
evaluated based on the simulated 10.000 fully fractionated treat-
ments. To adhere to the coverage goal of p10(D99.8,CTV ) =
0.95Dpr, the dose was scaled to exactly meet this goal. If scaling
lead to violation of the probabilistic maximum dose goal by
more than one percentage point (p95(D2,CTV ) > 1.41Dpr), the
setup error used during robust optimization was increased. Con-
sequently, this increased target dose robustness and therefore
the p10(D99.8,CTV ), resulting in a lower p95(D2,CTV ) after scaling.
Conversely, whenever the p95(D2,CTV ) was more than one per-
centage point lower than 140% Dpr (p95(D2,CTV ) < 1.39Dpr),
the setup error used during robust optimization was lowered.
This process was iteratively performed until treatment plans
could be successfully scaled, after which the needed scaling fac-
tor to achieve the probabilistic coverage goal was used to scale
the Monitor Units (MUs) of the four opposing beams equally in
the treatment plans in RayStation, to be exported again for PCE
for final evaluation.

By aiming to remain within one percentage point of the
maximum dose goal of 140 % Dpr, treatment plans could be
created that fully exploit the optimization freedom in terms of

target dose robustness and maximum dose. The target LETd
in these plans therefore represent the maximum values that are
feasible.

The creation of the RobustLETopt, consisting of this iterative
process, is visualized in Figure 2.

2.5.1. Non-robust LET-optimized treatment plans (LETopt)
Additional non-robust LET-optimized plans were created

that use the same LET-optimization strategy and planning ob-
jectives as used in the RobustLETopt plans, except for robust
minimax optimization and robustness evaluation. These plans
therefore allow to isolate the effectiveness of the LET-painting
method in shaping target LETd. Additionally, they represent
maximum target LETd enhancement achievable with this LET-
painting method in the case of no setup or range error, serving
as a theoretical benchmark in terms of LETd elevation. The
planning objectives for the LETopt plans can be found in table
S5.

2.5.2. Dose-optimized treatment plans (RobustDoseOpt)
The LET-optimized treatment plans (RobustLETopt, LETopt)

use different beam angles and target the CTV of the primary
tumor instead of the full ITV, excluding possible irradiation of
secondary tumors or lymph nodes. As a result, changes in OAR
doses due to the employed LET-optimization strategy cannot be
compared in a fair manner. Therefore, dose-optimized treatment
plans were created that use the same beam angles and CTVp-
based planning as the LET-optimized treatment plans, but other
than that follow clinical treatment planning guidelines, including
VWmin and VWmax evaluation and the use of range shifters.
The planning objectives for the RobustDoseOpt plans can be
found in Table S6.

2.6. Evaluation and statistical analyses
To judge the success of the outlined LET-optimization strat-

egy and investigate what maximum LET-values are possible, the
patient-wise median of the mean, near-minimum (LETd98) and
near-maximum (LETd2) LETd values in the CTVp were com-
pared between the four plan types (Clinical, RobustDoseOpt,
LETopt, RobustLETopt).

In addition, the patient-wise median of the mean voxel-wise
product of LETd and Dose (LETd × D), as well as the near-
minimum ([LETd × D]98) and near-maximum values ([LETd ×
D]2), were further evaluated. This quantity can be seen as the
additional biological dose due to LETd, when assuming that
LET increases RBE linearly with dose. This assumption un-
derlies the pragmatic Unkelbach RBE model, see Formula 3
[35]. While not a formal RBE model, it can be used to evaluate
the potential biological impact of increased LET, without re-
quiring biological input variables such as the difficult-to-predict
cell-type radiosensitivity parameters (α,β).

RBEUnkelbach = (1 + cLETd) (3)

Multiplying Formula 3 by the physical dose Dp gives the
RBE-weighted dose Dbio, see Formula 4. This formula includes
the LETd-dose product term, reflecting the added biological dose
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Figure 2: A flow diagram visualizing the process of creating the probabilistically robust LET-optimized treatment plans using PCE.
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due to LETd. The proportionality constant c allows to convert
this product into units of Gray. Its value was taken to be 0.04
µm/keV throughout this study, resulting in an RBE of 1.1 in the
center of a spread-out Bragg peak of 5 cm modulation and 10
cm range [36].

Dbio = Dp + cDpLETd (4)

As the final goal of target LET escalation is to achieve an in-
creased target RBE, the patient-wise median of the mean, near-
minimum and near-maximum LETd values for all patients were
converted into corresponding RBE values using Formula 3.

Several additional metrics were evaluated to assess the at-
tainment of clinical goals. To this end, nominal target coverage
and maximum target dose goals were evaluated based on the
D98 and D2 respectively. To provide further information on the
dose to the target, the Dmean was evaluated as well. Regarding
target dose robustness, the p10(D99.8,CTV ) and p95(D2,CTV ) were
evaluated and compared between treatment plans. The clinical
goal values for the OARs were evaluated based on nominal val-
ues and probabilistic values. These probabilistic values were
derived from the 95th percentile of associated clinical goal dose
metric across the 10,000 simulated treatments.

2.6.1. Tumor control probability calculations
The clinical significance of target-LETd increases in the LET-

optimized plans was examined using tumor control probability
(TCP) calculations. These calculations were performed based
on a TCP-model that incorporates the equivalent uniform dose
(EUD) concept, see Formula 5 [37].

TCP =
1

1 +
(

TCD50
EUD

)4γ50
(5)

The values for the radio-biological response parameters, includ-
ing the dose yielding a 50% chance of tumor control (TCD50)
and the corresponding slope (γ50), were taken from Okunief et
al. (TCD50 = 51.24 Gy , γ50 = 0.83), which are based on multi-
institutional data of NSCLC patients [38]. A value of a = −10
was used for EUD calculations [38], see Formula 6.

EUD =

∑
i

viDa
i

1/a (6)

With v the fractional volume of the target in a voxel i and D the
corresponding dose in that volume. For EUD calculations, the
total dose of the combined fractions was used as input.

The effect of LETd on the resulting TCP was determined by
calculating the EUD, used as input for TCP calculation, based
on the unweighted physical dose alone (RBE = 1) and the Un-
kelbach RBE-weighted dose (Formula 4). As the latter includes
the increased biological dose due to LETd, the difference in the
resulting TCP values reflects the added value of LETd in terms
of therapeutic effect.

In addition, TCP values based on an EUD calculated using
the constant-RBE-weighted dose (RBE = 1.1) were evaluated
to assess whether the current consensus of RBE=1.1 remains
accurate for predicting TCP in LET-optimized plans.

2.6.2. Statistical Analyses
Statistical tests from the Python Scipy.stats library were used

to test for statistical significance. The paired samples t-test was
performed to test for significant difference in mean metric values
(e.g. mean LETd) between plan types. The requirements of
this test were performed beforehand, by performing the Shapiro-
Wilk and Levene’s test to test for normality of the distributions
and equal variances respectively. Violation of the assumption of
normality resulted in the use of the non-parametric Wilcoxon
signed rank test.

3. Results

3.1. Plan creation and LET-painting

The clinical and opposing beam angles, used for the Ro-
bustLETopt, LETopt and RobustDoseOpt plans as part of the
LET-painting method, are listed in the Supplementary Materi-
als in Table S7. The employed robustness settings and scaling
factors used to create the RobustLETopt plans can be found in
Table S8. The computation times associated with PCE model
creation and subsequent dose prediction of 10.000 fully fraction-
ated treatments can be found in Figure S5.

Figure S6 in the Supplementary Materials illustrates how
the used LET-painting method leads to spots being placed more
proximal to the target, thereby increasing target LETd, by com-
paring the separate beam-dose and beam-LETd distributions.

3.2. LET and RBE elevation

Figure 3 shows for the 10 patients the near-minimum, mean
and near-maximum values per plan type for the LETd, dose,
LETd×D, and RBE, in the CTVp respectively.

3.2.1. LETd elevation
Significant differences were found in the population mean of

the mean target LETd between the RobustLETopt and both the
Clinical (p<0.001) and RobustDoseOpt (p<0.001) plans. The
population median of the mean target LETd increased from 2.54
(Clinical) and 2.62 (RobustDoseOpt) to 4.01 keV/µm. Similarly,
the population-median near-minimum target LETd increased
from 2.15 and 2.33 to 3.12 keV/µm and the population-median
near-maximum target LETd increased from 3.19 and 3.07 to
4.78 keV/µm.

The non-robust optimized LETopt plans show higher eleva-
tion in target LETd compared to the RobustLETopt plans. Signif-
icant differences are found between the population-mean of the
mean target LETd in the LETopt plans compared to the Clinical
(p<0.001) and RobustDoseOpt (p<0.001) plans. The population
median of the mean target LETd in the LETopt plans increased
from 2.54 (Clinical) and 2.62 (RobustDoseOpt) to 5.30 keV/µm.

A smaller, but statistically significant difference in the popu-
lation mean of mean target LETd was found between the Clinical
and RobustDoseOpt plans (p=0.039<0.05), with higher mean
and near-minimum LETd values for RobustDoseOpt. In con-
trast, lower near-maximum LETd values are observed for the
RobustDoseOpt plans.
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3.2.2. Dose comparison
The comparison of dose metrics shows higher near-minimum,

mean and near-maximum dose values for both the LETopt and
RobustLETopt plans, with the highest values observed for the
latter plans. Higher target dose inhomogeneity is observed for
these plans as well, reflected by an increased distance between
the near-minimum and near-maximum dose.

All plans meet the nominal target coverage goal of D98 ≥

0.95Dpr. The Clinical and RobustDoseOpt plans adhere to the
maximum dose goal of D2 < 1.07Dpr in the nominal scenario.
The LETopt and RobustLETopt plans adhere to the relaxed maxi-
mum dose goal of D2 < 1.4Dpr in the nominal scenario, except
for a single RobustLETopt plan. Almost all treatment plans met
clinical dose goals for OARs in both the nominal and the prob-
abilistic scenarios, see Figures S8 and S9 respectively in the
Supplementary Materials. Some deviations are found for the
Clinical plans.

3.2.3. Increases in biological dose due to LETd

Significant differences in the population mean of the mean
LETd×D are found between the RobustLETopt and the Clinical
(p<0.001) and RobustDoseOpt (p<0.01) plans. Increases in the
population median of the mean LETd×D of 5.95 Gy and 5.85
Gy are observed in the RobustLETopt plans, compared to the
Clinical and RobustDoseOpt plans respectively. Increases in
population-median near-minimum LETd×D of 3.72 Gy and 3.18
Gy, and increases in near-maximum LETd×D of 7.30 Gy and
7.84 Gy are found.

Significant differences in population-mean of mean target
LETd×D are also found between the non-robust LETopt and Clin-
ical and (p<0.001) RobustDoseOpt (p <0.001) treatment plans.
The increases in population-median near-minimum LETd×D,
mean LETd×D and near-maximum LETd×D from the Clinical
and RobustDoseOpt plans to the LETopt plans are respectively:
5.21 Gy and 4.67 Gy, 8.49 Gy and 8.39 Gy, and 10.73 Gy and
11.28 Gy.

The highest overall near-maximum LETd×D value is ob-
served for the LETopt plans and is slightly higher than 20 Gy
(21.69 Gy). The highest overall LETd×D value of the RobustLE-
Topt plans is substantially higher than 15 Gy (17.71 Gy).

3.2.4. RBE enhancement
The population median of mean target LETd values corre-

spond to population-median mean RBE values of 1.102, 1.105,
1.212 and 1.160. These constitute increases in mean RBE of
approximately 5.9 percentage points for the RobustLETopt plans
when comparing to the Clinical plans and 5.6 percentage points
when comparing to the reference RobustDoseOpt plans. These
same increases are approximately 11 and 10.7 percentage points
respectively for the LETopt plans. Population-median near-
minimum RBE values of 1.086, 1.093, 1.153 and 1.125, and
near-maximum RBE values of 1.128, 1.123, 1.253 and 1.19
are observed for the Clinical, RobustDoseOpt, LETopt and Ro-
bustLETopt plans respectively.

Figure 3: Group-wise comparison between the four plan types of near-minimum,
mean and near-maximum values of dose, LETd, LETd×D and RBE inside the
CTVp for all patients.

3.3. Example case: 2D dose, LETd and LETd×D visualization

Figure 4 shows 2D dose, LETd and LETd×D contour plots
for all plan types for a representative patient.

As can be seen in the figure, the employed LET-painting
method shapes and confines high LETd to the target, especially
in the LETopt plans. The clinical constraints regarding beam
angle selection in combination with lung geometry results in
X-shaped beam arrangements.

Comparing the dose-distribution of the four plans, it can be
observed how the additional opposing beam angles lead to an
inevitable increased low-dose bath of healthy tissue, in particular
the heart in this case. At the same time, a lower dose to healthy
tissues and OARs can also be observed as a consequence of the
reduced robustness of the LET-optimized plans, which increases
the target dose conformity. An increased beam entry dose can
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Figure 4: Contour plots of the dose, LETd and c LETd×D distributions of the four plan types for a single representative patient. c is taken to be 0.04 µm/keV to
convert the product of LETd and Dose into units of Gray. The contours of the primary tumor CTV are indicated in red
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also be observed along the opposing beams in the LET-optimized
plans, especially visible for the LETopt plans. Finally, one can
clearly observe the effect of a higher maximum dose objective
for the LET-optimized plans, with a higher and less uniform
dose in the target.

Comparing the LETd distributions of the four plans, it can
be observed for the Clinical plan how LETd is highest distal to
the target. In combination with non-negligible dose surrounding
the target, this leads to an extended distal region of biological
dose (LETd×D) penetrating into healthy tissue of the heart in
this case. In the RobustDoseOpt plans, hotspots of higher LETd
can be observed surrounding the target in nearly all directions,
leading to a band of slightly elevated LETd-based biological
dose surrounding the target. In case of the LETopt plans, the
high LETd is mostly confined within the target region, but not
completely, as it slightly extends around the target. As a re-
sult, a highly confined and elevated LETd×D is observed in the
target. In the RobustLETopt plans the target LETd is less high
and dispersed over a larger area compared to the LETopt plans,
extending further outside the borders of the target. Nonetheless,
higher LETd compared to the conventional dose-optimized plans
is observed inside the target. In combination with the elevated
dose in the target, a considerable product of LETd and dose is
still observed in the target. One can also notice the small local-
ized peaks in LETd at the lateral borders of the employed beams,
that manifest in voxels where few protons stop, automatically
scoring the high LET of those few protons that stop there.

3.4. Comparison of probabilistic robustness

Figure 5 shows for the four plan types the probabilistic 10th
percentile D99.8 and 95th percentile D2 of 10.000 simulated
treatments for all patients.

Population-median p10(D99.8) values of 0.98, 0.98, 0.64 and
0.95 Dpr, are observed for the Clinical, RobustDoseOpt, LETopt
and RobustLETopt treatment plans. Except for a single Clini-
cal plan, all Clinical and RobustDoseOpt plans adhere to the
probabilistic coverage goal of p10(D99.8,CTV ) = 0.95Dpr. Most
RobustLETopt plans adhere to this goal or are extremely close
to this goal. No LETopt plans adhere to the probabilistic cover-
age goal. A comparison of the probabilistic D99.8 distributions
for the different plan types for a single patient is included in
Supplementary Materials Figure S10.

Population-median p95(D2) values of 1.035, 1.020, 1.507
and 1.406 Dpr, are observed for the Clinical, RobustDoseOpt,
LETopt and RobustLETopt treatment plans. The dose-optimized
treatment plans adhere to the near-maximum dose goal of 1.07
Dpr. Most RobustLETopt plans adhere to the relaxed near-
maximum dose goal of 140% Dpr with a margin of 1%pt, with a
single case exceeding this margin. No LETopt plan adhered to
this goal.

Figure 5: Comparison of the found probabilistic p10(D99.8) and p95(D2) values
of the four plan types for all patients

3.5. Comparison of TCP values

Figure 6 shows the comparison between the four plan types
of the EUD-based TCP values, with EUDs calculated based on
the non-RBE-weighted physical dose, Unkelbach RBE-weighted
dose and constant-RBE-weighted (RBE=1.1) dose. For all plan
types there was a significant difference between the physical
dose-based TCP values and the Unkelbach RBE-weighted dose-
based TCP-values, with increases in median values from 0.56
to 0.64 (p<0.01), 0.56 to 0.64 (p<0.01), 0.65 to 0.78 (p<0.001)
and 0.70 to 0.79 (p<0.001), for the Clincial, RobustDoseOpt,
LETopt and RobustLETopt plans respectively. These constitute
increases in TCP, due to the marginal therapeutic effect of LETd,
of 8, 8, 13 and 9. These increases in relative terms are 14, 14,
20 and 13 percent. The highest TCP value of 0.88 is observed
for a RobustLETopt plan.

The predicted TCP values based on the Unkelbach RBE-
weighted dose are significantly higher compared to the use of a
constant RBE of 1.1 in the case of the LETopt plans (p<0.001)
and RobustLETopt plans (p<0.001). In case of the Clinical plans,
this difference is not significant (p>0.05), while this difference
was marginally significant for the RobustDoseOpt plans (p =
0.049, p<0.05).
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Figure 6: Comparison of TCP-values between the different plan types based
on the non-RBE weighted physical dose, Unkelbach RBE-weighted dose and
RBE=1.1-weighted dose for all patients. Asterisks denote statistical significance:
* p < 0.05, ** p < 0.01,*** p < 0.001

4. Discussion

In this study we investigated the elevation of target LET with-
out relying on LET-based optimization objectives, determined
the maximum feasible increase while maintaining adequate tar-
get dose robustness and adherence to clinical goals, and assessed
whether such increases translate into meaningful improvements
in tumor control probability in a cohort of lung cancer patients
treated with IMPT.

4.1. Summary of key findings

4.1.1. Target LET enhancement achieved with dose objectives
only

The results demonstrated that it was possible to significantly
increase target LETd without using LET-based objectives, while
still meeting clinical goals and adhering to adequate target dose
robustness. This was achieved using opposing beam arrange-
ments with beam-specific minimum dose objectives for proximal
target segments, combined with high dose inhomogeneity (up to
140% of Dpr), CTV-based planning (instead of ITV-based), and
reduced target dose robustness through probabilistic evaluation
using polynomial chaos expansion.

4.1.2. LETd increases of over 50% are feasible while adhering
to clinical goals and robustness

With this strategy, the population-median of the mean tar-
get LETd increased by more than 50% compared to clinical
treatment plans and reference dose-optimized plans. When com-
pletely sacrificing target dose robustness, mean target LETd
increases could exceed 100%, representing the near upper limit
achievable with this method. These increases corresponded to
additional biological doses of ∼6 Gy and ∼8 Gy (based on the
Unkelbach RBE model), raising population-median mean RBE
from 1.1 to 1.16 in the probabilistically robust LET-optimized
plans, and up to 1.21 in the non-robust LET-optimized plans.

4.1.3. Significant increases in TCP due to elevated LET, under-
estimated by a constant RBE in LET-optimized plans

The increases in biological dose to the marginal effect of
LET, led to significantly higher TCP values across all plan types.
While absolute TCP gains were larger for the LET-optimized
plans, relative increases for the robust LET-optimized plans were
comparable to those of the dose-optimized plans. Finally, the as-
sumption of a constant RBE of 1.1 significantly underestimated
TCP values reached by the LET-optimized treatment plans.

4.2. Discussion on employed LET-painting method

4.2.1. Lack of control in LET elevation and OAR sparing
While target LET elevation was possible without the use of

LET-based objectives, the employed method presents challenges
in terms of fine control over increasing target LET at the cost of
target dose robustness and a lack of control regarding high LET
surrounding the target. The elevated LET, in combination with
the non-negligible dose surrounding the target, may increase
toxicity to nearby OARs. The use of LET-based objectives
would allow for more fine control in LET elevation and would
allow maximum LET-objectives for sparing surrounding OARs.

4.2.2. Beam angle selection and ideal tumor location
Another challenge was selecting the two sets of opposing

beam angles, since many angles are either clinically unaccept-
able due to constraints forbidding traversal through certain struc-
tures (e.g. arms, sides of breast, thorax support, table edges), or
unfavorable in terms of increased OAR doses. In some cases
these constraints forced the selection of angles that traverse
through important OARs such as the heart. This seems to be
at odds with the OAR-sparing ability of proton therapy, where
one is able to spare OARs distal to the target, because of the
finite range of protons. The location of the tumor in combination
with these constraints also lead to variation between patients in
the angle between the two sets of opposing beam angles, see
Table S7. For some patients more narrow angles between the
two sets of opposing beams were chosen, which may limit the
confinement capability of high LET to the tumor only. It should
also be noted that the strict use of opposing beam angles is not
necessary, as some studies use beams in one general direction
[39] or use almost opposing beam angles [28]. However, the po-
tential for high-LET confinement to the tumor might decrease in
doing so. Using many sets of opposing beam angles, as done in
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proton arc therapy, could decrease the radiation dose to critical
OARs when a beam has to traverse through it, while increasing
the amount of LET elevation that is possible in the tumor [15].

4.2.3. Effect of LET painting method on OAR dose metrics and
clinical plan comparability

Finally, is important to note that this LET-painting technique
only targets the primary tumor, meaning to form a full clinical
treatment plan that would normally also target secondary tumors
and/or lymph nodes, additional fields should be employed. It is
therefore also worth noting that the OAR doses observed in the
Clinical treatment plans in this study are thus higher not only
because of ITV-based planning, but also because of nodal irradia-
tion that was included in some of the plans. The RobustDoseOpt
plans therefore allow for the most fair comparison in terms of
OAR-dose increases due to the LET-optimization strategy. As
can be observed in Figures S8 and S9, there is no clear pattern
between the LET-optimized and reference dose-optimized plans
in terms of OAR-dose increases. In some cases the median OAR
clinical goal values in the LET-optimized plans are higher, and
in some cases even lower. This is likely caused by an interplay
between increased entry doses for the LET-optimized treatment
plans and lowered dose surrounding the target due to decreased
target dose robustness. Depending on the clinical goal value and
location of the OAR, one or the other effect could dominate in
the resulting clinical goal value.

4.3. Attainable target LET elevation
4.3.1. Comparison of LET elevation values to previous studies

Increases in mean target LETd of approximately 50% were
found for the probabilistically robust LET-optimized treatment
plans compared to clinical plans. Various amounts of mean
target LET elevation, from a few percent [14] to over 100 per-
cent [15], are noted in previous studies [11; 12; 14–18; 39–43],
with various treatment sites and methodologies, including a.o.
differences in the amount of inhomogeneity and the amount of
beam angles. A direct comparison with values observed in other
studies is therefore difficult. Nonetheless, to the best of our
knowledge, no study explored the very limit of LET enhance-
ment possible in terms of the available freedom in target dose
robustness and inhomogeneity, which are linked to target LET
in what has been previously described as a trilemma [13].

4.3.2. The effect of target size and geometric constraints on
target LET elevation

Differences in target LET between patients could have partly
been caused by differences in target volume. Multiple studies
have found a significant negative correlation between target
volume and target LET enhancement in both proton therapy
[12][15] and carbon ion radiotherapy (CIRT) [44][10]. This
relationship was further explored for the probabilistically robust
LET-optimized plans in this study, see Figure S12. A linear
regression was performed between mean target LETd and target
volume, resulting in a non-significant relationship (p = 0.087 >
0.05, R2 = 0.32). It should be noted that the low sample size of
this study might not allow for enough statistical power to detect
such an effect.

Tumor location might have also influenced the amount of
LET elevation possible per patient, as it influenced the employed
beam angles and may influence the spots placed in and surround-
ing the tumor. For example, OARs close to, or in a beam path,
in combination with OAR-sparing planning objectives, could
prevent placement of spots that would have increased target LET
otherwise and might be placed elsewhere in favor of OAR spar-
ing. As discussed earlier, the patient geometry also dictates the
chosen opposing beam angles, with different angles between the
opposing sets potentially leading to less high-LET confinement
to the tumor.

4.3.3. Future potential for LET elevation through technological
advances in imaging, optimization and delivery

Although a maximum feasible increase of around 50% in
mean target LETd was found here, it is likely that this number
will increase as technology advances. For example, the use and
further development of new CT imaging techniques as Dual
Energy CT and photon counting CT could allow for better stop-
ping power estimation, thereby reducing the relative range error
and allowing higher target LET increases [45][46]. The more
these errors are reduced, the closer elevation levels as observed
for the non-robust LET-optimized treatment plans in this study
may be approached, with increases of over 100% in mean tar-
get LETd. As hardware capabilities advance and more efficient
Monte Carlo algorithms are developed, beam angle optimization
at a more clinical timescale could become possible, allowing one
to find more optimal solutions in terms of both dose and LET
[41] [42]. Alternatively, deep learning, currently used for the
fast prediction of optimal beam angles based on dose only, could
also be used to predict optimal angles based on both dose and
LETd, by training on LET-optimized treatment plans. Finally,
new treatment modalities such as proton arc, could enable the
use of many angles, allowing for better confinement of high LET
and higher amounts of LET elevation inside the tumor [15].

4.4. Increases in TCP
4.4.1. Diminished LET-based TCP returns due to elevated dose

An interesting finding is that despite the significantly higher
target LETd of the probabilistically robust LET-optimized treat-
ment plans compared to the clinical and reference dose-optimized
plans, the relative increase in TCP was comparable. This can
be explained by the increased physical dose that was associated
with the probabilistically robust LET-optimized plans and the de-
creased steepness of the EUD-based TCP curve for higher EUD
values, shown in Figure S13. The increased dose in these plans
was necessary to adhere to probabilistic coverage and causes the
additional biological dose due to increased LETd to have less of
an effect on the TCP. This might indicate that with lower inho-
mogeneity at the same level of target dose robustness, resulting
in lower target LETd, might cause relatively larger increases in
TCP due to LETd, even though the absolute increase in LETd
might be lower.

4.4.2. Robustness of TCP
Although the highest TCP values were observed for the prob-

abilistically robust LET-optimized treatment plans, it is impor-
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tant to realize that these represent values in the nominal scenario,
i.e. without the consideration of any uncertainties. However,
due to the decreased target dose robustness of these plans, the
LETd, LETd×D and therefore TCP values, are expected to vary
more than those of the dose-optimized plans. To further investi-
gate this, the robustness of these quantities for the different plan
types for a single patient have been compared in Supplementary
Materials Figure S14. As shown in this figure, as the target
dose robustness decreases, so does the robustness of target LETd
values. Similarly, the decreased target dose robustness also gives
rise to a larger spread in observed TCP values.

These findings highlight the complexity of determining whether
LET-optimized treatment plans represent better clinical alterna-
tives to simple dose escalation strategies, which would represent
with higher robustness of dose and TCP. Furthermore, in this
study probabilistic evaluation was used to maximize target LET,
but it could also be used to reduce target dose robustness in order
to improve target dose conformity. As this would reduce dose to
neighboring OARs, this would allow to further escalate target
dose, making dose escalation as a strategy more viable. These
insights further highlight the need to compare dose-only versus
dose-and-LET escalation strategies, with robustness analyses
not limited to dose, but extending to robustness analysis of LETd,
LETd×D and TCP.

4.4.3. Challenges in predicting the biological effect of LET ele-
vation

Finally, it is good to note that predicting the exact biological
effect due to an increase in LET is difficult. In the first place
because of the dose-averaged LET quantity itself, which aims
to quantify a microscopic phenomenon in a macroscopic voxel.
As a result, different LET spectra inside a voxel can result in
the same dose-averaged LET value, but give rise to different
biological effects [47]. Furthermore, the linear Unkelbach RBE
model was used throughout this study, but the increase in bio-
logical effect due to increased LET is not necessarily linear. The
TCP values could have also been calculated on the basis of a
non-linear RBE model such as the McNamara model, however
choosing an adequate value for the radiosensitivity parameter
α/β is not trivial and evaluation based on such models was
therefore not included in this study.

4.5. Clinical Relevance and implications

4.5.1. Clinical implementation and discussions
Several components of the LET-enhancement strategy as

proposed in this study are not yet ready for routine clinical
application, including probabilistic evaluation and CTV-based
planning for lung cancer, due to the non-perfect motion mitiga-
tion of gating and breath-hold, and the fact that the use of ultra
high dose rates is still under investigation.

Although not directly implementable in the clinic yet, this
study demonstrates that clinically significant improvements in
terms of TCP are or could be possible due to target LET enhance-
ment, while maintaining acceptable target dose robustness and
adherence to clinical goals. Nonetheless, these increases in LET
are associated with increased target dose inhomogeneity, reduced

target dose robustness, increased beam entry dose and higher
doses to certain OARs, depending on tumor location. Whether
the potential gains in TCP justify these trade-offs should be a
subject of clinical discussion, particularly in light of future de-
velopments that may increase target LET elevation even further
or reduce the compromises needed to reach the same amount of
LET enhancement. Key questions in such a discussion could
include: How much dose inhomogeneity can be tolerated clini-
cally? What level of reduced target dose robustness is acceptable
for a given increase in tumor control probability? What amount
of additional dose to OARs can be justified for a certain amount
of increase in tumor control probability? Under what circum-
stances could beams be allowed to traverse OARs to enhance
target LET? Finally; can we responsibly base such decisions
given the uncertainty in biological modeling of increased LET
effects?

The results also highlighted that a constant RBE of 1.1 could
underestimate the biological effectiveness of LET-optimized
treatment plans. As clinical interest in target LET escalation
may grow further, there will be a need for consensus on reporting
and evaluating RBE-weighted dose in tumors for better study
comparison, similar to harmonization that is taking place in the
case of RBE-weighted dose in OARs, in reaction to increased
end-of-range RBE effects [48].

4.5.2. LET versus dose escalation
An important further point for discussion and investigation

is whether dose escalation alone might be preferable to LET
escalation, as it can be performed while retaining high amounts
of target dose robustness and uniformity. Furthermore, LET
escalation in this study was also associated with some dose esca-
lation already, diminishing the gain in TCP due to LET alone.
Nonetheless, raising the total dose is different from increasing
the inhomogeneity, meaning OAR sparing for the same thera-
peutic effect could be superior in LET-escalated treatment plans,
depending on the amount of dose and LET escalation involved
when enhancing target LET. Given these potential advantages
and trade-offs, further investigation and comparison studies are
warranted.

4.5.3. Use of LET-based objectives
While the method used in this study to elevate target LET

does not rely on explicit LET-based objectives, incorporating
such objectives during optimization could improve control over
the LET distribution, enabling more subtle LET increases, better
sparing of OARs from high LET, and the integration of LET-
based beam angle optimization. Furthermore, the use of LET-
based objectives is suspected to allow for even higher LET
increases. Still, such increases will always come at the cost of
dose uniformity, robustness or increased OAR doses.

4.5.4. Ideal tumor location
For lung cancer in particular, a promising application of

target RBE elevation via LET optimization could be treating
large, centrally located tumors. These often lie near critical
structures like the heart and spinal cord, limiting the ability to
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deliver sufficient dose. Elevating LET, rather than dose, can im-
prove biological coverage without exceeding OAR constraints.
However, results showed LET elevation often coincided with
increases in mean and beam entry dose, raising OAR dose expo-
sure. Additionally, the opposing beam strategy used in this study
will inevitably lead to beams traversing OARs in the case of
centrally located tumors. These findings imply that centrally lo-
cated tumors are likely to be difficult targets for successful target
LET elevation. Accordingly, tumors located more peripherally
might be better targets, as in such cases beams less often have
to traverse through important OARs. Additionally, increases
in mean or beam entry doses are less problematic, since crit-
ical OARs such as the heart or esophagus are not as close in
proximity compared to centrally located tumors.

4.5.5. Sub-targeting to reduce LET enhancement drawbacks
To reduce drawbacks of the LET painting technique used in

this study, LET elevation could be restricted to subregions of the
tumor or GTV as a biological boost fraction, while robust dose is
delivered to the full CTV. Sub-targeting also reduces the risk of
high-LET and high-dose hotspots shifting outside the CTV due
to reduced robustness, and lowers entry dose. Furthermore, since
smaller targets might allow for higher LET to be reached, such
an approach can also result in greater target LET enhancement.

4.5.6. Overcoming hypoxia-induced treatment resistance
Finally, an interesting application of target LET escalation is

elevating LET in hypoxic subregions of a large primary tumor, to
overcome treatment resistance. However, LET levels achievable
with protons (around 1-10 keV/µm) are likely insufficient to
significantly reduce the oxygen enhancement ratio (OER) and
overcome hypoxia [49], for which heavier ions such as carbon
would be needed.

4.6. Assumptions and limitations

4.6.1. Included patients and group size
Complex cases where target coverage was compromised

to adhere to OAR-based clinical goals were excluded, which
were mostly large centrally located tumors. This means that
the included cases were mostly peripheral tumors with volumes
typically on the lower side. As such, the observed LET increases
may not generalize to (more) centrally located tumors or very
large tumors. Nonetheless, there was a good amount of variation
in tumor location and volume, which enhances the generalizabil-
ity of the findings with respect to these variables.

The sample size of 10 patients, while limited, is comparable
to or larger than most existing LET-optimization studies.

4.6.2. CTV-based planning
This study assumed ideal motion mitigation through tech-

niques like breath-hold, gating, or ultra-high dose rates. While
breath-hold and gating are established techniques, they are not
error-free [50]. This means the full reduction from ITV to CTV
contours for targeting the tumor is not completely justified. Still,
tumor motion in the included cases was limited, resulting in
minimal ITV-CTV differences. Furthermore, future work might

help reduce errors related to these techniques. Alternatively, the
employment of ultra high dose rates could enable CTV-only plan-
ning in the future, although its current clinical implementation
remains under investigation.

4.6.3. Probabilistic evaluation
The probabilistic coverage goal used in this study was cali-

brated based on head and neck patients. Consequently, a slightly
different probabilistic goal might have been required, based on
similar calibration for a group of lung cancer patients. This
means that the degree of robustness of the probabilistically ro-
bust treatment plans in this study might not be sufficient, or
might be more than strictly necessary. This in turn influences
the achievable LET values.

As shown in Supplementary Materials section S4, PCE for
lung cancer patients showed larger errors for smaller volume
metrics, overestimating the near-minimum dose (D98) and un-
derestimating near-maximum dose (D2), though these errors
were typically below 0.5 Gy. The more extreme near-minimum
volume of 99.8 could therefore present with a higher error, over-
estimating the actual dose and therefore overestimating the ro-
bustness. Consequently, the robust LET-optimized treatment
plans may have required slightly higher robustness. However,
even with an error of 1 Gy, such errors are around one percent
of the prescribed dose, meaning the effect on the overall LET
elevation would have remained small.

Another assumption that could have induced some amount of
error was assuming that the systematic and random setup errors
were equal. In reality they may differ. Extracting these errors
from patient registration data would have been more accurate.

4.6.4. TCP calculations
Some error in the TCP predictions is expected to exist, as

no fractionation correction was performed in the determination
of the radiobiological response parameters that form a part of
the EUD-based TCP model [38]. Accordingly, no correction for
fractionation was applied for the patient cohort in this study, al-
though different fractionation schemes are present in this cohort,
see Figure S1.

The choice for the exponent in the EUD also strongly influ-
ences TCP. As a value of -10 was taken for the exponent, low
values will have a higher weight in the EUD computation. Con-
sequently, the near-minimum LETd values in the target could be
important for reaching higher TCP values based on Unkelbach
RBE-weighted dose. This implies that the use of range shifters,
not used for the LET-optimized plans, could have increased their
associated TCP values, as range shifters decrease near-maximum
LET, but increase near-minimum LET.

4.6.5. Beam angle errors
In this study only setup and range errors were considered,

even though more errors exist in proton therapy treatment. For
example, gantry angle errors can exist, where the planned gantry
angle is slightly different from the actual gantry angle during
delivery. Furthermore, as different beam angles traverse different
parts of the patient, the relative range error can differ for the
different beam angles. These errors can cause differences in both
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the dose and LET distribution that were not considered in this
study.

4.7. Future work and recommendations

4.7.1. Assessment of biological dose to OARs
Further investigation should take place regarding potential

increases in biological dose to OARs surrounding the target
when using the LET-optimization method as employed in this
study, seeing as the results suggest that elevation of LET was
not fully confined to the target only.

4.7.2. Comparing LET-painting and LET-based optimization
A potential solution for increased biological dose to OARs

surrounding the target due to elevated LET, is the use of LET-
based objectives that can impose upper limits on LET in these
structures. Furthermore, the use of LET-based objectives could
also lead to more optimal solutions in terms of both dose and
LET. Therefore it would be valuable to directly compare achiev-
able target LET and biological doses in OARs between treatment
plans created with LET-painting and those created with LET-
based optimization objectives.

4.7.3. Comparison of LET-and-dose vs. dose-only escalation
As LET escalation was also associated with dose escalation,

which reduced the relative contribution of LET to improving
TCP, an important next step is to identify the optimal combi-
nation of dose and LET escalation. This combination should
maximize the benefits of LET elevation, while minimizing its
drawbacks. Such a strategy should be directly compared to sim-
ple dose escalation, by evaluating OAR doses and achievable
TCP, especially under uncertainty. This is because LET-elevated
plans are likely to be less robust, meaning the LET distribution
and TCP will vary more. To this end, polynomial chaos expan-
sion could be used to properly assess the robustness of not only
dose, but also LETd, LETd×D and TCP.

4.7.4. Phantom measurements of LET-optimized plans
Finally, extensive QA of LET-optimized treatment plans on

phantoms could already be performed, to examine whether the
highly inhomogeneous dose distributions with reduced robust-
ness can be delivered safely, and to measure whether the target
LET elevations predicted in silico are also achieved in real-life
measurements [51].

4.8. Conclusion

Clinically significant increases in tumor control probability
due to enhanced target LET are possible without the use of LET-
based objectives, by leveraging high inhomogeneity and strictly
meeting robustness levels as found in photon therapy through
probabilistic evaluation. Whether the potential gains in TCP
justify these trade-offs should be a subject of clinical discussion,
particularly in light of future developments that may increase
target LET elevation even further or reduce the trade-offs needed
to reach the same amount of LET enhancement. Future work
should further identify the ideal combination of both dose and
LET escalation, which maximizes the benefits of LET elevation

and minimizes its drawbacks. Such a strategy should be directly
compared to simple dose escalation, in terms of OAR doses and
attainable TCP, especially under uncertainty. While unlikely
to be implemented in the clinic soon, target LET enhancement
could have the potential to fully exploit the particle properties
of protons, widening the therapeutic window.
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Andreas Maier, Wilma Kraft-Weyrather, Yoshiya Furusawa, Thomas
Friedrich, and Emanuele Scifoni. Kill-painting of hypoxic tumours in
charged particle therapy. Scientific Reports, 5(1), Nov 2015.

[50] Yuki Tominaga, Masaki Suga, Mikuni Takeda, Yuki Yamamoto, Takashi
Akagi, Takahiro Kato, Sunao Tokumaru, Michinori Yamamoto, and Masa-
taka Oita. Comparing interplay effects in scanned proton therapy of lung
cancer: Free breathing with various layer and volume rescanning versus
respiratory gating with different gate widths. Physica Medica, 120:103323,
2024.

[51] V.A. Pan, L.T. Tran, T. Madden, B. Clasie, H. Kooy, A.B. Rosenfeld, and
N. Depauw. Letd optimization verification with an soi microdosimeter.

International Journal of Radiation Oncology, Biology, Physics, 119(3):946–
956, 2024.

[52] Mark Geurts. 3D gamma computation in MATLAB. Code accessi-
ble at Github: https://github.com/mwgeurts/gamma, July 2024. DOI:
10.5281/zenodo.12735617.

[53] Daniel A. Low, William B. Harms, Sasa Mutic, and James A. Purdy. A
technique for the quantitative evaluation of dose distributions. Medical
Physics, 25(5):656–661, 1998.

18



Supplementary Materials

S1. Patient and treatment characteristics

Table S1: Patient and treatment characteristics

Patient
Alias Histology

Location
primary tumor

Target
Volume
[cmˆ3]

Stage
Prescribed

dose
[Gy(RBE=1.1)]

N
fractions

Long001 Adenocarcinoma Right upper lobe 28,25 IIIA 55 20
Long005 Squamous cell carcinoma Right lower lobe 80,72 IIIB 55 20
Long007 Squamous cell carcinoma Right main bronchus 112,36 IIIA 60 30
Long009 Squamous cell carcinoma Left upper lobe 38,34 IIIC 66 24
long010 Adenocarcinoma Left lower lobe 142,83 IVA 55 20
long012 Squamous cell carcinoma Right upper lobe 8,09 IIIC 66 24
long015 Neoplasm, malignant Mediastinum 19,28 - 60 30
long016 Unknown Right lower lobe 25,97 IIIB 60 30
long017 Adenocarcinoma Left upper lobe 148,48 IIIC 66 24
long018 Adenocarcinoma Left lower lobe 38,8 IIIA 66 24

S2. Clinical goals and planning objectives

Table S2: Clinical goals

ROI Clinical Goal
CTVp D98 ≥ 0.95Dpr

CTVp D2 ≤ 1.07Dpr

Esophagus
Davg ≤ 34Gy(RBE)
D1cc ≤ 60Gy(RBE)

Lungs −GTV
Davg ≤ 20Gy(RBE)
D35 ≤ 20Gy(RBE)

Heart
Davg ≤ 0Gy(RBE)
D30 ≤ 30Gy(RBE)

Spinalcord
D0.03cc,core ≤ 50Gy(RBE)
D0.03cc,sur f ≤ 60Gy(RBE)

Skin D0.03cc ≤ 50Gy(RBE)
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Table S3: Initial set of planning objectives used for creation of the clinical treatment plans.

ROI Planning objective Initial Weight Robust Constraint

ITV Min dose Dpr Gy (RBE) 300 X
ITV Max dose Dpr Gy (RBE) 100 X
Brachial Plexus (left) Max dose 60 Gy (RBE) 0 X
Brachial Plexus (right) Max dose 60 Gy (RBE) 0 X
Spinal Cord Surface Max dose 60 Gy (RBE) 0 X
Spinal Cord Core Max dose 54 Gy (RBE) 0 X
Thyroid gland-ITV Max EUD Dpr Gy (RBE), A=1 1
Liver-ITV Max EUD Dpr Gy (RBE), A=1 1
Trachea-ITV Max EUD Dpr Gy (RBE), A=1 1
Heart-ITV Max EUD Dpr Gy (RBE), A=1 1
Lung (lef) - ITV Max EUD Dpr Gy (RBE), A=1 1
Lung (right) - ITV Max EUD Dpr Gy (RBE), A=1 1
Esophagus-ITV Max EUD Dpr Gy (RBE), A=1 1

Trachea
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

Heart
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

Esophagus
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

Lung (left)
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

Lung (right)
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

Liver
Dose fall-off Dpr to 20 Gy (RBE),
Low dose distance 3.00 cm 1

External
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External Max dose X* (RBE) 1 X
External Max dose 1.05 Dpr 1 X

*Clinical goal is applied for every beam separately, with its value dependent upon the amount of beam angles that are employed

Table S4: Set of planning objectives used for creation of the probabilistically robust LET-optimized (RobustLETopt) treatment plans.

ROI Planning objective Initial Weight Robust Constraint

CTVp Min dose Dpr Gy (RBE) 2500 X
CTVp Max dose Dpr Gy (RBE) 1500 X

Esophagus
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Heart
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Lungs-GTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Spinal Cord
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV Max Dose 1.05 Dpr 5000
Proximal target segment Min dose 5 Gy (RBE)* 100

*Clinical goal is applied for every beam and corresponding target segment separately.
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Table S5: Set of planning objectives used for creation of the non-robust LET-optimized (LETopt) treatment plans.

ROI Planning objective Initial Weight Robust Constraint

CTVp Min dose Dpr Gy (RBE) 2500
CTVp Max dose Dpr Gy (RBE) 1500

Esophagus
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Heart
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Lungs-GTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Spinal Cord
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV Max Dose 1.05 Dpr 5000
Proximal target segment Min dose 5 Gy (RBE)* 100

*Clinical goal is applied for every beam and corresponding target segment separately

Table S6: Set of planning objectives used for creation of the robust dose-optimized reference treatment plans (RobustDoseOpt).

ROI Planning objective Initial Weight Robust Constraint

CTVp Min dose Dpr Gy (RBE) 2500 X
CTVp Max dose Dpr Gy (RBE) 1500 X

Esophagus
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Heart
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Lungs-GTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

Spinal Cord
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV
Dose fall-off Dpr to 0 Gy (RBE),
Low dose distance 2.00 cm 1

External-CTV Max Dose 1.05 Dpr 5000

S3. Target contour subdivision into proximal target segments
The primary CTV (CTVp) was divided into four segments, based on spatial proximity to each beam direction, with
the center of the CTVp as reference point. This segmentation relied on the fact that for four beams, the boundaries
between segments are simply their bisectors. To create the contours of a proximal target segment for a certain beam
angle, the angles of the bisectors between the current beam angle and the other two beam angles of the other set of
opposing beam angles were determined, knowing that the angle of a bisecting line is the average of its associated
beam angles.

Next, a cube-shaped ROI was defined, with its origin equal to that of the center of the CTVp. The cube-shaped
ROI was then rotated using matrix multiplication of its spatial position matrix with a rotation matrix R, see Formula
A.1.

Rθ,(px,py) =

cos(θ) −sin(θ) 0 px

sin(θ) cos(θ) 0 py

0 0 1 0

 (A.1)

The smallest angle of the two bisecting lines was used for rotation. Then, the cube-shaped ROI was translated in
the positive direction of both bisecting angles by half the width of the cube-shaped ROI, using matrix multiplication
of the spatial position matrix with a translation matrix T, see Formula A.2.

21



Tθ,d =

1 0 0 dcos(θ)
0 1 0 dsin(θ)
0 0 1 0

 (A.2)

This causes two of the edges of the cube-shaped ROI to become exactly aligned with the two bisecting lines. Then,
using RayStation ROI algebra, a new ROI is created that follows from the geometric union of the full CTV contours
and the cube-shaped ROI. The size of the cube-shaped ROI was set to of 15x15x15 cm, which was large enough
compared to the size of the tumors in all cases.

This process was repeated and automated using RayStation scripting for all beam angles, to obtain all four
proximal target segments. Figure S1 illustrates this method.

Note that in the case of more beam angles, this geometrical trick becomes less straightforward, and exact
division of segments using e.g. voxel-wise distance calculations are preferable. It is also important note is that
gantry angles (θ) in RayStation are defined with respect to the patient’s coordinate system in the coronal plane. As
such, an angle of 0 degrees corresponds to the negative anterior direction, i.e. when the beam is pointing exactly
into the patient’s front. Furthermore, angles increase in a clockwise fashion when viewed from the foot of the
patient (head-first supine position). For example, 90 degrees corresponds to a lateral beam pointing from left to
right, 180 degrees corresponds to a posterior beam (from back to front) and 270 degrees corresponds to a lateral
beam pointing from right to left.

Figure S1: A visualization of the segmentation algorithm that divides the primary tumor CTV (CTVp) into four proximal target segments (PTS),
which involves per beam direction and associated PTS: (A) The creation of a cube-shaped ROI with its center equal to that of the CTVp, (B)
rotation of the cube-shaped ROI according to the bisecting angle between the beam-direction angle and the closest angle of the other set of two
opposing beam angles, (C) translation of half the cube’s width into the positive direction of the bisecting angles between the beam-direction
angle and both beam angles of the other set of opposing beam angles, followed by the geometric union of the cube-shaped ROI and full CTV to
form the PTS, (D) and repeating this process for the other beam-direction angles to create all four PTSes.

S4. PCE validation
S4.1. Methods

Validation of PCE for the lung treatment site largely followed the validation performed by the original study
that introduced PCE to the field of proton therapy [32]. To this end, dose predictions made by PCE models of five
clinical lung cancer IMPT treatment plans were compared to dose distributions as calculated by the RayStation MC
dose engine for 425 uncertainty scenarios ξ⃗ . These scenarios were sampled using the combination of 7 equally
distanced points along each error axis (ξAP, ξLR, ξS I , ρ), spanning their respective 90% confidence intervals. Only
points falling inside the contour that encompasses 90% of the probability space of the combined multivariate normal
distribution of the individual errors were considered, which can be found analytically according to expression A.3.(

ξ⃗ − µ⃗
)
Σ−1
(
ξ⃗ − µ⃗

)
≤ χ2

p(α) (A.3)

With ξ⃗ the 4D-uncertainty vector, µ⃗ the vector containing the statistical mean of the errors making up the uncertainty
vector, Σ the covariance matrix which, due to statistical independence, is equal to a diagonal matrix containing the
variance of the error variables on its diagonal and χp(α) the 1-αth percentile of the chi-square distribution with p
degrees of freedom, in this case equal to the amount of error variables (p=4) [? ]. α was chosen to be 0.1 to include
90% of possible error scenarios in a grid-like structure, therefore equally representing both small error scenarios
and relatively larger error scenarios. This resulted in a total of 425 valid scenarios used for validation. Figure S2
illustrates the selection of these valid scenarios using 7 equally distanced points along each uncertainty variable
axis for two of the principal setup-error axes and the relative range error dimension.
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Figure S2: Visualization of the included sample points used for validation in the uncertainty space, consisting of three dimensions of setup error
and a single dimension for the relative range error. Pleas note that the actual uncertainty space is four-dimensional, however here it is presented
as being 3D, by including only two of the three setup error dimensions and the single relative range error dimension.

The difference between PCE dose predictions and the ground truth MC-based dose calculations of the different
error scenarios were compared based on 3D average absolute difference, the worst 2% 3D difference and based on
3D gamma-analysis with strict dose-difference criterion and distance-to-agreement (DTA) criterion of 1% of the
prescribed dose and 1 mm, as implemented in MatLab by [52], based on the formalism as used by D.A. Low et al.
[53].

Furthermore, several DVH-parameter values were compared for the target, including the D98, D2, Dmean, Dmin

and Dmax. Similarly, DVH-parameters used in the clinical goals for the heart, esophagus and spinal cord were
compared, offering a wide variety of different DVH-parameters for validation.

S4.2. Results
Figure S3, shows cumulative volume histograms of the average absolute difference, worst 2% difference and

gamma analysis results for the 425 uncertainty scenarios. As can be observed, for most of the scenarios average
differences remain well below 1 Gy, worst 2% differences remain well below half a Gray and gamma analysis results
indicate that for all scenarios, the passing rate is well above 97 percent (compared to the goal that is often stated
for gamma analyses of 95%). One can observe average differences of up to 3 Gy for a single patient in a single
uncertainty scenario between PCE and MC dose engine predictions. Differences in accuracy of the PCE-model
predictions between the different patients can be observed.

Figure S3: Cumulative volume histograms displaying the average absolute differences, worst 2% differences and gamma analysis results (1%,1
mm) between dose predictions made by PCE models for five clinical lung cancer IMPT treatment plans.
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Figure S4 shows the difference in DVH-parameters for the target and OARs between 425 uncertainty scenario
PCE dose predictions and corresponding MC dose calculations for the five lung cancer IMPT treatment plans.
Looking at the near-minimum (D98) and near-maximum (D98) values for the target, we can see that the PCE
predictions seem to consistently predict higher near-minimum values and lower near-maximum values, however
these differences are mostly below an absolute value of 0.5 Gray, which corresponds to less than one percent the
prescribed doses of these plans. Especially the predicted mean target dose values seem to align very well with
MC-computations. The smaller the volume that is considered in the dose metric, the higher the error becomes,
as can be seen by looking at the min and max values, where absolute differences of up to 2 Gray are observed,
although most remain within 0.5 Gray. Again, we see for the maximum values a general trend underestimation and
for the minimum values a trend of overestimation.

This high accuracy for larger volume metrics and mean values is also observed for the clinical goal metrics of
the heart (D30,Dmean) and the mean dose metric for the esophagus. Again, larger errors are observed for smaller
volume dose metrics with errors ranging from -1 to 1 Gray for the D1cc metric of the esophagus and D0.03cc metric
of the core of the spinal cord.

Figure S4: Absolute dose differences for five lung cancer patients between PCE predictions and MC-dose engine calculated dose distributions
for 425 uncertainty scenarios. The differences for several target dose DVH-parameters and clinical goal DVH-parameters for important lung
OARs are included.
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S5. Employed sets of opposing beam angles

Table S7: Original (Clinical) and new coplanar gantry angles of the two sets of opposing beam angles used for the RobustDoseOpt, LETopt and
RobustLETopt plans.

Patient
Alias

Original
Gantry angles† [°] New Gantry angles† [°]

Opposing Set 1 Opposing Set 2
Long001 (180,150,210) (30,210) (150,330)
Long005 (10,340,205) (20,200) (140,320)
Long007 (180,150,210) (30,210) (150,330)
Long009 (180,150,210) (30,210) (150,330)
long010 (180,150,15,345,210) (35,215) (145,325)
long012 (180,350,210) (30,210) (150,330)
long015 (30,0,330) (30,210) (150,330)
long016 (180,150,210) (30,210) (150,330)
long017 (180,150,25) (25,205) (150,330)
long018 (170,220,190) (15,195) (165,345)

† Gantry angles as listed here are defined with respect to the patient’s coordinate system in the coronal plane. An angle of 0 degrees corresponds
to the negative anterior direction, i.e. when the beam is pointing exactly into the patient’s front. Angles increase in a clockwise fashion when
viewed from the foot of the patient (head-first supine position). For example, 90 degrees corresponds to a lateral beam pointing from left to right,
180 degrees corresponds to a posterior beam (from back to front) and 270 degrees corresponds to a lateral beam pointing from right to left

S6. Robustness Settings and scaling factors

Table S8: The used robustness settings during optimization and associated scaling factors per patient to reach the probabilistic coverage goal of
p10(D99.8,CTV ) = 0.95Dpr , while maintaining within one percentage point of the probabilistic maximum dose goal of p95(D2,CTV ) = 1.4Dpr

Patient
Alias

Robustness
Settings

D99.8,p10
/Dpr

D2,p95
/Dpr

Scaling
factor

D99.8,p10
/Dpr

Scaled

D2,p95
/Dpr

Scaled
Range

[%]
Setup
[mm]

Long001 3 2.5 0,920 1,365 1,033 0,950 1,396
Long005 3 3 0,918 1,360 1,035 0,950 1,392
Long007 3 6.5 0,950 1,405 1,000 0,950 1,405
Long009 3 4 0,941 1,388 1,010 0,950 1,397
long010 3 5.5 0,934 1,387 1,018 0,950 1,403
long012 3 2 0,869 1,311 1,094 0,950 1,392
long015 3 5.75 0,956 1,401 0,993 0,950 1,395
long016 3 4 0,929 1,371 1,023 0,950 1,392
long017 3 4 0,927 1,370 1,025 0,950 1,393
long018 3 3.5 0,927 1,375 1,025 0,950 1,397

S7. Time info
The median time needed for computing the 208 perturbed scenarios using the RayStation MC dose engine was
approximately 1020 seconds. The median time needed for predicting the 10.000 fully fractionated treatment
plan doses was approximately 420 seconds. The median time for PCE model fitting/creation was 10.3 seconds.
This corresponds to an average computation time of a single MC dose calculation of 4.98 seconds, versus a PCE
prediction time of just 0.0015 seconds per scenario (when taking the extra fraction scenarios into account that are
needed to compute the fully fractionated dose). This shows the comparative speed of more than 3000 (3420.82)
times as fast dose computations with PCE once the model is built.

25



Figure S5: Three panels displaying the time needed for computing the sparse set of 208 scenarios used for fitting the PCE models with the
RayStation MC-dose engine, the prediction time of the fully fractionated treatment times using the fit PCE models, and the time needed for
fitting the models, for all patients. Note: the time for fully fractionated doses using PCE is dependent on the fractionation schemes for the
different patients, with more fractions necessitating more scenario calculations and therefore a higher amount of time needed for prediction. See
Table S1 for fractionation info.
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S8. Beam placement

Figure S6: A comparison of the beam-wise dose and LETd distributions for the reference dose-optimized and LET-optimized treatment plans,
showcasing the effect of introducing beam-specific minimum dose objectives for proximal target segments on the placement of spots closer
inside or beam-wise proximal to the target (RobustDoseOpt vs. LETopt). Increases in robustness due to robust optimization again lead to
spots being placed more distally, with the RobustLETopt plans having spot placement approximately between the placement observed in the
RobustDoseOpt and LETopt plans, reflecting the increased robustness of these plans compared to the LETopt plans and decreased robustness
compared to the RobustDoseOpt plans. As showcased in Figure 5 of the Results section

27



Figure S7: Figure S6 continued.
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S9. Adherence to OAR clinical goals: Nominal scenario

Figure S8: Comparison of the OAR-based clinical goal DVH-parameter values between plan types for all patients. The horizontal dashed lines
indicate the clinical goal values, that are not to be exceeded.
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S10. Adherence to OAR clinical goals: Probabilistic evaluation of p95(Dx)

Figure S9: Comparison between plan types of the OAR-based clinical goal values based on the 95th percentile value of associated DVH-metric,
based on 10.000 fully fractionated treatments as predicted using PCE. The horizontal dashed lines indicate the clinical goal values, that are not
to be exceeded.
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S11. D99.8 distributions of the four plan types for a single patient

Figure S10: A comparison of the distribution of D99.8 values between the dose-optimized (Clinical, RobustDoseOpt) and LET-optimized
(LETopt, RobustLETopt) plans, for 10.000 simulated, fully fractionated treatments for a single patient. Dashed vertical lines indicate the 10th
percentile value of the corresponding D99.8 same-color distribution for a plan type. A black dashed vertical line indicates the probabilistic
coverage goal of p10(D99.8,CTV ) = 0.95Dprused throughout this study. Note: the 10th percentile line of the RobustLETopt plan for this patient
coincides with the coverage goal line.

S12. TCP curve

Figure S11: The tumor control probability (TCP) versus equivalent uniform dose (EUD), as calculated by equation 5 in the Methods section.
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S13. Correlation between target LETd and target volume

Figure S12: The mean LETd in the primary CTV versus the target volume in cc, alongside a non-significant linear fit of the data-points.

S14. TCP curve

Figure S13: The tumor control probability (TCP) versus equivalent uniform dose (EUD), as calculated by equation 5 in the Methods section.
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S15. Robustness of LETd, LETd×D and TCP

Figure S14: Three panels displaying the spread in MC-engine-based values of target mean LETd, LETdxD and TCP for a single patient and 425
scenarios uncertainty scenarios. These scenarios span the 4D 90% confidence space of the combined setup-errors and relative range errors.
These scenarios were the same as used for the initial validation of PCE for lung cancer patients, see Section S4
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