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Abstract

Online adaptive radiotherapy (OART) represents a significant advancement in
cancer treatment, enabling plan adaptation to account for daily anatomical
variations. However, its clinical implementation faces significant challenges,
particularly in achieving time-efficient workflows while maintaining treatment
quality. This thesis investigates different but complementary aspects of OART to
enhance its clinical viability.

This thesis first investigates how to leverage the best value out of two critical
steps of current adaptive workflow: the automatic segmentation and the
automatic planning. Then it investigates how to bring efficient online adaptive
workflow for two emerging treatment techniques the proton arc therapy and the
conformal FLASH therapy, each presenting unique challenges for adaptation.

Through these investigations, this work contributes to both current clinical
practice and emerging radiotherapy technologies, aiming to bridge the gap
between OART theoretical potential and practical implementation. The findings
emphasize the importance of balancing dosimetric benefits with temporal
constraints, particularly for proton therapy-based treatments where adaptation
time significantly impacts clinical viability.
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1. Context and objectives

1.1. Context
From the Global Cancer statistics 2022, it is estimated that one in five humans

develop cancer in their lifetime. One in nine men and one in twelve women die
from it [1]. While various treatment modalities exist to combat cancer, radiation
therapy (RT) is utilized in more than half of all cases.

RT is a cornerstone of modern cancer treatment that harnesses the power of
ionizing radiation to combat malignant cells. Since Wilhelm Rdntgen's
groundbreaking discovery of X-rays in 1895, RT has undergone a remarkable
evolution, transforming from a rudimentary tool into a sophisticated, precise
weapon against cancer. The fundamental principle of RT remains unchanged: to
deliver a lethal dose of radiation to tumor cells while sparing healthy tissues.
However, the methods to achieve this goal have advanced dramatically.

Since the beginning of RT, focus has been on improving dose conformity to target.
Initial approaches relied on simple two-dimensional ballistic treatments, where
radiation beams were delivered from fixed angles with minimal shape adaptation
and limited information from two-dimensional images. This evolved into three-
dimensional conformal radiotherapy, which enabled better conformation of the
radiation beam to the tumor shape with arrival of volumetric images [2]. The
subsequent development of intensity-modulated radiotherapy (IMRT) [3]
introduced the ability to modulate radiation intensity within each beam,
significantly improving dose conformity. This progression culminated in
volumetric arc therapy (VMAT) [4, 5], which exploits continuous beam rotation
around the patient to create highly conformal dose distributions through optimal
utilization of the whole set of beam angular positions.

However, RT has now reached a pivotal transition point. While previous
developments focused primarily on spatial optimization of dose delivery through
increasingly sophisticated planning techniques, the RT community has
emphasized the critical importance of considering temporal patient evolution [6].
The fundamental principle of treatment fractionation in RT, while essential for
balancing tumor control with normal tissue toxicity, introduces inherent
uncertainties into the treatment process. The extended treatment duration,
typically spanning several weeks, exposes the treatment delivery to various
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anatomical variations. These changes, which may include tumor regression,
weight fluctuations, and organ motion, can significantly compromise the validity
of the initial treatment plan [7] (for more details, see section 6. on treatment
uncertainties). Uncertainties become particularly critical for hypofractionated
treatments, which deliver larger doses per fraction and are increasingly prevalent
in modern RT [8-10].

Conventional RT workflows, constrained by time and resource limitations, try to
maintain the same treatment plan throughout the entire course of therapy.
Conventionally, this treatment plan is only updated when large anatomical
changes on daily patient images are observed. This approach, while pragmatic
from an operational, does not account for a large part of dynamic anatomical
variations and may lead to suboptimal treatment delivery.

Adaptive radiation therapy (ART) has emerged as a solution to comprehensively
address these anatomical variations with adaptation of the treatment plan [6, 11].
The concept of ART encompasses a range of strategies and technologies to
efficiently modify the treatment plan according to the patient’s new anatomical
state. The goal is to deliver a truly personalized treatment that evolves with the
patient's changing anatomy and response to therapy. ART was first proposed as
“offline” ART and evolved towards what is now called “online” ART (OART) [12]. In
offline adaptation, images acquired during previous treatment sessions are
analyzed to identify potential anatomical variations. The treatment adaptation
process occurs between treatment sessions, not necessarily the same day of the
adapted treatment fraction. In contrast, OART performs plan adaptation while the
patient remains on the treatment couch, thus, immediately before treatment
delivery. This approach enables the treatment plan to be modified based on the
patient anatomy of the day, captured through on-couch imaging. While this offers
the potential for precise treatment delivery by accounting for daily anatomical
variations, OART exerts significant time pressure on the treatment workflow. All
steps, including image acquisition, auto-segmentation, contour verification, dose
optimization, and quality assurance, must be completed within a clinically
acceptable timeframe, typically 15-30 minutes, to maintain patient comfort and
treatment efficiency [13, 14]. Consequently, despite its potential benefits, the
clinical implementation of OART faces significant challenges that need to be
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addressed to make it both efficient and reliable across various treatment
modalities.

In the pursuit of minimizing radiation-induced toxicity and side effects, research
has also increasingly focused on using protons instead of X-rays, resulting in what
is called now the proton therapy (PT) [15]. The fundamental advantage of PT lies
in the distinctive dose-depth profile of protons, characterized by the Bragg peak, a
sharp peak of energy deposition at a specific depth. This stands in marked
contrast to photon radiation, which exhibits an initial energy build-up followed by
exponential attenuation through tissue.

As for conventional RT, PT has experienced significant technological advances
enabling high-precision treatments. Notable among these is intensity-modulated
proton therapy (IMPT), the proton equivalent of IMRT, which combines
modulated inhomogeneous beams to achieve highly conformal dose distributions
[16, 17]. IMPT is frequently implemented using pencil beam scanning (PBS), where
a narrow proton beam rapidly scans a target volume layer [18]. Complete target
coverage is achieved by repeating this two-dimensional scanning pattern at
different proton energies, enabling target depth coverage.

While protons physical characteristics enable superior sparing of healthy tissues
both proximal and distal to the target volume, it also introduces important
sensitivity to treatment uncertainties. The sharp dose gradient inherent to PT
Bragg peak, while therapeutically advantageous, makes treatments particularly
vulnerable to anatomical variations [19, 20]. Even minor changes in tissue density
or thickness along the beam path can significantly alter the range of protons,
potentially leading to severe target underdosage or unexpected exposure of
organs at risk. This inherent sensitivity necessitates the implementation of
sophisticated elements of planning, including Monte Carlo dose calculation
algorithms [21-23], comprehensive robustness analysis [20, 24], and volumetric
images able to precisely provide protons energy loss through the patient [25, 26].
While these requirements already make the initial treatment planning process
more challenging than for conventional RT, online adaptation (OA) also adds the
important time constraint. This results in a complex situation: while PT demands
adaptive approaches more urgently than conventional RT, implementing such
adaptation is inherently more complex.
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Nonetheless, recent years have witnessed significant progress in the
implementation of OA, with solutions emerging for both conventional RT and PT.
For RT, commercial platforms such as Ethos [27], Unity [28], and MRIdian [29]
now offer integrated environments that combine the necessary hardware and
software components to enable adaptive workflows. For PT, research groups have
proposed several methods for OA and recently, for the first time one of these
proposed workflows was used in clinical environment to enable high-precision OA
PT treatments [30].

However, the current state of OA still falls short of its full potential. The tools,
methodologies, and workflows developed to enable adaptation within clinically
acceptable timeframes often represent compromises between speed and
optimality. When putting aside inter-fractions errors and comparing current OART
methods to conventional treatment planning approaches, where time constraints
are less stringent, these adaptive solutions may produce imperfect or suboptimal
results. In order to reach the full potential of OART, it is necessary to address
these limitations by identifying, analyzing, and resolving the constraints that
currently prevent OA from achieving its maximum potential.

Although efforts continue to establish OA in clinical practice, parallel research
keeps advancing on techniques for improved conformality and reduced toxicity by
exploiting machine maximal degree of freedom or leveraging recent
radiobiological discoveries. However, as such new techniques emerge, it is not
always guaranteed that they keep pace with the evolution of RT towards OA. Yet,
the potential synergy between OA and these emerging modalities remains
underexplored, despite its promise to achieve unprecedented levels of treatment
quality in cancer care.

Among these, proton arc therapy (PAT) [31], which is approaching clinical
implementation, represents an evolution in PT analogous to the transition from
IMRT to VMAT in conventional RT. By utilizing a vast range of beam angles, PAT
aims to achieve superior dose distributions with enhanced sparing of healthy
tissues. However, even in its non-adaptive form, PAT faces significant
computational challenges due to the complexity of determining optimal beam
energy across numerous beam angles and the multitude of beam parameters.
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These inherent computational demands add another layer of complexity to the
already challenging field of adaptive PT.

Conformal proton FLASH therapy represents another emerging modality that
introduces distinct considerations for adaptive implementation. This technique
leverages the FLASH effect, a phenomenon re-discovered a few years ago where
ultra-high dose-rate radiation delivery results in reduced normal tissue toxicity
while maintaining tumor control [32]. The requirement to maintain ultra-high
dose rates throughout treatment delivery introduces additional constraints to the
planning process. Any adaptive workflow for FLASH therapy must not only
account for anatomical variations but also ensure that the adapted plans maintain
the necessary dose-rate characteristics to preserve the FLASH effect.

These emerging modalities exemplify how technological advances in RT and PT
continue to introduce new challenges for adaptive planning. Developing efficient
adaptive workflows for these techniques requires innovative solutions that can
address both their unique technical requirements and the fundamental challenges
of OA.

1.2.  Rationale of this thesis

With OA advancing as an inevitable trend in RT and PT, there is a pressing need to
develop highly efficient adaptive techniques and to generalize them to emerging
techniques. However, while bringing OA for PAT or FLASH could lead to
substantial improvement of treatment quality from an individual patient
perspective, it is necessary to ensure that such benefits is worth the required
adaptation time from the point of view of a population of patients. Considering
the cost of PT facilities [33, 34], maintaining adequate patient throughput remains
crucial for its economic viability and ensuring patient access to this technology
[35]. This critical balance between treatment time and dosimetric benefits has
recently been illustrated for OA of IMPT lung patients, where a recent study
indicated that adaptive treatment sessions should be contained within 6 to 20
minutes, depending on the considered setup margins, to maintain clinical
relevance with limited machine capacity [35]. Exceeding this time window would
prevent many patients from accessing PT treatment quality forcing their
redirection to sub-optimal alternatives, thereby reducing the average treatment
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quality across the patient cohort and compromising both the clinical and
economic viability of the technique.

Consequently, such a constraint adds another layer of complexity for PT-based OA
techniques and highlights the necessity of optimizing at best the treatment
adaptive workflow: maximizing dosimetric benefits from adaptation to justify
potentially extended treatment sessions, while containing the additional
adaptation time within clinically relevant windows.

Moreover, dosimetric benefits achieved through improved dose conformality with
existing OA strategies for IMRT/VMAT photon treatments may mitigate the
expected benefit of emerging techniques. It is therefore essential that those
emerging techniques are implemented with OA solutions quickly available to
maximize their potential.

Therefore, OA must be feasible and efficient for emerging techniques to ensure
their viability from clinical and economical points-of-view. This means that it is
necessary to accelerate OA workflows at every step when possible, whether those
are specific to those emerging techniques or not. As a consequence, optimizing
current state-of-the-art OA workflow components and extending them to
emerging modalities are both essential. This thesis addresses these challenges
through four complementary chapters.

The first two chapters focus on improving and accelerating key components of
current adaptive workflows: automatic planning and contour verification. These
components are critical bottlenecks in the adaptation process, where
improvements in efficiency and reliability could significantly impact clinical
implementation. Automatic planning often demonstrates limitations compared to
manual planning [36-38], potentially compromising dosimetric benefits. Similarly,
contour verification frequently requires extensive time for reviewing and
manually correcting auto-segmented structures to ensure treatment quality [39,
40]. Finally, the latter two chapters explore the extension of adaptive concepts to
emerging treatment modalities, PAT and FLASH therapy, which present unique
challenges and opportunities for adaptation.

This comprehensive approach aims to contribute to the broader goal of making
OA for emerging techniques viable, ultimately working toward improved
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treatment outcomes for cancer patients. The following sections of this
introduction will lay the groundwork for understanding this challenge, explaining
the clear objectives of this thesis and where we currently stand in terms of
technological capabilities and clinical implementation.

1.3.  Objectives

The research of this thesis is motivated by the challenges associated with
implementing OART quickly and efficiently for the emerging treatment solutions,
seeking to improve patient outcomes through more personalized and adaptive RT
and PT approaches. It is structured around four interconnected chapters (chapter
2 to 5), each addressing a critical aspect of adaptive radiotherapy.

Chapter 2 focuses on automatic planning, comparing two different but popular
approaches for automatic planning in OART. The first one being the use of a wish-
list of objectives embedded in a template, implemented into the commercial
system Varian Ethos. The second one being using artificial intelligence (Al) to
predict the three-dimensional optimal dose distribution for the patient (i.e. dose
prediction), followed by an optimization process to find the machine parameters
that reproduce this dose, known as dose mimicking. This investigation aims to
assess the performance, patient optimality, and limitations of these approaches,
while exploring the potential for more efficient and effective automatic dose
optimization. Automatic planning based on a template of clinical constraints is an
appealing proposition that already showed to be able to provide plan of clinical
quality in a few minutes (in the case of Ethos). However, in the context of
reaching the full potential of OA and maximizing the ratio of dosimetric benefits
over adaptation time, satisfying clinical goals might not be sufficient.
Consequently, it is legitimate to evaluate the dosimetric optimality of these
automatically optimized plans. This is why we aim at challenging such approach by
another very well-known automatic method: the dose prediction. To provide a
complete evaluation of optimality we aimed at evaluating the potential gap of
quality of such automatic methods with regard to the current gold standard:
manual planning.

Chapter 3 delves into automatic segmentation correction. The automatic
delineation of anatomical volumes on daily treatment images represents a critical
challenge in OART. Clinicians must verify and potentially edit the automatically
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segmented contours, introducing significant time delays in the workflow without
clear indication of which corrections are clinically meaningful. Substantial
efficiency gains could be achieved by guiding clinicians to focus on regions where
manual corrections would have genuine clinical impact. We propose here to
develop a novel visualization tool that will help the clinician to focus on areas
where editions will have a significant impact.

Chapter 2 and 3 deal with state-of-the-art methods essential for OART and try to
provide ways to tend toward a maximized value of OART. Chapter 4 and 5 focus
on how to provide adaptation workflow dedicated to the two considered
emerging treatment modalities.

Chapter 4 addresses the challenges of PAT emerging treatment modality, to reach
compatibility with OA conditions. As OA in PT has primarily focused on IMPT, we
drew inspiration from these existing techniques to develop our approach for PAT.
As previously introduced, PAT presents unique technical challenges due to the
numerous plan parameters to optimize, typically resulting in extended planning
times. Given PAT unique computational demands, this chapter proposes reusing
selected parameters from the initial treatment plan rather than fully re-optimizing
them on daily images, thereby reducing calculation time.

Chapter 5 investigates adaptive workflows for conformal FLASH PT, an emerging
modality that would probably require a few more years than PAT to reach clinical
environments. Since FLASH effect requires high dose-rate to be triggered, current
proposed implementations of FLASH treatment necessitate to make the dose
delivery as fast as possible. Consequently, some elements of conventional PBS
cannot be used, e.g. energy switch-ups and -downs are too slow. While existing
approaches achieve high dose-rates under standard conditions, those seem hardly
compatible with timing pressure of daily adaptation. Consequently, this chapter
investigates a simplified workflow that make possible to achieve high-dose rates
treatment and relevant plan optimization time compatible with OA.

Through these four technical chapters, this thesis aims at enabling OA for
emerging PT techniques while ensuring their clinical and economic viability. This
underscores a crucial principle: dosimetric gains must be weighed against their
temporal requirements, highlighting the fundamental importance of accelerating
OA workflows. Moreover, technological progress continues in conventional
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photon-based treatments. This progress cannot be overlooked and must be
integrated in emerging techniques as well to maintain their comparative
advantage.
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2. Principles of radiation therapy
Radiation therapy (RT) is a treatment modality that relies on fundamental
principles of biology and physics. The following subsections quickly remind the
specific mechanisms by which radiotherapy operates, including its effects on
cancerous and healthy cells, the fractionation of treatment as well as the current
techniques and workflows.

2.1. Ionizing radiation and dose fractionation

As its name implies, ionizing radiation is able to ionize matter. In RT, by directing
these radiations toward tumor volume, this capability is used to kill cancerous
cells through DNA damages.

Two kinds of DNA damage are generally reported: direct damage where the
radiation interacts directly with the DNA strands; and indirect where ionizing
radiation interacts with water molecules in the cell, leading to radiolysis. Highly
reactive free radicals created through radiolysis can in turn damage DNA [41].
Nonetheless, there exist mechanisms that allow the cells to repair themselves
below a reasonable damage threshold.

While ionizing radiation can break the DNA strands and kill cells, the biological
response to these ionizations is not the same in healthy tissue and cancerous
ones. Indeed, healthy cells have usually the faculty to repair these DNA alterations
to some extent. This allows thus a significant part of the healthy cells to recover
after a certain amount of time. Such repair mechanism is usually deficient for
cancerous cells leading to a low proportion of them to be able to repair these
deathly alterations [41].

By making use of such differential response between healthy and cancerous cells
it is thus possible to deliver large total dose to the tumor while nonetheless
preserving an important proportion of the healthy tissue. Consequently, a key RT
concept consists in fractionating the total dose in several fractions to let a
recovering time to the healthy tissue between the delivering of ionizing radiation.
The challenge lies in optimizing the time interval between fractions: it must be
sufficient for healthy tissue recovery and repopulation while preventing surviving
tumor cells from replicating and repopulating the irradiated area.

11
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Usually in conventional RT, a delay of one day is observed between the different
fractions but it can be sometimes a bit longer or shorter without being too
detrimental for the treatment quality [42]. The total delivered dose as well as the
number of fractions describe the treatment fraction scheme. Such fractionation
scheme is mostly determined on the basis of radiobiological parameters.

2.2.  Therapeutic ratio: balancing tumor control and normal tissue
toxicity

The therapeutic ratio concept in radiotherapy describes the balance between the

probability of Tumor Control Probability (TCP) and the Normal Tissue

Complication Probability (NTCP) [41].

TCP designates the probability of controlling the tumor as its name implies. As
radiation dose increases, the probability of killing all cancer cells (tumor control)
increases. This is represented by the red curve in Figure 1.

NTCP indicates the probability of inducing a complication, a “toxic” effect to the
healthy tissue with the received dose. The goal in radiotherapy is thus to control
the tumor volume with a chosen treatment dose while ensuring that toxicity
remains under reasonable level.

The gap between these two curves designates the therapeutic index. The larger
the gap, the easier it is to define a treatment to control the cancerous cells
without leading to unreasonable toxic effect. RT research aims at increasing this
therapeutic window. This therapeutic window is dependent on several factors,
such as the tumor radiosensitivity (some tumors can be more sensitive to ionizing
radiation than others), normal radiosensitivity (healthy tissues have a large
varying level of tolerance to ionizing radiation), and tumor location: tumor volume
near highly radiosensitive organs can reduce the therapeutic window.
Nonetheless it is also possible to move the blue curve to the left and displace the
red one to the right to increase the therapeutic window. The blue curve can be
moved to the left with, for example, radiosensitizers: drugs that make tumor cells
more sensitive to radiation; and the red curve can be moved to the right using
radioprotectors agents that reduce the effect of ionizing radiation in normal tissue
[43]. Consequently, RT is often jointly used with chemotherapy.

12
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Moreover, techniques that allow to gain in precision when delivering dose to the
tumor result also in a shifted red curve, since normal tissue will receive less
ionizing dose [44, 45]. Understanding and optimizing the therapeutic ratio is at
the heart of radiation oncology. It drives decisions about total dose, fractionation
schemes, and the adoption of new technologies and techniques.

Fundamentally, the fractionation of RT treatment is one of the most important
factors creating a real treatment window. Without fractionation, blue and red
curves would in most cases almost overlap and the therapeutic windows would
almost be non-existent.

Nonetheless, as it will be highlighted a little further in this introduction, treatment
fractionation has a cost on treatment uncertainties.

Therapeutic Ratio in Radiotherapy

7549

Therapeutic
index

504

Response (%)

251

—_ TCP
—— NTCP

0 20 20 60 80 100
Radiotherapy dose

Figure 1 : TCP-NTCP curves. The blue curve is the TCP curve, the red one is the NTCP. The larger the
gap between them, the higher the therapeutic index.

3. Conventional radiotherapy workflow: overview
The creation of a high-quality radiotherapy treatment plan necessitates a rigorous
and multifaceted workflow. This process aims to ensure precise dose delivery to
the target volume while maximizing healthy tissue sparing. The workflow
comprises several critical steps, each demanding significant time and expertise.

13
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The complexity and duration of this planning process underscore the rationale
behind the conventional approach of reusing the same treatment plan for each
fraction of a patient's treatment course. This practice has been a pragmatic
response to the substantial time constraints inherent in the planning process.

The subsequent sections will briefly introduce the specific steps of the
conventional workflow, highlighting the time-consuming nature of each
component as well as the exigent quality required.

3.1. Planning imaging

The first step is the acquisition of high-quality imaging data. This serves two
critical functions: providing essential information for both anatomical delineation
and providing electronic density for the dose calculation. The quality of this
imaging is paramount, as it forms the foundation upon which the entire treatment
plan is built.

CT imaging offers precise spatial information, allowing for accurate localization of
organs at risk (OARs) and target volumes. Moreover, CT data provides electron
density information crucial for calculating how ionizing radiation will deposit dose
within the patient's body [46, 47]. To enhance the accuracy of region of interest
(ROI) delineation, clinicians often supplement CT data with additional imaging
modalities, primarily magnetic resonance imaging (MRI) and positron emission
tomography (PET). Each of these modalities offers unique advantages:

MRI provides superior soft tissue contrast and higher spatial resolution compared
to CT, enabling more precise delineation of both tumors and critical structures
[46-48], particularly in areas with complex soft tissue anatomy as illustrated in
Figure 2.

PET, especially when using fluorodeoxyglucose-18F (FDG) as a tracer, offers
functional imaging capabilities. By visualizing glucose metabolism, PET can
highlight areas of increased cellular activity, which is particularly valuable for
identifying tumor extent and potential areas of spread [46-48].

14
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Figure 2 : Example of different imaging modalities, transversal view. Top left: MR image; top right:
CT image.

3.2.  Image Registration

The acquisition of multiple imaging modalities presents a significant challenge in
radiotherapy planning on how to accurately visualize and compare these diverse
datasets. Each imaging modality may have different origins, dimensions, and voxel
values, making direct comparison problematic. Image registration algorithms
address this challenge by aligning these disparate images based on spatial
similarity. Two main different registration possibilities are often used: Rigid and
non-rigid [49, 50].

Rigid registration provides a rotation matrix that applies 3D translation and
rotation of the whole image. Initial spatial distances are thus preserved
(illustrated in Figure 3).

Non-rigid registration generates a deformation field that warps the moving image
to achieve optimal overlap with the reference image, without necessarily
preserving initial spatial relationships. Unlike rigid registration, this process allows
local deformations where different parts of the image can be transformed
independently.

Note that the accuracy of such algorithms relies a lot on the initialization of the
images position, i.e. if the algorithm is launched with the images disposed in a
highly different position, it might never converge to a satisfying solution.
Moreover, when significant anatomical changes occur in the second image, such
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as the appearance of large gas pockets in the bowel or imaging artifacts, the
algorithm may produce unrealistic displacement vectors, particularly when using
non-rigid algorithms for local deformation [49].
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Figure 3: lllustration of a rigid registration process between the previous MR and CT images. Orange
signal: CT; Blue signal: MR. Left: coronal view; Right: sagittal view.

3.3.  Segmentation
Once the CT is acquired, it is necessary to precisely localize all the important

anatomical volumes such as the OAR and the tumor volume. To do so, physicians
generally manually segment these different volumes on the planning image. Since
a CT is a volumetric image, they proceed slice by slice: they review each
transversal slice of the 3D matrix and segment each of these volumes on every
slice (illustrated in Figure 4). This is thus a time-consuming step necessitating
knowledge about anatomy and interpretation of medical image [51, 52]. Though,
the contrast of a CT is limited and sometimes some soft tissue might not be clearly
visible on it. In such case, other image modalities such as MRI or PET can be used
[46].
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Figure 4 : blue: rectum; pink: left femoral head; dark red: right femoral head; yellow: bladder; red:
target.

Besides the OAR delineation, it is important to note that different kinds of target
volume exist for RT treatment. We define the gross tumor volume (GTV) as the
visible or palpable extent of malignant growth. The clinical target volume (CTV)
encapsulates the GTV plus adds a margin to account for potential microscopic
spread of cancerous cells that are not clearly visible [53]. The planning target
volume (PTV) encapsulates the CTV and adds a treatment security margin to
mitigate potential treatment errors [54] as illustrated in Figure 11. Unlike the CTV,
the PTV does not represent an anatomical structure but rather a geometric tool
for treatment planning. Consequently, when treatment margins exceed the
spatial separation between the CTV and nearby organs at risk (OARs), the PTV
may overlap with these critical structures. This geometric expansion and its
potential implications for treatment planning are further elaborated in the section
"Van Herk formalism."

3.4.  Plan set-up and optimization

The dose planning is generally a manual step where a physician and/or a
dosimetrist define the ballistic of the treatment, i.e., the beam angles, the energy
of the beam, the optimization constraints [55, 56]. They generally use a treatment
planning system (TPS) where the treatment machine is fully modelized and where
several optimization tools help them to generate a high-quality treatment plan
that meets at best the clinical constraints. For modern treatments inverse
planning is typically used. With inverse planning, the planner defines the set of
constraints to be met, then the TPS iteratively optimizes treatment machine
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parameters that allows to get the closest to these input constraints. The problem
can be defined as followed:

min > wifi (@) )
i=1

With n cost functions f dependent of the dose distribution d and weighted by non-
negative importance parameters w. In practice, the clinicians try different cost
functions f, e.g. constraints on minimum or maximum dose on a specific volume,
and importance w and evaluate how the optimizer manage to minimize this
weighted sum of cost function, i.e. to get close to the inputted clinical goals.

Consequently, this is also an iterative process for the human planner since the
initial set of used constraints cannot be ensured to be the most optimal one. The
planners are usually required to iteratively refine the optimization constraint they
use to ensure that the dose distribution is close to optimality. Such a process
usually takes from tens of minutes to several hours.

3.5.  Quality Assurance
Before delivering the treatment, complex plans have to pass through a patient-

specific QA. It usually involves measuring the real dose in phantom to verify the
accuracy of the dose delivery [57].

Another approach is a second, independent dose calculation where the dose is
recomputed with a different approach than the initial one [58, 59]. For example, it
can be using another algorithm of dose calculation, and/or using the log files of
the machine to reconstruct the dose distribution from it.

Since treatment planning system models may not account for all dose-influencing
parameters, the accuracy of calculated dose distributions might differ from actual
delivery, particularly in complex cases. Therefore, quality assurance
measurements are necessary to verify the agreement between calculated and
delivered dose distributions.

3.6. Treatment delivery
Once the treatment plan has gone through all these steps, it can be delivered to

the patient. There are usually several days between the planning imaging step and
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the first day of treatment delivery. Nonetheless, the patient is placed in the same
position as for the imaging planning step, and after some adjustments (see section
about in-room imaging) the treatment can start. The patient will come back to the
treatment center several days until the last treatment fraction, with usually a
maximum of 1 fraction per day.

4. Conventional types of external radiotherapy

4.1. Conventional X-ray therapy

External photon beam RT (so-called conventional RT) is by far the most
predominant treatment by ionizing radiation [60]. It is an approach where the
tumor is treated with a source of high energy X-rays placed outside of the patient.
In state-of-the-art treatment units, the X-rays are produced with a linear
accelerator (linac) that can fit inside a treatment room. Linac accelerates electrons
until they reach high energies to then produce X-rays through the collision of
them onto a material of high-atomic-number (called “bremsstrahlung”). A
Modern linac can usually accelerate electrons to different energies producing X-
rays of different spectral range. Such energy usually ranges from 6 to 18 MV.
These X-rays are then directed to the target volume, i.e. the tumor volume.

To precisely conform the delivered dose to the target, modern linacs are equipped
with a multi-leaf collimator (MLC) in the gantry snout [61, 62]. The MLC consists of
numerous independently movable leaves, typically made of tungsten for its high
atomic number and density. These leaves are often from 2 to 15 mm width [63]
and can move in and out of the ionizing beam, effectively shaping the beam to
conform to the tumor's outline from any given angle as illustrated in Figure 5. The
precise control of these MLC leaves is crucial in achieving highly conformal dose
distributions. Several techniques of MLC and gantry angle positioning have been
developed over the years to enable highly conformal treatments.
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Figure 5 : lllustration of the MLC from a beam-eye-view. The gray shape is the target volume that is
going to be irradiated; the dashed rectangles are the different leaves constituting the MLC. Notice
how they can be easily disposed around the target to conform the dose to such volume.

It is possible to shape the beam with fixed MLC for different beam angles, such
treatment is called 3D-conformal treatment since by distributing the dose to
several angles and by collimating the beam on the tumor it enables a 3D
conformity around the target [2].

It is possible to go further by combining several beam angles that have several
different MLC position sequences not necessarily collimated to the target to
create an intensity modulated radiation therapy (IMRT) treatment [3]. With such
IMRT treatment, the different beams alone only provide inhomogeneous dose not
usable for treatment, while when all combined together it is then possible to
achieve a highly conformal treatment.

Volumetric modulated arc therapy (VMAT) extends the IMRT concept by enabling
continuous gantry rotation while simultaneously modulating dose rate, gantry
speed, and MLC positions [4]. This technique provides more degrees of freedom
than fixed-field IMRT, potentially achieving superior dose conformity and reduced
treatment times.
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Consequently, the process of optimizing a photon therapy treatment involves
determining the optimal set of MLC positions for each beam angle or arc segment,
given a chosen photon energy.

4.2.  Proton therapy
Proton therapy (PT) is another kind of treatment with ionizing particles. While less

widespread than conventional RT with X-rays, it is more and more used as a
powerful alternative treatment modality. It delivers treatment using high-energy
protons generated by synchrotrons or cyclotrons to irradiate target volumes.

The main strength of this treatment modality is its dose deposition pattern, which
differs from that of photons. Protons deposit their energy in a distal peak, the
Bragg peak, in contrary to photons where the dose deposition consists in a
smoother curve presenting no real ending point [64]. Consequently, while it is
possible to cover a target volume with a monoenergetic photon beam, PT
necessitates a distribution of the Bragg peak within target region. To do so,
several protons energies can be combined to achieve what is called a “spread-out
Bragg peak” where the summation of these different Bragg peaks can lead to a
dose plateau along the tumor depth as illustrated in Figure 6. This spread-out-
Bragg peak is usually much more advantageous than dose deposition pattern of X-
rays in term of dose received by the normal tissues.
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Figure 6 : lllustration of the depth-dose profile for X-rays, in yellow, and protons, in blue. The dashed
line represents a monoenergetic Bragg peak, the solid blue line a spread-out Bragg peak achieved
with the cumulation of several Bragg peaks of different energy. Adapted from [64].
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There are two conventional approaches to generate spread-out Bragg peaks in
proton therapy: passive scattering and pencil beam scanning (PBS) [65-67].
Passive scattering employs a patient-specific range modulator with a field
collimator and broad proton beam. In contrast, For PBS a thin proton beam is
used to laterally scan different layers of the target. The lateral covering of the
target is thus ensured by deflecting the proton beam under magnetic control
while target depth covering is achieved by modulating the energy of the proton
beam. More precisely, the target volume is covered by a grid of treatment spots
that are sequentially scanned. Classical PT plan optimization involves determining
the optimal weight of each spot, representing the number of protons to be
delivered at each position.

PBS has emerged as the current state-of-the-art technique, surpassing passive
scattering due to its superior target conformity and elimination of patient-specific
hardware requirements [68].

Figure 7: Example of proton treatment spots in beam-eye-view. Orange dots represent the treatment
spots of a specific energy layer. The size of the spot represents its weight (which is proportional to
the number of protons to be sent to that spot). Pink contour is the target, green contour is the body
contour. Dotted orange lines with arrows indicate the spots scanning path.

4.2.1. Intensity modulated proton therapy
Following a similar reasoning than for IMRT, it is possible in PT to combine several

inhomogeneous beams from different angles into a highly conformal treatment
plan [16, 17]. Such an approach is called intensity modulated proton therapy
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(IMPT) and is nowadays the gold standard of PT. Conventionally, IMPT is jointly
used with PBS. Consequently, the different beam angles generally use several
treatment spots and several energy layers.

4.2.2. Proton Arc Therapy
As IMPT followed a similar reasoning than IMRT, proton arc therapy (PAT) tends

to follow a similar idea than VMAT. PAT goal is to efficiently deliver proton beams
from a vast range of beam angles around the patient with a beam rotation [31].
However, in contrary of VMAT, PAT is not yet deployed in clinical conditions and is
still considered as an emerging treatment technology. Indeed, the problem with
PAT is to determinate the best energy layers per angle while for VMAT the
guestion of beam energy does not exist. On the one hand, to let the treatment
time remains in reasonable timing range, it is necessary to be cautious on how
many energy layers per angle and how many energy switch-ups (those are much
slower due to magnetic hysteresis effect in the delivery system) will be used. On
the other hand, to ensure the high quality of the dose distribution it is tempting to
use as many energy layers as possible to benefit from a high number of degrees of
freedom. PAT energy layer selection is thus a complicated balance between beam
delivery time and plan dosimetric quality. This problem has recently been
classified as NP-hard [69], indicating that it becomes exponentially more difficult
to solve as its size increases, to the point where finding a perfect solution quickly
becomes impossible in practice. Consequently, it may require significant time and
effort before an efficient near-optimal solution could be developed and
implemented. Nonetheless some research groups have already tried to tackle the
problems from different perspectives and achieved interesting results [31, 70].

The potential of such modality is illustrated in Figure 8 with the dedicated PAT
optimization algorithm embedded in the commercial TPS RayStation (Stockholm,
Sweden). On this figure, we can clearly observe the dose conformality to the
target (blue and red contours) of the PAT plan in comparison to an IMPT plan for
the same head and neck patient.
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Figure 8 : lllustration for a head and neck patient of the difference of the distribution of the dose
between IMPT and PAT. The highest dose level is depicted in green, then yellow, then lavender, then
orange, then dark blue. The lowest level is in light blue.

4.2.3. FLASH therapy
In 2014 Favaudon et al. [32] rediscovered a radiobiological phenomenon, the

FLASH effect. FLASH effect refers to a sparring of normal tissue for the same
tumor control when using high dose-rate, i.e. >40Gy/s. The effect of the FLASH
effect is often summarized with the dose modifying factor (DMF) indicating which
dose is necessary to achieve a same effect in conventional dose-rate and in ultra-
high dose-rate conditions:

D
DMF = —ZHPR )
Dcony isoeffect

with Dyypr being the dose at ultra-high dose-rate and D oy being the dose at
conventional dose-rate. A DMF >1 representing thus a sparing of normal tissue
due to FLASH effect.

Such effect has been demonstrated with various types of ionizing radiation,
including electrons, photons, and protons, and across different normal tissues
such as brain, lung, and skin. While electrons remain limited to superficial
treatments due to their low penetration depth, both photons and protons offer
the capability to treat deeper targets. Nonetheless, achieving FLASH effect at
human isocenter depth seems currently challenging for photon systems [71, 72]
while already feasible for PT systems [73, 74]. Moreover, the possibility of
beneficiating from a synergistic combination of toxicity reduction through FLASH
effect and PT reduced integral dose generates strong interest.
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While such treatment modality is not close yet to be included in clinical routine, it
has the potential to become one of the main breakthroughs in the following
decades and might potentially shift the paradigm of maximization of dose
conformity to a paradigm of maximization of the dose-rate.

Nonetheless, clinical delivering is already being studied, especially for PT (for the
previous reasons). For FLASH PT, PBS with switching of energy layers cannot be
used due to the energy switching time being too long to ensure a dose-rate
compatible with FLASH. Consequently, two alternative modalities employing
monoenergetic PBS have been proposed: transmission mode and conformal
mode.

Transmission approach employs high-energy beams such that the Bragg peaks are
positioned distal to the patient's anatomy. This configuration facilitates the
optimization of treatment plans while maintaining high dose rates.

Conformal approach achieves superior conformity by precisely positioning
treatment spots within the target volume range. It incorporates a patient-specific
Ridge filter (RF), a device presenting a grid of thin peaks placed in the gantry snout
allowing to generate a spread-out Bragg peak within the target region with a
monoenergetic beam. The RF is a 3D-printed device placed in the proton beam
path consisting in a grid of thin peaks that modulate the range of incoming
protons. However, the manufacturing of such RF is time-intensive which might not
well fit in a clinical routine. Figure 9 illustrates a modelized RF in 3D and its
placement with regards to target volume in a Beam-eye-view.
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Figure 9 : lllustration of the ridge filter, also called “hedgehog”, used in conformal FLASH therapy.
Left: 3D spatial visualization; Right: 2D Beam-eye-view visualization. The red contour is the target,
the red circles with cross are the treatment spots and colormap refers to the peak height, black being
0 cm, white being 10cm.

5. Dose calculation
To deliver high quality RT and PT treatment it is essential to know how the dose
will distribute in the human body. To do so, there exists two main methods:
Monte-Carlo simulation and analytical dose algorithm.

5.1. Monte-Carlo
The core concept of Monte-Carlo simulation is to use a random number generator

in order to simulate a large number of particle histories [21, 23, 75]. These particle
histories are modeled through incremental steps of traveled distance. At each
step, potential physical interactions are sampled from their respective probability
density functions. Such methods are known to present excellent accuracy when a
sufficient number of individual particles are simulated. In terms of accuracy, they
are often considered as a gold standard.

While being a gold standard of dose distribution accuracy, MC usually necessitates
the simulation of a very high number of particles in order to reach a reasonable
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level of dose uncertainty. Such numerous simulations of particles can be too slow
in specific clinical conditions.

5.2.  Analytical algorithms

Due to the inherent computationally intensiveness of MC engines research quickly
focused on providing a way to quickly compute an accurate dose computation. It
resulted in a rather indirect approach based on certain assumptions about the
dose deposition that we often depict as “analytical algorithms” [76]. These
algorithms model the dose distribution process using simplifications of the
complex physical interactions involved in radiation transport and energy
deposition. While generally considered less accurate than MC simulations, they
offer a significant advantage in computational efficiency while being able to
provide sufficient accuracy for RT clinical conditions. Such speed being often
crucial in clinical settings where time constraints are a critical factor in treatment
planning and delivery.

Most photon analytical algorithms lie on a superposition principle where TERMA
(total energy released per mass unit) is first determined, e.g., with a raytracing of
primary radiation through the body, and then followed by a superposition of dose
spread kernel. We can for example cite the Varian Analytical Anisotropic
Algorithm [77] (AAA) applying lateral scaling of the beam according tissue density
or the collapsed-cones convolution algorithm discretizing the point-spread kernel
into cones collapsed on a same point and scalable with the tissue density [78, 79].
These are still commonly used in clinical conditions for conventional RT.

Since a few years, another kind of analytical model is commonly used in clinical
conditions: the Linear Boltzmann Transport Equation-solvers (LBTE) [80]. Such
algorithms consist in discretizing the patient volume and numerically solving a set
of differential equations for the transport of photons and electrons. These
approaches usually benefit from an accuracy closer to the MC ones.

Such analytical algorithms also exist for PT. As the pencil beam analytical
algorithm or the ray-casting one approaching the problem by a range dilution
effect [81]. While enabling a fast calculation of a PT dose, such analytical
algorithms are considered as less accurate than the ones for RT, especially for the
distal Bragg peak. Lot of PT centers prefer thus to compute the dose through a MC
engine even if it represents a significantly slower approach.
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6. Treatment uncertainties
As previously explained, fractionation is a fundamental principle in RT and PT,
necessitating treatment delivery over multiple days. During this extended period,
various anatomical changes can occur between the initial CT simulation and
subsequent treatment days, as illustrated in Figure 10. These changes can impact
treatment accuracy and effectiveness [82].

- Organs motion: organs are subject to motion over different time scale,
e.g. as for lung or cardiac motion, bladder filling.

- Target motion: due to motion of close organs, the target position can also
deviate from the initial observed position.

- Target shrinkage: during the course of treatment, it is possible to observe
a shrinkage of the tumor, due to the treatment itself.

- Patient evolution: global body change can also be observed over the
course of the treatment, e.g., fat and/or muscle loss.

( ) cardiac

( breathing )
Target or [ peristalsis ]
o ( organ filling* )
osition
2ha|nge [ weight/body contour change |
\—

* Organs subject to filling and deformation including bladder, rectum, cervix, and stomach etc

Figure 10 : lllustration of anatomical changes occurring at different time scales. Adapted from
[7]
Nonetheless, anatomical variations are not the only kind of uncertainties that can
impact the treatment delivery:

- Errors of target and OAR delineation: When delineating on the CT image,
the limited resolution and contrast of the image itself can impact the
process. It produces an uncertainty where it is usually assumed that
contour cannot be determined more precisely. Moreover, the contour
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and the interpretation of the image is subject to inter-observer variability
[83]. It means that if several physicians with a similar background have to
delineate a same contour on a same image, variations can often be
observed between both contours. There exists also uncertainty in defining
CTV boundaries, as precisely determining the extent of microscopic
disease spread remains challenging.

- Setup errors: as previously explained the whole treatment is dependent
on the very first step of the workflow: the simulation image.
Consequently, if the patient simulation setup is not perfectly reproduced
for each of its treatment fractions this creates setup discrepancies. This
could be a consistent shift of the couch or consistent mis-positioning on
the treatment couch.

As these errors and changes occur at different time scales, it is often convenient
to either classify them as systematic (error systematically repeated during the
whole treatment) or as random (whose influence randomly changes over the
treatment duration). For example, segmentation errors are considered as pure
systematic errors in a conventional RT workflow (without adaptation) since their
impact is determined at the planning step, while organ motion entails a random
contribution since its impact is generally different from a fraction to another [54,
82]. Table 1 displays some examples of random and systematic components of
treatment errors.

Table 1: Examples of random and systematic errors in (non-adaptive) RT treatment.

Error Type

Random Component

Systematic Component

Patient Setup

Daily variations in patient
positioning

Consistent
misalignment of patient

Organ Motion

Breathing, peristalsis,
bladder filling, cardiac

Organ position shift
between planning and the

movements rest of treatment course
Structure N/A Error of delineation at the
Delineation planning step
Dosimetric Fluctuations of machine Beam calibration offset

output between fractions
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Solutions and work-around exist to deal with the noxious effects of these various
uncertainties and are described in the following sections.

6.1. Management of uncertainties

6.1.1. Van Herk margin formalism
To account for these errors, the Van Herk treatment margin formalism,

introduced by Marcel van Herk and colleagues in 2000 [54] is often used in RT. It
provides a systematic approach to determining Planning Target Volume (PTV)
margins in radiotherapy. This formalism addresses the need for a rigorous,
guantitative method to account for uncertainties in RT planning.

The core principle of the Van Herk formalism is the distinction between
systematic and random errors in RT delivery, described in the previous section.

The formalism is expressed mathematically as:
M =aX + Bo 3)
Where:

- M is the margin around the Clinical Target Volume (CTV) to create the
PTV;

- Xisthe standard deviation of the distribution of systematic errors;

- ois the standard deviation of the distribution of random errors;

- a and B are coefficients derived from the desired confidence level and
coverage probability.

Van Herk et al. proposed values of a = 2.5 and 3 = 0.7 to ensure that 90% of
patients receive a minimum cumulative CTV dose of 95% of the prescribed dose.
These values assume a 3D Gaussian distribution of errors and consider both
translational and rotational uncertainties.

The strength of this approach lies in its ability to separate the impacts of
systematic and random errors, recognizing that systematic errors have a more
significant effect on the required margin. This distinction allows for more precise
margin calculations and potentially smaller PTVs compared to simplistic, uniform
expansion methods.
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Implementation of the Van Herk formalism requires careful measurement and
analysis of setup errors and organ motion specific to each institution and
treatment site.

Due to its simplicity of implementation the Van Herk margin is a widespread
technique to deal with treatment errors. Currently it is mostly used for
conventional RT. Indeed, in particle therapy due to the high distal dose gradient in
dose deposition, such errors do not simply lead to a rough displacement of the
cloud dose as it could be assumed in conventional RT. In PT, such errors often lead
to significant dose distortion preventing use of PTV margin in numerous cases [84,
85]. Nonetheless, for PT, robust optimization represents a valid alternative. Such
tool is described in the following section.

GTV (Gross Tumor Volume): Visible/palpable tumar
CTV (Clinical Target Volume): GTV + suspected microscopic spread .
PTV (Planning Target volume). CTV + systematic error margin + random error margin

Figure 11 : lllustration of the different target volumes.

6.1.2. Robust planning
The core tenet of robust optimization is the explicit incorporation of uncertainties

into the treatment planning process [19, 86]. Unlike conventional methods that
optimize for a single nominal scenario, robust optimization considers a range of
possible error scenarios, ensuring that the treatment plan remains clinically
acceptable across various potential outcomes. Equation (2) can be slightly more
precisely defined as follow:
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1;161)1(1 Z w;f; (d (x)) (4)
i=1

With n functions f dependent of the dose distribution d weighted by non-negative
importance parameters w and X the set of possible machine variables, e.g. MLC
positions and segment weight for IMRT or spot weight for IMPT.

It is possible to extend such optimization problem to several error scenarios. Such
a problem can be treated with a minimax optimization of n, functions required to
be robust [24].

min maxz wif; (d(x,5)) (5)
i=1

XeX s€S

With S the set of possible scenarios, e.g. image translation in different directions
or image intensity variations.

Such an approach allows to consider the dose distortion due to treatment error at
the planning level [24, 85, 86]. Consequently, it is very often used in PT to ensure
the target coverage or maximum dose to critical OAR e.g. the spinal cord.
Nonetheless, such techniques can also be convenient in RT [87, 88], for example,
to deal with large anatomical changes, e.g. breast treatments where significant
anatomical deformations could occur.

It is however important to notice that this necessitates to evaluate the objective
function over the different error scenarios, thus, to compute dose for these (even
if some approximations can sometimes be used to reduce the number of dose
evaluations). Consequently, robust optimization often leads to prolonged
optimization time when compared to regular optimization (especially if the dose is
calculated with a MC dose engine).

6.2.  Mitigating uncertainties in clinical routine

While treatment errors can be accommodated with treatment margins and robust
optimization, it must be noted that such methods lead to a reduction in target
conformity. Indeed, to accommodate these errors, margin and robust
optimization lead to extra-dose to healthy tissue around the target. Consequently,
the larger the error one wants to deal with, the lesser the target conformity, thus
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the larger the extra-dose received by healthy tissue. Therefore, it is necessary to
choose reasonable treatment uncertainties when using such approaches. This
choice of reasonable uncertainty can be eased by the use of treatment
uncertainties reduction techniques. This section provides a description of a few
techniques used in RT and PT.

A first way of reducing setup errors is to provide an easily reproducible patient
position between the simulation step and the different days of treatment. To do
so, immobilization devices can be used. These devices can take very different
forms. For example, it can be a thermoplastic mask forcing the head and upper
part of body to be in a similar position or a vacuum cushion that can be fixed on
the initial treatment couch or even arms or foot holder. There exist numerous
solutions sharing this similar goal.

The Image Guided Radiation Therapy (IGRT) is another technique that allows to
reproduce at best the simulation setup of the patient on the treatment couch
[89]. The concept lays on the acquisition of an image just before the start of the
treatment. This imaging is typically performed using on-board imaging systems
such as cone-beam computed tomography (CBCT), planar kV X-rays, or even
integrated MRI. Using this image, clinicians can operate translational shifts of the
treatment couch. These shifts, applied in three dimensions (lateral, longitudinal,
and vertical), aim to align the current patient position with the planned treatment
position. This process effectively compensates for setup errors, which are
inevitable due to the challenges of reproducing exact patient positioning day after
day. The capabilities of modern IGRT extend beyond simple translational
corrections. Advanced systems can also account for rotational errors, applying
pitch, roll, and yaw corrections to further refine patient positioning.

Another technique is the Surface Guided Radiation Therapy (SGRT). SGRT follows
a similar goal than IGRT but rather than using a volumetric image it uses a surface
one. It uses a combination of a projector and several high-resolution cameras to
register a real-time 3D surface [90]. SGRT aids in the initial positioning of the
patient on the treatment couch. By comparing the current surface model to the
reference model, the system can guide clinicians in making precise adjustments to
achieve the planned treatment position. It offers a radiation-free alternative to
traditional IGRT methods. However, it only allows to account for surface change
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since it is not a volumetric image. The main advantage of such technology is that
the acquisition is constant and real-time. It allows thus to detect intra-fraction
surface changes. This allows to pause the treatment when large discrepancies
between the initial surface image and the current surface image are observed.

To account for breathing movement, there also exist techniques such as
audio/video coaching or mechanically assisted ventilation that enable a
reproducible breathing pattern during treatment [91-94].

7. The appeal of plan adaptation

7.1.  The different forms

While treatment uncertainty reduction techniques mitigate some potential
treatment errors, they provide incomplete compensation for the full range of
uncertainties encountered during RT. A more comprehensive approach involves
modifying the treatment plan based on the patient's current anatomical
configuration, a process known as adaptive radiotherapy (ART). Three distinct
categories of ART have been established in the literature: offline adaptation,
online adaptation, and real-time adaptation. Their operating timescales are
depicted in Figure 12.

In offline adaptation, the treatment plan is adapted by considering a more recent
patient image than the planning one. Specifically, adaptation is operated while
the patient is not on the treatment couch and not necessarily with an image
obtained the same day than the following treatment fraction. Consequently, there
is a usual gap of a few hours or days between offline adaptation and delivery of
adapted fraction, during which anatomical changes can still occur.

In online-adaptive radiation therapy (OART) the treatment is adapted with an
image of the patient already on the treatment couch, i.e. this is an image-of-the-
day acquired a few minutes before the delivery of the adapted treatment fraction.
While much closer to the current patient anatomy than offline adaptation, OART
adds an extra timing constraint, since the patient is waiting on the treatment
couch during the adaptation process.

In real-time adaptation, the goal is to consider any intra-fraction errors that could
occur and almost instantly adapt to it. While full real-time adaptation is not yet
feasible, intermediate concepts such as gating and tracking are already clinically
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used to mitigate intra-fraction movement, e.g. target and OAR displacement due
to breathing. Gating consists in pausing the treatment when discrepancies with
the reference patient set-up is observed and continuing when current patient
setup is deemed to be back in the reference conditions [95, 96]. Continuous
patient monitoring for gating can be done with SGRT for example. Tracking
consists in following in real-time the target displacement to ensure correct
treatment delivery to the tumor volume [97-99]. This can be done with SGRT
continuous monitoring or with fluoroscopy. It should be noted that coaching and
mechanically assisted ventilation techniques discussed previously are also
sometimes considered as real-time adaptation techniques.

Note that these adaptive approaches are designed to complement rather than
replace the previously cited uncertainty mitigation techniques, working together
to minimize treatment uncertainties and enhance target dose conformity.

fa B\ ; : - :
intrafraction change interfraction change
offline ART replanning
ART
stiaiegy online ART replanning
gating, tracking, and realtime ART planning
\—

Figure 12 : lllustration of the different adaptive techniques according to the time scale. Adapted from

[7].

7.2.  The current challenge: online adaptation

Among these different approaches, OART currently generates the greatest
interest due to its potential benefits for treatment outcomes, since this promises
to be a more powerful approach than offline adaptation and since full real-time
adaptation does not yet seem technically feasible.

As previously introduced, the implementation of OA allows to reduce the
magnitude of treatment uncertainties (both systematic and random) compared to
conventional non-adaptive approaches, where treatment plans are designed
several days in advance of delivery. This reduction should occur through two
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primary mechanisms. First, adaptation based on daily imaging naturally minimizes
geometric uncertainties (uncertainties in target and organ positioning) by
accounting for the patient's current anatomical state. Second, the adaptive
process effectively transforms certain systematic errors into random ones, as
exemplified by image segmentation uncertainties, which vary between fractions
under OA conditions. This conversion is particularly significant since random
errors typically tend to average out over the treatment durations, while
systematic errors affect all fractions uniformly, maintaining their full magnitude
throughout the treatment course. Note that other types of errors, for instance
treatment machine calibration, or errors induced by cardiac motion that cannot
be reduced with OA.

When considering these combined effects, it is then possible to reduce the PTV
margin and/or values of robustness parameters to ultimately decrease the total
irradiated volume. This reduction in treated volume directly translates to lower
radiation exposure to healthy tissues, potentially leading to decreased normal
tissue toxicity and improved therapeutic outcomes [100, 101]. Such decrease in
normal tissue toxicity can in turn justify longer adaptation time for PT-based
techniques, as long as the overall NTCP for a patient cohort remains favorable
despite extended treatment times [35].

Nonetheless, as presented in the workflow section, the different steps to produce
a high-quality plan become extremely tricky in a timeframe where clinicians only
dispose of few minutes to treat a patient:

- First, OART requires an image of the day of sufficient quality to allow to
precisely segment anatomical volume and an accurate spatial
representation of the electron density in order to compute the dose
distribution. One possibility is to have access to an in-room CT (a CT
scanner in the same room as the treatment couch). However, this
requires having a disposal a treatment bunker of a consequent size.
Moreover, this represents a significant additional cost in comparison to
classical in-room imaging such as CBCT imagers as well as a more
consequent workload.

- Second, the anatomical volumes segmentation cannot be done manually
as such step represents several hours of work. Since manual
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segmentation is still considered as a gold standard in RT, any automation
to speed such process have to be of a highly convincing quality, so that
review and corrections of such automatically segmented contours would
only last a few minutes.

- Third, the planning process is also another highly time-consuming step.
Again, the solution is to automatize at most the process or at least
initialize treatment parameters to value close to optimal ones.

- Fourth, one needs at least a minimal assurance of treatment quality to be
sure that what has been achieved with in silico computation is relevant
when the moment of delivering such treatment comes.

- Fifth, since the treatment image, the contours, the optimization
constraints will be updated all along the treatment, it is necessary to have
a way of accumulating the dose on a reference image. Such accumulation
should clearly indicate how the different daily contributions sum all
together in order to assess the quality of the treatment. Nonetheless, the
main method of doing this is to use the registration process between the
initial image and the different images that served as adaptation image.
Such registration algorithms present limitations, especially when large
anatomical changes occur between the two images.

The adaptation problem is even more preponderant for PT due to the inherent
sensitivity of the technique to proton range errors. Indeed, such an inherent
advantage of PT is conversely its main constraint: any errors in the estimated
position of the target or in the quantification of the necessary protons range can
lead to a severe drop in treatment quality.

Moreover, PT presents additional challenges for adaptation due to the limitations
of analytical dose calculation algorithms, often necessitating the use of slower MC
engines. While conventional non-adaptive workflows can accommodate
optimization times of several hours, adaptive workflows must complete dose
optimization within minutes while maintaining clinical quality standards. The
process also requires adequate image quality for both anatomical segmentation
and PT dose computation, which can be particularly challenging in OA settings.
Consequently, certain assumptions and practical compromises must be
implemented to produce adapted plans within timeframes compatible with online
adaptation.
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8. Artificial intelligence: a strong ally for online adaptation
Artificial intelligence (Al) refers to computer systems designed to perform tasks
that typically require human intelligence. These tasks include learning, problem-
solving, pattern recognition, decision-making, and language understanding. Al
systems use algorithms and large datasets to analyze information, make
predictions, and adapt to new inputs. Most often Al in RT refers to Machine
learning (ML) and deep-learning (DL).

ML usually refers to methods where the model performance relies on the
extraction and engineering of features (the measurable properties or
characteristics) from the training dataset that are then used to feed the model.
Those features for non-DL models are usually human-interpretable and lowly
abstracted, e.g. the volume of the tumor, the patient weight, the distance
between tumor and nearest OAR, etc.

DL, on the other hand, refers to methods designed to automatically decompose
training data into sub-components, effectively creating its own features. These
features are generally less interpretable to humans and more abstract, being
created through multiple layers of processing within the model. The more layers,
i.e. the deeper the model, the more abstract the features become. This capability
to efficiently decompose initial data into effective features is the primary strength
of DL models. Another key distinction is that traditional ML often requires more
human intervention in feature selection and engineering, while DL can learn
relevant features automatically. This can be advantageous in complex domains
where optimal features are not obvious to human experts. Consequently, DL is
often considered as being a subsection of ML.

Given this capability, DL models are often assumed to have higher performance
potential than traditional ML models for similar tasks. However, this assumption
holds true primarily when sufficient data is available for training. The high data
requirements represent one of the main challenges of DL compared to traditional
ML approaches.

Looking at the broader perspective, Al aims to develop models that can emulate
or surpass human cognitive capabilities in specific tasks. Consequently, Al has
garnered significant attention in RT applications over the past decade. Its ability to
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combine speed and accuracy has made it increasingly indispensable for state-of-
the-art adaptive RT approaches.

The following sub-sections describe the common models that can be found in
radiotherapy as well as their applications.

8.1. Common models behind the applications
8.1.1. Supervised deep-learning models

Different deep neural networks. Deep neural networks in radiotherapy
encompass several architectures, each suited for specific tasks. Convolutional
Neural Networks (CNNs) are widely used for image analysis, excelling in tasks like
tumor segmentation and organ-at-risk delineation (see next section). They
process 2D and 3D medical images by applying convolutional filters to extract
relevant features hierarchically.

U-Net, a specialized CNN architecture, has become particularly prominent in RT
[102]. Its U-shaped structure, combining a contracting path and an expanding
path with skip connections, allows for precise pixel-wise segmentation of medical
images. U-Net is extensively used for diverse applications, offering high accuracy
even with limited training data. It has created different U-Net-like structure such
as the Hierarchically-densely connected U-Net (HD-Unet) [103] , illustrated in
Figure 13, or the “no-new-U-Net” (NN-Unet) [104].

nnU-Net, short for "no-new-U-Net," is an advanced implementation of the U-Net
architecture designed specifically for medical image segmentation tasks. It is a
self-configuring system that automatically adapts its architecture and training
process to the specifics of a given dataset, requiring minimal manual intervention.
This versatility allows nnU-Net to handle various medical imaging modalities like
CT, MRI, and PET, as well as different data dimensions including 2D, 3D, and even
4D [105-107]. The framework incorporates automated preprocessing steps
tailored to medical imaging data, such as resampling, normalization, and handling
of missing values. nnU-Net typically employs an ensemble approach, training
multiple models with different configurations and combining their predictions for
improved performance. In the field of radiotherapy, nnU-Net has demonstrated
excellent results in tasks such as tumor segmentation, organ-at-risk delineation,
and treatment planning assistance. It's often used as a strong baseline for
comparing new segmentation algorithms in medical imaging research.
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Figure 13 : example of a U-net derived structure, the HD-Unet. In this example, a CT and different 3D
mask of OAR and target are used as input. The output is a predicted 3D dose distribution.

Generative Adversarial Networks (GANs) emerged as a promising approach in
radiotherapy applications, particularly for synthetic data generation and image
enhancement tasks [108]. With GAN, two neural networks (a generator and a
discriminator) compete against each other as illustrated in Figure 14. The
generator has to produce an output close to the data in the training set while the
discriminator has to be able to discriminate which data is generated and which
one is actually really coming from the training dataset. However, despite several
years of active research and development, they have faced persistent challenges:
training instability (mode collapse) [109, 110], difficulty in achieving convergence,
and sometimes producing artifacts in medical images [111] that could be
problematic for clinical applications. Moreover, their adoption has been further
challenged by the recent emergence of diffusion models, which have
demonstrated great performance and stability across various imaging tasks.
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Figure 14 : original GAN model where a generator model tries to trick a discriminator model. Image
from [112].

Since a few years the diffusion models achieved outstanding results in diverse
research fields [110]. Diffusion models have begun to find applications in radiation
therapy [113-115], offering promising new approaches to various imaging and
planning challenges. At their core, diffusion models operate on a fundamental
principle: they learn to reverse a gradual noise-addition process, progressively
reconstructing high-quality images from noisy inputs through a series of denoising
steps. This iterative denoising process allows the models to capture complex data
distributions and generate highly realistic outputs. The step-by-step nature of
diffusion models also makes them more interpretable than GANs, which is
particularly valuable in medical applications where understanding the model's
decision-making process is crucial. In radiotherapy specifically, these models show
potential for various applications such as synthetic image generation, image
enhancement, and anatomical structure prediction.

81.2. Reinforcement learning
Since a few vyears, reinforcement learning has also been used in RT.

Reinforcement learning is a specific kind of ML algorithm where an agent is
trained to make an optimal action on a given environment. The agent has to be
rewarded according the state of the environment after having decided on an
action that could maximize the total final reward. Consequently, the agent has to
find a balance between the exploration of a new set of actions or exploiting well-
known actions that provide local maximized rewards (with its current knowledge).
The interest is that since such models are not part of the supervised model (they
are not trained on a labelled pair of input-output data) they can learn optimal
strategies that are sometimes unsuspected by humans. This raises interest in
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automatizing some of the highly manual steps in RT where such agent could
simply learn the manual human pattern and potentially even enhance it, e.g. for
treatment planning [116].

8.2.  Applications
8.2.1. Automatic segmentation

A first common application of Al is the automatic segmentation of medical
images. The main input of such models is the image itself. Modern Al models can
produce accurate 3D segmentation of diverse OARs and even target volumes. The
implementation of Al-driven image segmentation in radiotherapy offers several
advantages, including enhanced efficiency in treatment planning, reduced inter-
observer variability [117, 118], and the potential for identifying subtle imaging
features that may elude human perception. However, challenges persist in
ensuring robust performance across diverse patient anatomies and in handling
atypical or rare cases. Nowadays, numerous commercial companies now provide
Al-based auto-segmentation across various image modalities e.g. CT, CBCT, MR....
Example of commercial providers are Raysearch, Varian, Siemens Healthineers
Syngo. Via, MIM Contour Protégé or Therapanacea ART-plan.

8.2.2. Automatic plan optimization
Another popular application is the automation of the planning process. There

exist several approaches that enable fast and automatic plan optimization in RT.
Most of these solutions aim at predicting information or parameters of the
treatment plans based on the patient image and contours.

A first approach is the prediction of the achievable dose-volume constraints, i.e.
the model learned on previous high-quality plans what were the dependencies
between the used optimization constraints and the patient anatomy. With such
information, the human planner can initialize the optimization process with
relevant constraints that are close to the optimally achievable constraints. This
allows to save time and reduce the inter-observer variation [119].

A similar idea is to directly predict the 3D dose distribution. Here, the model
outputs a 3D matrix containing the spatial dose distribution, i.e. the model
learned the dependencies between spatial dose distribution and patient anatomy.
For such a model, common inputs are the patient image and the patient contours
(OARs and target) [120, 121]. Consequently, it provides more information than

42



Chapter 1: Introduction

the previous prediction of dose-volume constraints. To make best use of such
information a common process following the dose prediction is “dose-mimicking”.
Such a second step allows to convert this 3D matrix into a real deliverable plan
[122, 123]. It generally consists in minimizing the voxel difference between what
has been predicted and what achieves the optimizer at each iteration of the
optimization process. It can also consist in optimizing maximum and minimum
dose on isodose contours derived from the predicted dose. While powerful, it is
nonetheless necessary to pay attention to the beam configuration on which the
model has been trained, i.e. if a model was exclusively trained on 9 fields IMRT
plans it will only be able to output predictions for such beam configuration.

Another approach of automatizing the planning consists in predicting the
treatment parameters, such as the MLC position the necessary MU and/or the
optimal beam configuration. This provides an initialization for the optimization
process and can save a significant time [116, 124, 125].

Finally, some groups also proposed models aiming at reproducing the human-
tuning of optimization constraints during the optimization of the dose [126, 127].
The input of such models is generally the state of the dose-volume constraints at
a given optimization iteration, the output is a set of actions on optimization
constraints, e.g. increasing/decreasing optimization weights on specific
constraints. Consequently, the model automatically optimizes the treatment plan
through several decisions it progressively makes for the values of the optimization
constraints and their weights.

Automatic plan optimization has gained widespread adoption in RT, with vendors
offering various solutions. For instance, Varian RapidPlan for DVH prediction and
Raysearch dose prediction models.

8.2.3. Synthetic data generation
A third application is the generation of synthetic data. Synthetic data in RT refers

to artificial data that mimic real patients. The model main input is generally an
image of a given modality, e.g. CBCT, MR, the model common output is an image
for the same patient but predicted for another modality e.g. CT [128].

A first application of such inter-modality image translation is usually used to
enable the recovering of electronic density necessary for the dose computation
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step when working with MR or CBCT images for example. Such an application has
already been proposed by different vendors such as MR-box of Therapanacea,
syngo.via RT from Siemens or MRCAT from Philips.

Note that if there exist for a same patient two images of different modalities then
registration methods already perform well at matching images. When applying
the displacement field to the moving image, the resulting image might sometimes
be considered as synthetic data. In this context, some groups started to
investigate the prediction of displacement field between two images with DL
models, mostly to speed up such a process that can sometimes take several
minutes [129-132].

Data augmentation represents another valuable application of this method. Deep
learning approaches typically require extensive datasets for optimal performance.
In situations with limited data availability, generating synthetic data can artificially
expand training sets to improve prediction quality [133]. However, this application
remains nascent and has not yet been integrated into commercial systems.

While sCT has great interest in inter-modality translation, it can also be used to
enhance the quality of the input image [134-136]. Consequently, the output
modality is the same as the input one. This has been proposed specially to
enhance CBCT quality such that anatomy could be better discerned and/or artifact
could be corrected. For instance, Elekta has recently announced to soon provide
commercial software for such purpose.

8.24. Anatomical changes and motion prediction
Predicting anatomical variations and organ motion has become an increasingly

important focus in adaptive radiotherapy. Several research groups have
developed Al-based approaches to anticipate anatomical changes during
treatment courses. These predictive models serve multiple purposes: they can
forecast the necessity of replanning by analyzing early anatomical variations and
their likely progression [137, 138], identify optimal timing for treatment
adaptation by predicting the most significant anatomical changes, and even
enable near real-time motion prediction as demonstrated in the CyberKnife
system. Such predictions are particularly valuable for tumors subject to
respiratory motion or located in anatomical regions prone to significant
interfractional variations. Early identification of patients likely to require
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adaptation can improve resource allocation in clinical workflows while ensuring
timely intervention when necessary. Moreover, the ability to predict tumor
motion in real-time, as implemented in the CyberKnife system, enables more
precise beam delivery by anticipating target position, thereby potentially reducing
treatment margins and improving healthy tissue sparing.

8.2.5. Outcome Prediction
Al was also proposed as a tool to predict the toxicity of RT for various treatment
locations, e.g. prostate, breast, head and neck [139, 140]. It has also been
proposed as a predictor of treatment failure or response. It is also interesting to
note that a similar objective can be reached through the prediction of a dose (see
automatic planning section above) and the computation of normal tissue
complications probability with it.

Despite its significant potential, this application has not yet been widely adopted
or integrated into commercial systems.

9. State of the art of online adaptation for photon therapy
The implementation of Al tools in OART offers promising advancements.
However, to ensure time efficiency, it is crucial to integrate the different
automation tools within a comprehensive workflow in a unified treatment
environment. This necessity often leads to the adoption of all-in-one commercial
solutions that provide both the requisite hardware and software in an efficient
ecosystem.

Over recent years, commercial vendors and research groups have demonstrated
significant interest in addressing the challenges of OART, resulting in the
development of various solutions. In conventional radiotherapy, three primary
commercial solutions currently dominate the market, with two additional systems
on the horizon. These include the Ethos (Varian, Palo Alto, US), the Unity (Elekta,
Stockholm, Sweden), and the MRidian (ViewRay). While these systems employ
different technologies, they follow similar adaptive workflows.

The general adaptive workflow begins with the generation of an initial treatment
plan based on a planning CT, performed before the first treatment fraction.
Subsequently, the adaptive process typically encompasses the following steps:
patient setup, volumetric image acquisition, image segmentation, plan
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optimization based on the initial plan, treatment quality assurance and treatment
delivery.

It is worth noting that additional steps may be incorporated depending on the
imaging modality and the anatomical location of the treatment. For instance,
systems equipped with MRI capabilities may perform real-time image acquisition
during treatment delivery, allowing for enhanced monitoring and potential
intervention. Details about these different commercial approaches are described
hereafter.

9.1. The Ethos

The Ethos therapy system, introduced by Varian Medical Systems in 2019, is an
enhanced version of their Halcyon linear accelerator, augmented with
comprehensive automation software to enable rapid adaptive workflows. This
system aims to streamline the treatment adaptation based on daily anatomical
changes in patients undergoing RT in less than 20 minutes. Its main features are
an automatic planner, the Ethos Intelligent Engine (IOE), an Al-based automatic
segmentation algorithm (for pelvis and abdomen) and kV iterative CBCT (iCBCT)
[27].

A distinctive feature of this system is its ability to perform OA using the daily
CBCT. This approach offers both advantages and limitations. While CBCT is a
widely available and familiar on-couch imaging modality, it provides significantly
lower image resolution and contrast compared to conventional CT imaging. To
overcome these limitations, the Ethos system employs various approximations
and technical solutions to efficiently enable CBCT-based OART.

The Ethos workflow begins with initial planning, which follows a similar process to
classical simulation CT-based planning but utilizes the IOE for automatic planning.
The IOE operates with a template of dose volume-constraints that users aim to
achieve. It sequentially optimizes the different objectives of the inputted list of
goals, starting from the most important ones and ending with the least important.
Moreover, it can automatically add objectives to control the dose gradient around
the target and the dose homogeneity inside the target. The photon optimizer
algorithm proposes then IMRT and VMAT plans to the user.
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Then, each day of treatment a CBCT is acquired and used as surrogate for the
anatomy of the day. Contours are then automatically segmented on this CBCT.
The most important OARs are segmented with Al, those Al-segmented OAR are
named the “influencers”. The target is then propagated using a guided non-rigid
registration based on the initial position of the influencers and target and their
position of the day. Other remaining contours are simply registered on from the
initial CT to the CBCT of the day. The clinicians can then check the different
contours and correct them if necessary. Once the contours have been approved,
an adapted plan is generated through a new launch of the IOE with the exact
same list of clinical goals inputted at initial planning. The dose calculation is done
on a synthetic CT (sCT) that consists in the initial CT non-rigidly registered onto
the CBCT (illustrated in Figure 15) with the Acuros analytical dose engine. The
physician can then choose between the initial plan or the adapted plan to treat

the patient.

Figure 15 : Comparison of image quality in pelvic imaging. Left: conventional Ethos CBCT; Right: sCT
generated to match the CBCT anatomy. The sCT is used for the dose computation to overcome the
limited image quality of conventional CBCT.

The use of sCT is necessitated by the limited quality of CBCT entailing the direct
dose computation on it. However, there is currently no real evidence to guarantee
that daily generated sCTs remain valid throughout the entire treatment course for
the complete patient population. Furthermore, CBCT is particularly susceptible to
image artifacts, which can further complicate the generation of clinically usable
sCT, as illustrated in Figure 16.

Finally, a second CBCT is usually acquired before delivering the treatment. This
allows to correct for potential patient drift that could have occurred during the
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adaptive workflow. In parallel to this second image, a second dose computation is
launched as dose QA. This second dose is computed on the Mobius platform
[141]. It uses a CCC algorithm and the log files of the produced plan to propose a
second calculation of the dose. While recent study suggested that Mobius could
serve as a reliable indicator of plan failure [142], another one suggested that it
could not be necessary for every treatment fraction verification [143].

This workflow is generally reported to be completed within a 20-minute time slot
[37, 144-148]. However, it also exists attempts to treat complicated cases such as
head and neck simultaneous integrated boost where workflow average duration
can extend to more than 30 minutes mostly due to prolonged manual corrections
of the numerous registered anatomical volumes [149].

Figure 16 Example of a thoracic CBCT image, notice the low soft tissue contrast combined with
important artefacts that strongly degrades the interpretability of the image.

Over recent years, studies showed various benefits of daily CBCT-adapting
treatment plans such as improving target dose coverage and reducing dose in
OARs [37, 144-146, 150-152].

While already performing quite well, the recent released of a higher resolution
CBCT, “HyperSight” for the Ethos promises easier and more efficient adaptation
due to its enhanced image quality [153-155]. Such new imager provides an
enhanced image quality, easing the interpretation of the image for the clinicians
[156] and enabling a direct computation of the dose on the image of the day
without having to use any intermediary sCT [157]. This provides much more
reliable information for the dose calculation than the sCT that is sensitive to large
anatomical changes between planning image and image-of-the-day [158]. While it
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could also be supposed that the accuracy of Al-based contour segmentation could
be increased, the first investigation on prostate cancer patients did not show any
clear improvements [159]. However, at the moment, the Al-model has not been
updated and remains fully trained on conventional iCBCT. It is not yet clear if it
would be re-trained one day with HyperSight CBCTs and if this will increase the
accuracy of Al-segmentation.

It is noteworthy that such an automated adaptation workflow, with its capability
for direct dose computation on daily images, could enable simulation-free
treatments, eliminating the need for conventional planning steps prior to the first
treatment day [160].

9.2.  The Unity

Introduced in 2018, the Unity (Elekta AB, Stockholm) combines a linac with a 1.5T
MRI. The unity proposes an adaptive workflow MR-based. As previously
explained, the incorporation of MRI technology offers superior soft-tissue contrast
compared to conventional computed tomography (CT) or cone-beam CT (CBCT),
while also offering a non-ionizing imaging approach. This also enables image
acquisition during beam delivery, allowing for intra-fractional motion monitoring.
This capability provides the potential for beam interruption in cases of significant
anatomical displacement, adding an additional layer of precision and safety to
treatments [28].

The Unity comes with several different adaptation workflows where the MLC
positions and treatment segment weights can be updated or kept as on the
original planning. Complete re-optimization of treatment plans based on daily
anatomical variations is also possible. These adaptive workflows are integrated in
a special version of Monaco TPS (Elekta AB, Stockholm, Sweden).

As soon as a volumetric image of the patient has been acquired, the anatomical
segmentation volume begins. Here such segmentation consists in either rigidly-
registered or non-rigidly registered contours from initial CT to the one MR scan.
While for rigidly registered-contours no corrections are authorized (it is part of a
simplified workflow) for non-rigidly registered contours this often requires
consequent human reviewing and corrections. Indeed, unlike for the Ethos no Al-
based auto-segmenter is available for MR image segmentation inside the
commercial software environment. However, research groups obtained
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interesting result with in-house deep-learning model [161-163], and it can also be
mentioned that commercial software such as ARTplan from Therapanacea (Paris,
France) already proposed Al segmentation on MR images.

Concerning the planning, the optimization process takes also place in Monaco TPS
where template-based optimization can be used. However, it seems that such an
optimizer still needs human-intervention to achieve satisfying results [38].
Research have investigated the use of different approaches such as Swarm
Particle optimization, Machine-learning based optimizers [38] or also mCycle
[164], the Erasmus iCycle optimizer [165] (Erasmus University, Rotterdam,
Netherlands) implemented in Monaco TPS and showed better dosimetric quality
while unfortunately often being slower. Also note that for the moment, VMAT
plans cannot be generated. Moreover, the electron density for dose computation
is either assigned through a registration process for basic adaptation without
recontouring (similar than for the Ethos) or through bulk density assignment for
full re-optimization workflow (illustrated in Figure 17). For the second case the
inhomogeneities inside the different tissues are thus lost while it is more robust
for large anatomical changes that could produce inaccurate sCT. However, such a
bulk density assignment naturally also results in some dose uncertainty.

It is also interesting to note that the presence of such a large magnetic field
introduces complexities in dose distribution due to the Lorentz force acting on
secondary electrons. To address an accurate modeling of the dose distribution,
MC engine dedicated to the Unity has to be used.

Finally, before treatment delivery the acquisition of a new volumetric image can
be performed as on the Ethos to compensate for patient shift.

Concerning online quality assurance, performance of a secondary dose calculation
with a dedicated software considering the effect of transverse magnetic field is
advised, e.g. a modified Clarkson algorithm with correction for transverse
magnetic field [166-168].
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Figure 17 : lllustration of the 1.5T MR image quality and bulk density assignment for a pelvic case.
Left: pseudo-CT created by bulk density assignment on MR image; Right: 1.5T MR image. Adapted
from [169].

Ongoing research and development efforts focus on enhancing the efficiency of
the adaptive process to minimize overall treatment durations. Current adaptive
sessions typically range from 30 to 60 minutes, encompassing patient set-up,
imaging, re-planning, and quality assurance procedures. It is however strongly
dependent on the kind of re-optimization performed and the anatomical location.
For example, for prostate bed a research group reported a mean duration of 20.6
minutes for patients where the adaptation consisted only in a virtual couch shift
without contour adaptation, while it was of 31.3 minutes for a full re-optimization
adaptation [170]. For prostate, another group reported a mean duration of 38
minutes but with noticeable timing differences from months to months of clinical
usage [171]. For liver, a mean duration of 68.2 minutes was reported for full plans
re-optimization [40] and a custom imaging workflow.

While enabling treatment with high image accuracy as well as precise gating with
cine imaging, the Unity showed its ability to ensure target coverage and reduce
dose to OAR through its complete re-optimization workflow [28, 172-174].

9.3. The MRIdian

The MRIdian (ViewRay Inc, Denver) is a radiotherapy treatment system
incorporating a 0.35T MRI scanner (whose image quality is illustrated in Figure
18). It was introduced first in 2014 with a ®Co source as photon emitter upgraded
then with a 6MV linac in 2018 [29].
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The workflow shares several similarities with the Unity. Once the volumetric MR
image has been acquired, the contours are deformably registered from the initial
CT to the MR image of the day. Review and corrections are then manually
operated. Then the plan can be adapted following different workflows that either
re-optimize the segment-weight, the fluence or re-launch a full new re-
optimization with initial or updated objectives. Only conformal and IMRT plans
are proposed by the optimizer. Before starting the treatment delivery, research
groups proposed a QA step with a second independent MC dose calculation and a
gamma analysis tool to ensure the validity of the computed dose [175, 176]. To
prevent potential shifts between the start of the adaptation process and the
moment of treatment delivery, a second image can be acquired to ensure
correctness of isocenter position. However, for the MRIdian only 2D cine imaging
seems to be implemented for such purpose [177].

The system also disposes of the capability of using such 2D cine imaging while
treating to shut-off the beam when necessary if anatomical movement are
observed, i.e. to perform gating during treatment [29].

While the magnetic field of such MR-imager being much lower than the one from
the Unity, the dose computation is also done through a MC engine taking its
influence into account. Also, as for the unity, it is possible to compute the dose on
the registered CT or on the MRI with bulk electron density assignment.

As the Unity, the MRIdian showed its ability to preserve target coverage through
the different treatment fractions while reducing dose to OARs [178-180].

Figure 18: lllustration for a pelvic case of MR image quality as a function of the intensity of the
magnetic field. Left: Unity 1.5T imager; Right: Mridian 0.35T imager. Adapted from [181].
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As for the Unity, the adaptation workflow can thus last quite a time due to time-
consuming contours review, lowly automatized optimization of planning and
potential supplementary imaging protocols. The reported adaptation time is also
quite dependent on the anatomical treatment sites, but most studies report a
median time above 45 minutes [176, 182, 183].

Nonetheless, as for the Unity it is important to note that such timing values result
from specific imaging workflows and specific treatment monitoring that are
enabled by the MR image quality and would not be possible with CBCT.
Consequently, one must be careful when making timing comparisons with the
timing ranges achieved by the Ethos since the treatment indications are not
necessarily the same.

9.4, The Aurora-RT

The Aurora-RT (MagnetTx Oncology Solutions, Edmonton, Alberta, Canada) is
another linac incorporating an MR imager which has been presented in 2024
[184]. Aurora MR images are acquired with a 0.5T magnetic field. It differentiates
from the other MR-linac by providing biplanar irradiation field, either parallel or
perpendicular to the static magnetic field, which can lead to some differences in
electrons transportation and thus in the spatial shifting of the dose. It also enables
treatment couch motion to ease the IGRT with regards to previously presented
MR-linac.

While the Aurora-RT has received both FDA and CE approval, it is important to
note that the system is still in the early stages of clinical implementation. Future
research and clinical studies will be crucial in elucidating the specific benefits and
potential advantages of this device in various treatment scenarios.

It is particularly noteworthy that the Aurora-RT system appears to be placing
significant emphasis on Al integration. The ongoing development of Al
applications for this platform is expected to encompass several key areas: Al-
based MR reconstruction; Al-based intra-fraction cine-imaging; Al-based tumor
segmentation and target movement prediction [184].

9.5. TheEvo
Recently, Elekta has also announced to provide another OART-compatible linac

equipped this time with a CBCT imager: the Evo. Evo CBCT image quality is
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announced to be enhanced by Al. It is also announced that such linac should be
compatible with a new planning software, the Elekta One Planning, where
segmentation and dose planning would be automatized by Al.

However, CE mark approval has only recently been received. It is therefore likely
that further details of this treatment device and its clinical benefits will only
become available in a few months' time.

10. State of the art of online adaptation for proton therapy
Currently, there exists no commercial implementation of OA for PT. PT presents
unique challenges that have hindered the development of commercial
implementations. Several factors contribute to this complexity:

1) Dose calculation precision: Monte Carlo (MC) simulations remain the
clinical gold standard for PT dose calculations due to their accuracy.
However, the computational time required for MC simulations has
traditionally been a limiting factor for online adaptive planning.

2) Imaging requirements: Accurate proton range prediction necessitates
high-quality volumetric imaging that provides precise stopping power
information. This requirement often exceeds the capabilities of
conventional in-room imaging systems.

3) Robustness considerations: PT is particularly sensitive to anatomical
changes and treatment uncertainties. Ensuring plan robustness in an
adaptive setting adds another layer of complexity to the optimization
process. Robust optimization is currently considered as a gold standard in
PT [85, 86, 185]. However, its computational intensity often leads to a
prolonged optimization time.

These technical challenges are also combined with some pragmatic aspects:

1) The absolute demand for PT is smaller than for RT, i.e. there is much less
PT treatment centers than RT ones.

2) There is no company providing both the necessary hardware and software
together.

3) As previously introduced, adaptation time is even more constraint than in
RT due to the economic factors [33-35].
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These combined challenges make OA for PT significantly more demanding than for
conventional RT, necessitating innovative approaches and technological
advancements.

Over the years, research groups started to use different tools and ideas that were
proposed in the community [186]. Several groups started to leverage the
capability of Graphical processing units (GPUs) for speeding up the MC dose
calculation and goals optimization. Simple tricks such as re-using the optimization
constraints from initial planning and making use of registered anatomical volume
started also to be commonly used to speed-up the adaptation process. Moreover,
to palliate the cost of having an in-room CT to provide reliable information for the
dose computation, CBCT started to be considered with scattering correction
either from analytically- or DL-based or as for the Ethos by generating a sCT from
the registration of the initial CT on the CBCT of the day [187].

Research groups have developed various adaptive processes for OA PT using these
tools and simplifications. However, these approaches commonly face two
limitations: they most often trade dose distribution optimality for shorter
computation times; and like conventional OART, they do not yet have an
adequate solution for cases that require extensive auto-segmentation review and
correction. The following subsections will delve into the distinct methodologies
proposed by different research groups, highlighting their unique features and
potential advantages.

As the field of OA PT continues to evolve, it is anticipated that these research
efforts will pave the way for future clinical implementations. The ongoing
advancements in computational efficiency, imaging technologies, and
optimization algorithms are gradually bridging the gap between the complex
requirements of adaptive proton therapy and clinical practicality.

10.1.  Fully new optimization with use of analytical algorithms
A first proposed approach for adapting PT plans involves generating a completely

new plan based on the daily anatomy. However, as mentioned above, such an
approach would typically require clinically prohibitive computation times. To
address this limitation, one research group proposed using GPU-accelerated
analytical algorithms for rapid proton dose calculation, enabling treatment plan
generation within seconds [188]. While PT analytical algorithms still suffer of a
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limited accuracy, it has been shown that impact of the dose distribution
uncertainty using such algorithms can be lower than the negative impact of non-
adapting the dose distribution to the anatomy of the day [189]. Using this
approach, Matter et al. achieved in-silico plan adaptation within 5 to 25 seconds
for paraspinal, cranio-spinal axis, brain, and paranasal cases [188].

This approach has led to the first clinical implementation of an OA workflow for
daily PT plan adaptation [30]. The implementation utilizes an in-room CT-on-rails
for daily imaging, with anatomical structures rigidly registered from the initial CT
to the daily CT. Patient selection was limited to tumors in rigid anatomical regions
to justify this rigid registration approach and to bypass the time-consuming
contours manual corrections. As for previously presented photon adaptive
workflows, an independent dose computation is performed as QA before treating
the patient based on the generated control file from the daily plan. If the adapted
plan fails to meet QA requirements or clinical quality standards, a "fallback" non-
adapted plan, independently generated with potentially different beam angles or
optimization parameters, can be used as an alternative.

The use of such adaptive workflow in this first investigation allowed to maintain
the dose in target while ensuring reasonable dose to OARs, which was not the
case for all non-adapted falloff plans. For the five patients clinically treated with
this adaptive workflow, the reported necessary time for the adapted sessions
ranged from 15 minutes to 30 minutes.

Future investigations should explore extending this work to cases with non-rigid
anatomical changes and develop methods to replace target margins with robust
optimization within clinical time constraints. This is particularly important as
target margins in proton therapy have been shown inadequate for ensuring
accurate target coverage under various conditions.

10.2.  Dose restoration
A second proposed method consists in restoring a dose distribution similar to the

initial one but on the image of the day by restoring Bragg peak position and re-
optimizing the beamlet weights [190]. This process generally eases the validation
of the plan since it aims at achieving a dose close to the reference. The
conventional implementation begins with rigid registration of the initial dose onto
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the daily image. This enables straightforward determination of dose constraints
through several possible approaches [191-193]:

- A DVH-based approach, where the optimization aims to fulfill the same
dose-volume constraints as the initial plan.

- A voxel-based approach, where objective functions are replaced by voxel-
wise optimization functions minimizing dose differences voxel-by-voxel.

- An isodose-based approach, where isodose volumes are created from the
initial dose distribution (typically in 2Gy or 5Gy steps), with minimum and
maximum dose objectives set according to each isodose volume's level.

Since the initial dose cannot ensure to be an optimal reference on the new
anatomy of the day, researchers have also explored methods to provide better
dose reference to restore. These seek to generate reference doses that better
approximate optimality for the daily anatomy, either through deep learning-based
dose prediction or by applying non-rigid registration of the initial dose onto the
daily image [192, 194].

10.3.  Re-optimization with initial parameters

A third approach aims at re-using most of the initial plan parameters, e.g. beam
configuration, spots position and weights, while fine-tuning only a subset of these
parameters for the daily anatomy [195, 196]. Unlike dose restoration methods,
this approach does not strictly aim to reproduce a reference dose distribution.
They rather aim at quickly producing a clinically acceptable plan through the use
of initialized parameters that do not necessarily need to be updated. Such
approaches are thus much less computationally intensive than a complete re-
planning from the ground up.

Botas et al. demonstrated the efficiency of this approach for head and neck cases
through a combination of initial spot transfer to the daily anatomy, selective spot
re-optimization, and GPU-accelerated Monte Carlo dose calculations, achieving
average adaptation times of just over 5 minutes [195].

As for the dose restoration, initial plan optimization constraints cannot ensure to
be optimal on the new anatomy of the day. However, as previously explained
tremendous progress has been made in approaches predicting relevant constraint
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base on the new patient anatomy [36, 119] suggesting potential for further
improvement of this adaptation strategy.
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1. Introduction

In the field of radiation therapy (RT), adaptive RT (ART) has been a major research
topic for many years [197-199]. Unlike conventional radiation therapy that relies
on single computed tomography scans (CT) acquired prior to treatment, ART aims
at accounting for anatomical changes that can occur in the tumor (shrinkage,
progression) and organs at risk (OAR) (weight loss, air cavity filling, organs
deformation, ...), over the course of a treatment. In practice, ART requires
repeated image acquisitions to capture the daily anatomy, to delineate the
updated patient volumes, and to re-optimize the dose based on the current
snapshot of the patient anatomy.

Varian®(Varian Medical system, Palo Alto, USA) has recently released a new
generation of linear accelerator: Ethos, which proposes a commercial
implementation of Online-ART (OART) guided by cone beam computed
tomography (CBCT) [27]. With CBCT iterative reconstruction, daily automatic
organ segmentation, and automatic dose optimization, Ethos allows the
treatment plan to be adapted within a time frame of 20 minutes [37, 144-147].
Ethos OART approach has already proven its efficiency and utility in several
contexts and setups [37, 144-146, 150, 151].

The automatic plan optimization enabled in Ethos uses an “Intelligent
Optimization Engine” (IOE), an algorithm that optimizes objectives directly coming
from a list of clinical goals, ordered by importance and created by the user prior to
the treatment. Any list of clinical goals can be saved as a template of objectives
and constraints to be used for other patients requiring the same treatment intent.
Preliminary studies have shown that Ethos generated plans quality was globally
satisfying and, when compared to manually generated plans, dose metrics
differences were quite small [37, 146, 147, 200, 201]. However, this general
perspective does not point out specific cases where optimization difficulties can
arise from more challenging anatomies: although the template-based
optimization of Ethos can produce clinically acceptable plans at the patient
population level, it might encounter difficulties to generate the optimal dose
distribution for any given patient.

Concurrently to Ethos, various other automatic planning methods have arisen
[202, 203], some of which might intrinsically better integrate patient features to
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produce anatomy-specific optimal plans. Notably, the recently popular dose
prediction (DP) approach, based on deep convolutional neural networks, has
demonstrated the ability to predict optimal, patient-specific three-dimensional
dose distribution [122, 123, 204, 205]. Following this dose prediction, a
subsequent step of inverse planning, also called "dose mimicking" (DM), allows
machine parameters to be determined such that the predicted dose can actually
be delivered [123, 206]. Such a sequence of steps is meant to generate anatomy-
specific plans, which might turn out to be more tailored to individual patients than
template-based plans.

Therefore, the goal of this study is twofold. On the one hand, we aim at assessing
the general performance of the Ethos solution (i.e., the template-based IOE), by
analyzing the global quality of the Ethos generated plans (EG) with respect to our
clinical standards. On the other hand, we aim at investigating the capability of
Ethos solution to produce patient-optimal plans and compare it to the
aforementioned sequence “dose prediction & mimicking” (DP+DM) workflow.
These two state-of-the-art automatic treatment planning approaches are
compared by looking at their performance on selected challenging plans and their
capability of generating specific dose trade-off when necessary.

Notice that this study looks only at the quality of the initial treatment plans and
does not analyze the quality of the per-fraction plans.

2. Materials and methods
To achieve the goals of this study, 2 planning studies using 4 different planning
methods were designed. These will be presented in the following sections. Figure
19 illustrates the schematic study design and data distribution.

2.1. Data

A database of 45 prostate cancer patients, without pelvic nodal irradiation, was
used in this study. All patients were previously treated on our Halcyon (Varian
Medical system, Palo Alto, USA) and initially planned on the Eclipse treatment
planning system (TPS). CT images were acquired on a Toshiba Acquilion CT
scanner with a slice thickness of 2mm. The dose prescription was 60Gy in 20
fractions, with a CTV-to-PTV isotropic expansion of 7mm.
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Local ethics committee approval was obtained for the use of all patient data
under the agreement "Learning from the past: the MIRO treatment planning
database" which received the ethical approval by the CEHF (Comité d'Ethique
hospitalo-facultaire).

2.2.  Treatment planning

For this study, new treatment plans were retrospectively generated on the
planning CT using the different dose optimizations methods described in this
section. All planning methods used the 9-fields IMRT configuration and isocenters
from Ethos TPS. Concerning automatic methods, they were assessed without any
further manual optimization: no other operations than loading the CT scans, the
contours, and optimization goals were performed.

2.2.1. Ethos planning with initial template (EG_init plans)
As previously mentioned, the Ethos IOE solution generates a plan by using a set of

optimization objectives that are directly coming from a template of clinical goals.
Within a given template, the clinical goals have priorities ranking from 1 (most
important) to 4 (less important), and internal priorities within their own group
between each other. The I0E converts this list into objective functions for the
photon optimizer and then monitors the optimization process: it initializes
weights for all objective functions and regularly adapts them with respect to the
established priorities. It also resolves the possible conflicts between the target
volumes and nearby or overlapping organs at risk, and it generates optimization
structures to decrease dose to normal tissues [27].

All 45 patients were retrospectively planned using Ethos IOE based on our 60Gy
prostate template (Table 2). The CT scans and the planning contours were
exported from Eclipse TPS V16.01.10 to a remote Ethos emulator TPS (V02.01.00).

The Ethos TPS typically generates several plans with different IMRT and VMAT
configurations. Nine-fields IMRT configuration was selected for this study,
because VMAT has been reported to achieve lower plan quality in the early
version of the Ethos TPS [37, 200, 201].
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Table 2: IOE initial clinical goals template. Each line refers to an optimization goal for a defined
volume with a defined optimization priority. Femur_L = left femoral head, Femur_R = right femoral
head.

Priority Volume Goal

1: Most Important  PTV D95% >=95%
1: Most Important  PTV D2% < 104%

1: Most Important  CTV D98% >=98%
2: Very Important Rectum V60Gy < 1%

2: Very Important Bowel D0.1cm?3 < 60Gy
2: Very Important Anal canal V60Gy < 1%

2: Very Important Bladder V60Gy < 3%

2: Very Important Rectum V52.8Gy < 15%
2: Very Important Rectum V30Gy < 35%
2: Very Important Bladder V50Gy < 20%
2: Very Important Bladder V40.8Gy < 20%
3: Important PTV D50% >=99%
3: Important PTV D50% <=101%
3: Important Anal canal V35Gy <25%
3: Important Anal canal V20Gy < 50%
3: Important Bowel V55Gy <3%

3: Important Bowel V20Gy <300cm3
4: Less Important Femur_L V40Gy <20%
4: Less Important Femur_L V35Gy < 5%

4: Less Important Femur_R V40Gy <20%
4: Less Important Femur_R V35Gy < 5%

4: Less Important Penile bulb V42.5Gy < 50%
4: Less Important Penile bulb V54.1Gy < 10%

2.2.2.

Manually-generated planning (MG plans)

A single planner manually generated plans for the 45 patients, with the goal of
achieving the optimal clinical trade-offs. The beam configuration is the same as
Ethos 9 fields IMRT. The plans were specifically re-optimized with this
configuration for this study. For this reason, MG plans are considered as the gold
standard, that is, benchmark plans for the dose comparisons that are reported in
Section 2.3. The Eclipse Photon Optimizer algorithm was used for plan
optimization and the Acuros External Beam 16.1.0 algorithm for the final
volumetric dose calculation with a 2.5mm calculation resolution.
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2.2.3. Ethos planning with updated template
Based on the acquired experience from manual planning and Ethos TPS, we

updated the initial template from Table 2. The V20Gy constraint for the anal canal
was decreased to 40% and optimization goals “V20Gy<40%” were added for
rectum, bladder, and penile bulb with priority 4: “less important”. Later in our
experimentations (see section 2.3), 10 challenging patients were selected, and the
updated template was applied in order to investigate whether the plan clinical
quality could be improved for these 10 specific patients. Those are the 10 testing
patients mentioned in Figure 19.

2.2.4. Dose prediction and dose mimicking planning (DP+DM plans)
The dose prediction model used in this work is a hierarchically densely connected

U-Net (HD-UNET). The in-house implementation of the architecture is publicly
available in https://gitlab.com/ai4miro/ntcp predicted dose [207]. Dose

prediction with U-net architectures has already been studied over many
treatment locations [121, 208-211] and demonstrated good performances across
several architecture variations including the HD-UNET version [103, 120, 212]. Our
HD-UNET model contains 11 input channels: one channel for the CT-scan; one for
the dose prescription mask, which consists of the prescription dose (60Gy) for the
voxels inside the PTV and 0 for voxels outside; and 9 channels for the masks
corresponding to the organs at risk, namely, the anal canal, bladder, rectum, left
femoral head (Femur_L), right femoral head (Femur_R), colon, sigmoid, small
bowel, and penile bulb.

To prevent exceeding the GPU (Nvidia A100 40GB) memory limit, the CT scan,
masks, and dose were resampled at a resolution of [3x3x3 mm3] and model
training with image patches size of [176 x 176 x 96] was used. Data were
augmented by flipping training data in the left-right direction to double the
dataset size. The model was trained, validated, and tested using the 45 MG plans,
with a 5 folds cross-validation. The mean squared error between the predicted
and ground-truth doses (from MG plans) was used as a loss function. The training
set included 30 patients, and the validation set 5 patients (those are the “training
patients” in Figure 19). The test set contained the 10 selected patients. The model
was trained for 300 epochs for each fold. After model training, the weights
yielding the lowest mean squared error on the validation set were kept. This was
done for all 5 folds, which resulted in 5 different models. For each test patient, the

64


https://gitlab.com/ai4miro/ntcp_predicted_dose

Chapter 2: Getting the most out of automatic planning

dose was predicted with these 5 different models, producing 5 different dose
maps. A final dose map was then computed from the mean of these 5 dose maps.
This way of aggregating the different dose maps over several folds is somehow
analogous to bootstrap aggregation (bagging), which has already been reported as
increasing the accuracy of dose prediction [213]. The test patients were
implicated in neither the model training nor the model selection process.

Concerning dose mimicking, the goal is to optimize machine parameters that best
achieve the predicted dose. For that purpose, a template was devised in the Ethos
TPS to reproduce closely the dose prediction into a deliverable plan (see Table 3).
This mimicking template sets up an isodose-based optimization (IBO) [214]. This
template consists in requiring a classical target coverage (PTV:D95%>95% ;
CTV:D98%>98% ; PTV:D2%<=104%), to then apply maximum dose constraints on
the predicted isodose levels. Isodose volumes were computed from 57-60Gy (95%
and 100% of the prescription dose) to 0Gy by steps of 10 Gy (60, 57, 47, 37, 27,
17, 7, 0) with an in-house Python script. The isodose template was refined by
including maximum dose constraints on the intersection of some close OARs and
isodose levels, to enable a more accurate mimicking on these specific anatomical
regions. This mimicking template was set-up and tested on prostate plans that
were not part of this study.
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Table 3: Dose mimicking template for Ethos IOE. “AnoRectum” refers to the merging volume of anal
canal and rectum contours. “Dose [D1-D2 Gy]” refers to the predicted dose volume ranging from
dose D1 to dose D2. AnoRectum, bladder, or bowel followed by values in square brackets [D1, D2 Gy]
refers to the intersection volume between the anatomical volume and the predicted dose volume

ranging from dose D1 to dose D2.

PRIORITY VOLUME GOAL
: Most important PTV D95%>= 95%
: Most important CcTv D98%>=98%

W W W WWWWNNNNNNNNNNNMNMNNRRRERPRPR

: Most important
: Most important
: Most important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important
: Very Important

AnoRectum[60-57Gy]
Bladder[60-57Gy]
PTV
AnoRectum[47-57Gy]
Bladder[47-57Gy]
Bowel[+57Gy]
AnoRectum[37-47Gy]
Bladder[37-47Gy]
AnoRectum[27-37Gy]
Bladder[27-37Gy]
AnoRectum[17-27Gy]
Bladder[17-27Gy]
AnoRectum[7-17Gy]
Bladder[7-17Gy]
AnoRectum[0-7Gy]
Bladder[0-7Gy]

D0.1cm3<60Gy
D0.1cm3<60Gy
D2%<=104%
D0.1cm3<57Gy
D0.1cm3<57Gy
D0.1cm3<60Gy
D0.1cm3<47Gy
D0.1cm3<47Gy
D0.1cm3<37Gy
D0.1cm3<37Gy
D0.1cm3<27Gy
D0.1cm3<27Gy
D0.1cm3<17Gy
D0.1cm3<17Gy
D0.1cm3<7Gy
D0.1cm3<7Gy

: Important Dose[+57Gy] D0.1cm3<60Gy
: Important Dose[47-57Gy] D0.1cm3<57Gy
: Important Dose[37-47Gy] D0.1cm3<47Gy
: Important Dose[27-37Gy] D0.1cm3<37Gy
: Important Dose[17-27Gy] D0.1cm3<27Gy
: Important Dose[7-17Gy] D0.1cm3<17Gy
: Important Dose[0-7Gy] D0.1cm3<7Gy

2.3. Planning studies
Two planning studies were performed, in order to investigate the general
performance of the Ethos template-based and its patient-optimality (i.e., the
capability to produce plans that achieve the best possible dose distribution for a
patient, with the highest number of met clinical goals) against DP+DM plans, with
respect to reference MG plans. All plans were scaled either to D95=57Gy on the
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PTV or D98=58.8Gy on the CTV so that both PTV and CTV coverage constraints
could be met.

2.2.5. Study S1 -Performance of ETHOS using initial template
This first study evaluates the global performance of Ethos planning with our initial

clinical template (EG_init) against conventional manual planning (MG) over the 45
patients.

The 45 EG_init plans and MG plans were compared through the OAR clinical
metrics used in our Ethos template goals and on the mean doses to the OARs.
Metrics were extracted from Ethos TPS for EG_init plans and from Eclipse TPS for
MG plans. Homogeneity index (HI) and conformity number (CN) were also
computed to provide supplementary information about quality of the dose
distribution. Hl and CN were computed with the following formulas:

Dy, —Dggo
HI — 2/; 98% 6)
50%

Vs prv
CN = ~

Vprv X Vosos poay

()

where Voso, pry and Voso, oqy are the volume receiving 95% or more of the
prescribed dose for the PTV and the body, respectively.

Statistical significance between MG and EG_init plans is reported for the clinical
goals and mean dose to OARs with a Wilcoxon signed rank test. All the statistical
tests are operated with the “stats.Wilcoxon” function from the scipy Python
package.

From the results of this comparison, we noticed 10 EG_init plans showing specific
difficulties compared to MG plans, either they did not meet some clinical goals
that were met with manual planning or the dose to OARs could be overall further
improved.

2.2.6. Study S2 - Performance of ETHOS using an updated template for

a selected set of patients and comparison with deep learning-based auto-
planning

The second study highlights the 10 patients from previous study where Ethos IOE

shows optimization difficulties with generic clinical constraints typically used in
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template-based optimization. Consequently, a second template which has been
updated on basis of results of the first study is used to evaluate if clinical plan
quality might be substantially increased. The 10 EG_init plans were kept
(EG_init_selected) and corresponding patients were re-planned with the updated
template (EG_upd_selected). Moreover, these 10 test patients were also planned
with the alternative DP+DM approach. The 10 EG_init_selected, EG_upd_selected
and DP+DM plans were compared using homologous MG plans as benchmark.
Clinical metric and mean dose to OAR for EG_init_selected plans,
EG_upd_selected plans and DP+DM plans were compared. In addition, the
numbers of clinical goals that are met were also provided for each approach.

Hl and CN are also provided following the same formulas than for Study S1.
Modulation complexity score (MCS) was computed for each Ethos multileaf
collimator (MLC) with an in-house python script. Details about MCS computation
can be found in supplementary materials S1 and in the original MCS article [215].
Deliverability was reported with Mobius gamma index. Recent studies have
demonstrated and used the capability of Mobius to serve as a reliable indicator of
plan failure [36, 142].

Statistical significance between EG_init_selected and DP+DM as well as between
EG_upd_selected and DP+DM is reported for the clinical goals, mean doses to
OARs, monitor unit (MU), MCS, and gamma index with a Wilcoxon signed rank
test. Statistical tests are operated with the “stats.Wilcoxon” function from the
scipy Python package.
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3. Results

3.1.  Study S1 - Performance of ETHOS using initial template
Comparison of the metrics between MG plans and EG_init plans are reported in
Table 4. For metrics close to prescription dose (50Gy and higher), EG_init plans
achieved similar mean values than MG plans, absolute differences (| EG_init minus
MG]|) never exceeding 0.6%. Some of them are established as statistically
significant, however, we consider these differences of less than 1% to be clinically
insignificant.

For Lower dose levels, EG_init plans tend to show larger dose differences with MG
plans: 13%, 6.6%, and 5.3% more, for V20Gy the anal canal, V30Gy to rectum and
V42.5Gy to penile bulb, respectively. For the rest of the considered metrics,
results achieved by EG_init plans were deemed satisfactory.

The previously observed trend about lower dose levels seems to be confirmed
when looking at the mean dose distribution for each OAR in Figure 20. Again,
OARs that show noticeable differences are the anal canal, bladder, rectum, and
penile bulb with median mean dose difference of 5.0Gy, 3.7Gy, 4.9Gy, and 5.8Gy,
respectively.

Table 5, reports the HI and CN for both planning approaches. We can notice that
the mean HI for MG plans is slightly better than for EG_init plans. Mean CN looks
comparable between the two approaches.

The V20Gy<40% constraints for the updated template were chosen because
precise mean V20Gy for the anal canal, bladder, rectum, and penile bulb are,
respectively, 21.3%, 28.1%, 35.6%, and 23.2% over the 45 MG plans. These values
over the 10 MG plans for the selected patients rise to 30.0%, 32.9%, 42.5%, and
23.4% for the anal canal, bladder, rectum, and penile bulb, respectively. Such
additional V20Gy constraints aim at reasonably reducing the most extreme
differences for lower dose levels of EG_init plans. Results of this template update
can be found in the following section for the 10 selected patients.
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Table 4: Mean metrics achieved for EG_init plans and MG plans over the 45 patients. Differences
(EG_init minus MG) are also provided. The p-values are extracted from the comparison of EG_init
plans and MG plans. Those presented in bold font are deemed statistically significant (p < 0.05).
EG_init = Ethos generated plan (using initial template), MG = Manually generated plan.

Volume Constraint EG_init plans MG plans EG_init—MG P-value
Anal V60Gy (%) 0.3+0.7 0.5+0.6 -0.2 0.006
canal V35Gy (%) 17.4+9.3 143+10.2 3.1 <103
V20Gy (%) 343+145 21.3+13.2 13.0 <103
Bladder V60Gy (%) 0.8+1.7 1.0£0.8 -0.2 <103
V50Gy (%) 10.8+4.0 10.3+4.6 0.5 0.002
V40.8Gy (%) 15.8%5.3 14.1+6.0 1.7 <103
Bowel D0.1cm3 (Gy) 23.0+24.1 21.4+238 1.6 0.020
V55Gy (%) 0.2+0.7 0.2+0.6 0.0 0.020
V20Gy (cm3) 5.0+9.7 371738 1.3 0.002
Rectum V60Gy (%) 0.7+t1.6 0.7+0.7 0.0 0.040
V52.8Gy (%) 14.1+2.8 14.3+3.9 -0.2 0.780
V30Gy (%) 341129 27.5+6.5 6.6 <103
Femur_L VA40Gy (%) 0.0+0.1 0.1+0.1 -0.1 0.009
V35Gy (%) 0.0£0.2 0.5+1.0 -0.5 <103
Femur_R V40Gy (%) 0.0+0.1 0.1+0.2 -0.1 0.004
V35Gy (%) 0.0+£0.3 0.4+1.0 -0.4 <103
Penile V54.1Gy (%) 3.8+5.5 4.4+7.7 -0.6 <103
Bulb V42.5Gy (%) 15.5+12.8 10.2+11.4 5.3 0.120
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Figure 20: Difference of mean dose to OAR between EG_init and MG plans over the 45 patients. The
inner line represents the median of the dataset, the box are the quartiles, the whiskers show the
range of the distribution without outliers which are denoted by a diamond. Outliers are determined
by the boxplot function of the seaborn Python package. All mean dose differences are statistically
significant.

Table 5: Mean homogeneity index (HI) and conformity number (CN) for Ethos generated (EG_init)
and manually generated (MG) plans

EG_init MG
HI 0.12 +0.02 0.10 +0.02
CN 0.89 +0.01 0.89 +0.03
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3.2.  Study S2 - Performance of ETHOS using an updated template for
a selected set of patients and comparison with deep learning-

based auto-planning
Metric differences for DP+DM, EG_init_selected and EG_upd_selected are

reported in Table 6. Concerning dose levels above 50Gy, several of these metrics
are now above 1% difference for EG_init_selected plans: V50Gy to bladder, V60Gy
and V52.8Gy to rectum and V54.1Gy to penile bulb. As for S1, large mean
differences can be observed for lower dose levels such as 16.9%, 8.5%, and 11.2%,
for V20Gy to the anal canal, V30Gy to the rectum, and V42.5Gy to the penile bulb,
respectively. This repeats the same trends as for S1, although the differences with
MG plans get amplified due to patient selection.

Concerning EG_upd_selected plans, we noticed a slight increase of the V60Gy to
rectum compared to EG_init_selected, while lower dose levels differences with
MG dropped: from 16.9% to 11.5% for the anal canal V20Gy, from 8.5% to 5.7%
for the rectum V30Gy, and from 11.2% to 3.4% for the penile bulb V42.5Gy.

The DP+DM approach overall achieved metrics closer to those from MG, in
comparison with EG_init_selected and EG_upd_selected. Noticeable exceptions
are the penile bulb V54.1Gy of 4.6% instead of 1.9% and 0.5% for EG_init_selected
and EG_upd_selected, respectively. However, these differences did not reach
statistical significance between DP+DM and EG_init_selected and between
DP+DM and EG_upd_selected.

Figure 21 illustrates the difference of mean dose to OARs with regards to MG
plans for the three automatic approaches. As previously observed, the updated
template reduced the dose difference for the low dose levels, and consequently
for the mean dose to OAR. However, DP+DM outperformed the other automatic
methods, and achieved the closest dose metrics to the MG method. Statistical
difference between EG_upd_selected and DP+DM plans is moreover established
for the anal canal and bladder.

Table 7 depicts when clinical goals were met or not for each approach. While the
10 MG plans could not meet all clinical goals, they were deemed clinically
acceptable by our physicians. As to the automatic approaches, DP+DM succeeds
in meeting the largest number of “most important” and “important” goals,
followed by EG_init_selected and EG_upd_selected. The 10 DP+DM plans were
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also deemed clinically acceptable, but 1 EG_init_selected plan and 3
EG_upd_selected plans were not, due to critical unmet goals. Among these unmet
goals, there is notably the “V60Gy<1%” to rectum that could not be met for 2
EG_init_selected and 4 EG_upd_selected plans. Figure 22 illustrates the
distribution of V60Gy to rectum for each approach. We can notice that V60Gy of 2
EG_init_selected plans were significantly above 1% constraint and that template
update resulted in a noticeable increase of V60Gy for 2 other patients,
compromising the clinical quality of these EG_upd_selected plans.

Table 8 reports the HI and CN for the different planning methods, it can be
noticed that MG and DP+DM achieved a better homogeneity while their
conformity number is slightly lower than for EG_init_selected and
EG_upd_selected plans.

Table 9 reports the mean total MU, MCS and Mobius gamma index for each
approach. There are statistically significant differences between MU for MG plans
and EG as well as for DP+DM and EG plans. MCS for both Ethos MLCs confirmed
the higher complexity of DP+DM plans. This is expected since the dose metrics are
probably more demanding for some constraints than the general Ethos template.
However, no prostate plans were flagged as problematic while the mean gamma
index is slightly lower for the MG plans than for other approaches.

Figure 23 illustrates the dose distribution for the different optimization methods
for a specific patient where the V60Gy constraint to rectum was difficult to meet.
Some facts already mentioned above can be observed: the DP+DM and MG
methods reduce at best the V60Gy to rectum while ensuring PTV coverage. Such
rectum sparing seems to have a cost in terms of dose conformity when compared
to EG_init_selected and EG_upd_selected.
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Anal V60Gy (%) 03+1.0 0.1+0.7 0.079 0.4+13 0.500
canal V35Gy (%) 1.2+3.1 6.0%5.9 0.006 48+48 0.004
V20Gy (%) 4.6+47 169+11.4 0.004 11.5+7.9 0.006
Bladder V60Gy (%) -0.3+0.5 0.1+0.6 0.062 0.4+1.0 0.028
V50Gy (%) 0.6+1.2 1.4+09 0.130 1.3+0.8 0.014
V40.8Gy (%) 0.6+1.8 29+29 0.010 22+13 0.004
Rectum V60Gy (%) -0.2+0.3 1.4+3.1 0.058 19+3.1 0.034
V52.8Gy (%) 0.0+1.2 1.0+2.6 0.193 0.7+25 0.275
V30Gy (%) 3.4+28 85+5.1 0.027 57+50 0.375
Bowel V55Gy (%) -0.1+0.8 -0.2+0.8  0.625 -0.2+0.8 0.769
V20Gy (cm?®) -1.3+5.6 0.8+5.8 0.180 -0.6+5.9 0.102
D0.1cm3(Gy) 0.5+2.8 1.0%25 0.109 0.1+1.8 0.108
Femur_L V40Gy(%) 0.0+0.2 -0.1+0.2 0.180 -0.1+0.2 0.180
V35Gy (%) 0.0+1.1 -06+1.1  0.028 -0.4+09 0.043
Femur_R V40Gy(%) 0.0+0.1 0.0+0.1 0.157 0.0+0.1 0.157
V35Gy (%) 0.0+0.6 -0.3+0.5  0.043 -0.2+0.5 0.043
Penile V54.1Gy (%) 4.6+7.7 19+4.4 0.080 0.5+5.5 0.080
Bulb V42.5Gy (%) 6.6+9.0 11.2+11.8 0.028 3.4+9.4 0.068

Table 6: Mean difference of dose metric between automatic plans (EG_init_selected,
EG_upd_selected; and DP+DM) and MG plans for the 10 selected patients. P-values between DP+DM
and EG_init_selected metrics distribution as well as between DP+DM and EG_upd_selected are
provided. Those presented in bold font are deemed statistically significant (p < 0.05).
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Table 7: The total number of met OAR goals for the 10 patients are reported for each method. For
each of the 10 testing plans there are 8 “very important” goals, 4 “Important” goals and 6 “less
important” OAR goals to satisfy. Highest number of met goals per importance for automatic
planning methods are bolded. EG_init_selected = Ethos generated (using initial template) for patient
manually selected among 45 initial patients, EG_upd_selected = Ethos generated (using updated
template) for patient manually selected among 45 initial patients, DP+DM = dose prediction followed
by dose mimicking, MG = manually generated.

Priority 2: Very important 3: Important 4: Less Important
EG_Init_selected 66/80 37/40 59/60
EG_upd_selected 62/80 38/40 59/60
DP+DM 70/80 39/40 58/60
MG 74/80 40/40 60/60

EG_init_selected
EG_upd_selected
DP+DM
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Figure 21: Difference of mean dose to OAR between automatic planning methods and manual
ground truth planning. The horizontal links between boxes denote a statistically significant mean
dose difference between the 2 linked boxes (p-values lower than 5% are denoted by *; p-values lower
than 1% are denoted by **). The inner line represents the median of the dataset, the box are the
quartiles, the whiskers show the range of the distribution without outliers which are denoted by a
diamond. Outliers are determined by the boxplot function of the seaborn Python package.
EG_init_selected = Ethos generated (using initial template) for patient manually selected among 45
initial patients, EG_upd_selected = Ethos generated (using updated template) for patient manually
selected among 45 initial patients, DP+DM = dose prediction followed by dose mimicking.
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Figure 22: Rectum V60Gy for each optimization method over the 10 selected patients, individual
values are denoted by a dot. The inner line represents the median of the dataset, the box are the
quartiles, the whiskers show the range of the distribution without outliers. We can notice two
patients having their V60Gy noticeably increasing above 1% when using the updated template
instead of the initial one. EG_init_selected = Ethos generated (using initial template) for patient
manually selected among 45 initial patients, EG_upd_selected = Ethos generated (using updated
template) for patient manually selected among 45 initial patients, DP+DM = dose prediction followed
by dose mimicking, MG = manually generated.
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Figure 23: Dose distribution of each optimization method for a patient where the V60Gy constraint to
the rectum was difficult to meet. Black contour: PTV; green contour: rectum. Red isodose: dose >
60Gy; yellow isodose: 57Gy <dose <60Gy; purple isodose: 48Gy<dose <57Gy; light green isodose:
36Gy< dose<48Gy; light blue isodose: 24Gy <dose <36Gy.Top left: EG_init_selected ; bottom left:
EG_upd_selected ; top right: DP+DM ; bottom right : MG. EG_init_selected = Ethos generated (using
initial template) for a patient manually selected among 45 initial patients, EG_upd_selected = Ethos
generated (using updated template) for a patient manually selected among 45 initial patients,
DP+DM = dose prediction followed by dose mimicking, MG = manually generated.

Table 8: Mean homogeneity index (HI) and conformity number (CN) for the different planning
methods over the 10 selected patients. EG_init_selected = Ethos generated (using initial template)
for a patient manually selected among 45 initial patients, EG_upd_selected = Ethos generated (using
updated template) for patient manually selected among 45 initial patients, DP+DM = dose prediction
followed by dose mimicking, MG = manually generated.

EG_init_selected EG_upd_selected DP+DM MG
HI 0.12+0.02 0.12+0.02 0.08 +0.01 0.09 +0.02
CN 0.89+0.01 0.89+0.01 0.88 +0.02 0.87 £0.02
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Table 9: Mean total monitor unit (MU), modulation complexity score (MCS) for the two Ethos
multileaf collimators and Gamma index (Mobius y). EG_init_selected = Ethos generated (using initial
template) for a patient manually selected among 45 initial patients, EG_upd_selected = Ethos
generated (using updated template) for a patient manually selected among 45 initial patients,
DP+DM = dose prediction followed by dose mimicking, MG = manually generated.
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Total 1947.8 * | 0.010 1941.0 + | 0.002 2397.5 + | 0.002 | 2920.03
MU 434.1 301.9 332.6 +564.4
MCS1 | 0.26 + | 0.049 0.26 + | 0.002 0.23 +|0.014 | 0.20 +£
0.04 0.04 0.03 0.03
MCS 2 | 0.27 + | 0.020 0.28 +| 0.002 0.24 +|0.014 |0.21 =
0.05 0.04 0.02 0.03
Mobius | 99.9 + | 0.020 999 +|0.020 99.8 +|0.008 | 994 =
v(%) |0.00 0.00 0.06 0.43

4. Discussion

This work consisted in 2 planning studies aiming at evaluating the general
performance of Ethos template-based automatic plan optimization and its
patient-optimality against another popular approach: deep-learning dose
prediction followed by dose mimicking. For study S1, we generated plans for 45
patients using our initial Ethos clinical goals template (EG_init), and compared
them to manually generated plans (MG). Study S2 used 10 specific patients from
S1 where IOE with initial goals template faced optimization difficulties when
compared to MG plans. For these 10 selected patients, plans were generated with
3 different automatic approaches: Ethos IOE with initial template
(EG_init_selected), Ethos IOE with updated template (EG_upd_selected) and
DP+DM. The plans from these 3 automatic approaches were then compared to
their homologous manual plan.
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We first showed that the performance of the Ethos template-based approach
over our database of 45 patients, using our initial clinical template (EG_init), was
globally satisfactory for dose levels close to the prescription dose, although lower
levels looked loosely optimized, especially for the anal canal, rectum, bladder, and
penile bulb. We then compared the Ethos template-based approach to the
DP+DM approach on 10 selected challenging patients and showed that while most
EG_init_selected plans were still clinically acceptable, the DP+DM plans
outperformed them. Number of clinical goals that were met, doses to OARs,
homogeneity index and clinical acceptability were favorable to our DP+DM
method while the deliverability did not seem to be impacted according to our
results. MG plans performance suggested that quality of EG_init plans might be
enhanced by updating our Ethos template. We investigated that hypothesis by
adding low priorities constraints to the clinical template. While this enhanced
some clinical metrics, this also deteriorated some other high-priority metrics, such
as the V60Gy to the rectum. EG_upd_selected plans unfortunately resulted in
fewer clinically acceptable plans and highlighted the limitation of using generic
constraints from a template when optimizing plans with IOE.

The V60Gy to rectum that were noticeably above 1% for 2 EG_init_selected and 4
EG_upd_selected plans might stem from the limited number of iterations allotted
for the dose optimization process for such challenging plans. During dose
optimization, even if the IOE sequentially updates the weights of goals from
higher to lower priority [27], low-priority goals still affect the global solution
convergence, just due to their simple presence in the objective function from its
initialization. Considering that the more complex the goals are to achieve, the
more iterations are necessary, lower-priority goals might make the objective
function very complex and prevent its convergence from occurring within the
iteration budget allotted by the manufacturer [216]. This would explain why 2
plans that were initially clinically deliverable were no longer acceptable after the
update: adding an extra dose objective likely required more iterations, which in
turn exceeded the preset default limit for some plans. Such assumption about an
insufficient number of iterations might also lead to additional conclusions related
to our DP+DM approach. DM consists in optimizing constraints derived from
predicted dose volumes through IOE. It might thus be supposed that with
unrealistic predicted doses and optimization objectives, the IOE would naturally
have needed an extremely high number of iterations to try fulfilling conflicting
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goals. However, it seems that DP+DM plans were not much affected by this
iteration limit, which tends to confirm the reliability of the predictions made by
our HD-UNET models. Moreover, this would also highlight the capability of the IOE
to produce qualitative plans for challenging cases within the iteration budget
when patient-specific dose constraints are used instead of generic ones.

From these results, DP+DM seems to better approximate optimality for a wider
range of patients than the Ethos template. The overall quality of Ethos plans is not
questioned, but this study illustrates the difficulty of having an Ethos template
that can both deliver clinically acceptable plans for a vast population of patients
and spare OARs as much as possible for every individual case. Nonetheless, it is
important to analyze from a broad perspective the potential and limitations of
both automatic planning approaches (Ethos template and DP+DM):

First, DP+DM requires some time to set up. It is necessary to have access
to a database of clinical plans large enough to be able to train the model,
this can take several weeks of data collection or generation, as well as
model testing. Dose mimicking can also consume time to best reproduce
the predictions. From our experience, mimicking set-up and testing can
take from days to weeks. Moreover, it is noteworthy that our model was
exclusively trained for Ethos 9 fields IMRT configuration, while if 12 fields
IMRT or VMAT plans were to be also considered, then new dose
prediction models should be trained for each new beam configuration. In
contrast, a single I0E template can be used for all beam configurations.
Even using transfer learning from 9 fields IMRT model to a new
configuration model, this would require additional plans with the new
beam configuration [209]. These processes lead to an even longer
implementation and contrast with the Ethos template solution designed
to be fast and easy to implement.

Second, the DP+DM workflow is inherently longer than Ethos initial
planning workflow. Both methods lead to a deliverable plan through the
Ethos IOE, however, DP+DM necessitates firstly to load CT and contours in
a trained HD-UNET to then predict the dose. This prediction step in our
case takes approximately 50 to 60 seconds per plan (this accounts for the
5 predictions from the cross-validation models on a single GPU used to
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produce the final prediction of the dose map). Then, the generated
isodose volumes are computed with our in-house script and uploaded to
Ethos server in less than 10 seconds. Last, the dose mimicking step needs
to be performed, which takes a time similar to the optimization with a
template for EG plans. This results in a plan generation for our DP+DM
method that is about 1 min longer than the EG approach in our case.
However, such additional time might probably be optimized, for example
by computing the 5 predictions in parallel.

Third, DP+DM was not evaluated over the whole patient database. In
order to demonstrate the global superiority of DP+DM over Ethos
template approach, it would require proving superiority over a larger
dataset and not only on plans were Ethos IOE templates faced difficulties.
Nevertheless, this does not detract from the conclusion that with an
approach such as DP+DM, a more optimal automatic dose optimization
seems possible at the cost of a longer and more demanding (in terms of
training database generation) implementation of the workflow.

Concerning the adaptive workflow, clinical goals defined at initial planning are
then further used for dose optimization at each adaptive session, consequently a
question arises: “Are challenging plans suited for the Ethos adaptive workflow?”.
In the case where dose optimization would fail to converge to an acceptable
solution for initial planning, we can suppose that results would not be
substantially better during the adaptive session and that there is a need for
specific tuning of clinical objectives. However, excessive specific tuning of clinical
goals during initial planning step might be risky later in adaptive workflow since
patient anatomy changes over time. Passed a tipping point of tuning, IOE could no
longer converge to a satisfying dose distribution for each plan of the day before
reaching the supposed-critical number of iterations.

To prevent scenarios where dose would not converge for adaptive sessions, a
recommendation based on our results would be to stick to general constraints
when setting-up Ethos clinical goal templates. If even with a generic template,
dose optimization during initial planning proves to be challenging, clinicians
should consider excluding these patients from Ethos adaptive workflow. If the IOE
cannot converge towards a dose optimum for most fractions, it is likely that the
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adaptive workflow will increase treatment time without clear benefits from plan
adaptation. Keeping general constraints would, however, mean that some plans
will inevitably be sub-optimal in comparison with what is manually achievable.

Note that the adaptive workflow in Ethos needs to be selected before the first
fraction and is then maintained throughout the entire treatment. Considering the
current limitations of the template-based approach, an interesting option could
be to allow for a switch-up or switch-down of the adaptive workflow during the
treatment course, based on the observed evolution of patient anatomy. This
flexibility could address the cases where Ethos plan adaptation may not
necessarily provide a clear added value for a specific patient. Alternatively, it
could also be beneficial to directly visualize and select the initial plan recomputed
on the daily image without having to wait for the re-optimized plan.

In the end, this is likely to be one of the keys to exploit the full potential of OART
on Ethos: getting as patient-optimal as possible in a robust way. Although there
seems to be room for improvement, and even if added value of treatment
adaption cannot be ensured for every patient, recent studies have shown
promising results in demonstrating the added value of Ethos plan adaptation for
the global patients’ cohort [37, 144-146, 150, 151]. To achieve further value for
adaptive treatments, future steps could involve utilizing DP as a reference of
specific achievable metrics similarly to the DVH prediction of RapidPlan (Varian
Medical system, Palo Alto, USA) but with extra-information such as the predicted
3D dose map. Also, having an indicator of how close to the iteration limit the
optimizer gets during the initial planning could convey an interesting and
complementary piece of information when trying to fine-tune dose constraints or
when considering whether a patient should enter in the adaptive workflow or not.

5. Conclusion
This study has analyzed the general performances and capability to produce
patient-optimal plans for Ethos template-based optimization in comparison with
deep-learning dose prediction followed by dose mimicking (DP+DM). Our results
suggest the existence of a limitation of the Ethos template-based optimization
with increasing complexity of the template (i.e. higher number and more
aggressive clinical goals). This limitation might be related to a limit in the number
of iterations. Consequently, the clinical goals in the Ethos template must be
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defined very carefully: too restrictive or too stringent goals might lead to a
significant proportion of plans that will not have time to converge to an optimal
dose distribution; conversely, too lenient goals will lead to an important
proportion of loosely optimized plans. Concerning DP+DM, this approach
outperformed the classical template-based approach of Ethos for initial and
updated template of clinical goals, showing that a more patient-optimal
automatic dose optimization seems possible at cost of a longer and more
demanding implementation workflow.

To some extent, these investigations reflect the antagonism between explicit
formulation of objectives using human expertise and brute-force connectionism
relying on big data to blindly reach similar objectives. Although the first approach
might be more interpretable and thus reassuring for users, the second approach
raises more and more interest due to its flexibility and capability to cover very
specific or rare cases, although it might struggle to gain the experts’ trust [217].
Considering these advantages and shortcomings, as well as the clinical
convenience of a template-based approach, the choice of such approach in the
Ethos automatic optimization appears to be rational and relevant, until Al systems
further progress with, for instance, the capability to interact with natural
language.
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1. Introduction
Automatic segmentation in radiation therapy has raised considerable interest for
many years, since it allows the clinicians to automate the tedious task of manually
contouring anatomical structures and tumor volumes. The accuracy of these
algorithms is crucial, particularly in the context of online adaptive radiotherapy,
where the time for review and correction should be as short as possible.

In recent years, the accuracy of auto-segmentation algorithms has reached a
tipping point that enables a broad adoption in clinical environments, mainly
thanks to the use of machine learning methods. In particular, deep convolutional
neural networks (DCNNs) have demonstrated their ability to delineate various
anatomical volumes quite accurately across multiple locations [37, 102, 117, 144,
147, 218-220]. However, in their current state, DCNNs can still not be used
clinically without human supervision, since they cannot guarantee consistently
good accuracy for every single volume. Few studies have analyzed the dosimetric
quality of treatment plans using uncorrected auto-segmented contours [151,
221]. While these studies have shown overall good dosimetric quality, some cases
might remain, for which treating without correction can lead to severe
consequences for the patient. In order to spot these cases, clinicians typically
perform slice-by-slice visual inspection and manual correction of every volume to
ensure patient’s safety [12, 28, 176, 222, 223]. This review process can take from
few minutes up to half an hour for complex cases, such as for head and neck
cancer [117, 224], which considerably slows down or even hamper online
adaptive workflows [144-146, 176].

Although cumbersome and inefficient, this review process is currently the only
solution to an existing problem: the lack of quality assurance (QA) tools or metrics
for auto-segmentation algorithms. Recently, some groups have started to
approach this problem from different perspectives. For instance, predicting
geometric indicators like the Dice similarity index [225-227]; using a secondary
and independent algorithm (i.e., deformable registration or yet another DCNN) to
detect segmentation errors [228, 229]; or estimating the uncertainty of the DCNN
prediction [230, 231], among other approaches. However, all these remain purely
focused on global segmentation and geometric quality, irrespective of subsequent
steps and objectives in the process of treatment planning. Indeed, when planning
a radiotherapy treatment, organ and target volume segmentation is not a goal per
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se and the actual endpoint remains the dosimetric quality of the plan. QA tools
relying on geometric indicators are thus agnostic proxies that, in the end, may not
correlate well with clinical quality [218, 232, 233]. From that perspective, it is
expected that segmentation accuracy matters more in some regions of the
anatomy and less in others. Within a restricted time budget for correction, like in
online adaptive radiotherapy, it then makes sense to focus the contour editions
on those regions that have higher dosimetric impact, whereas regions in the dose
map that are hardly sensitive to segmentation quality become secondary.

In this work, we propose a QA tool for auto-segmentation algorithms designed
from a dosimetric perspective instead of a geometric one: the DIVE
(Dosimetrically Informed Volume Edition) map, which combines spatial
deformations of the auto-segmented volumes and DCNN to predict the dosimetric
relevance of different regions [121, 208-211]. Our solution takes the form of a
graphical indicator, in the spirit of a heatmap, which can be overlaid on the
planning image (e.g., CT or CBCT). We hypothesize that the DIVE-map could guide
clinicians visually to disregard irrelevant corrections and focus on those with high
dosimetric impact, significantly speeding up the contour review process. From a
broad perspective, we believe that such a visual tool could mitigate the last
remaining shortcomings of automatic segmentation, by further reducing the
subsequent contour edition time in clinical conditions.

2. Materials and methods

This section describes the process to generate a DIVE-map and the data used for
it. As a proof-of-concept , we analyze the added value of the DIVE-map, i.e. how
much correction could the DIVE-map discard while preserving the dosimetric
quality, for online adaptive treatments of prostate cancer patients using a
commercially available adaptive solution: ETHOS, from Varian (Palo Alto, USA)
[27]. The generation process walks through four main steps that are summarized
in Figure 24. We focus on two main organs at risk (OAR): bladder and rectum,
which were generated for each treatment fraction by the DCNN-based ETHOS
auto-segmenter. Consequently, the reduction of manual correction was also
evaluated per fraction.
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2.1. Data

Our database consisted of 12 prostate cancer patients (9 for model development;
3 for evaluation), without pelvic nodal irradiation. The dose prescription was 60
Gy to the prostate and 48 Gy to the seminal vesicles, delivered in 20 fractions. The
CTV-to-PTV expansion consisted in an isotropic margin of 7 mm. CT images were
acquired on a Toshiba Acquilion CT scanner with a slice thickness of 2mm. All
plans were optimized with the ETHOS “intelligent optimization engine” (IOE),
using the clinical goals template at Table 1 and a 9-fields IMRT beam
configuration. For each treatment fraction, we have at our disposal both the raw
auto-segmented volumes on the daily CBCT and the corresponding manually
corrected contours that were clinically used. These corrections were done by the
physician in charge, following the conventional process of slice-by-slice visual
inspection and review. The conventionally corrected contours are referred
hereafter to as “ground truth”.

Local ethics committee approval by the CEHF (Comité d'Ethique hospitalo-
facultaire) was obtained for the use of all patient data under the agreement
“Learning from the past: the MIRO treatment planning database".
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Table 10: IOE clinical goals and “Impact of correction” (IOC) metrics. Each line refers to an
optimization metric for a specific volume with a user-defined optimization priority, if used for IOE.
Femur_L = left femoral head, Femur_R = right femoral head, PTV_prostate= PTV volume for the
prostate, PTV_vs = PTV volume for the seminal vesicles. I0C, metrics will be used later for the DIVE-
map generation (see section 2.2).

Volume Metric + goal if used Priority if used for IOE  Usage for 10C

for IOE

(Y/N)

PTV_prostate D95% >=98% 1: Most Important Y
PTV_prostate D2% <=104% 1: Most Important N
PTV_vs D95% >=98% 1: Most Important Y
PTV_vs D2% <= 104% 1: Most Important N
Rectum V60Gy < 1% 2: Very Important N
Anal canal V60Gy<1% 2: Very Important N
Bladder V60Gy < 3% 2: Very Important N
Rectum V52.8Gy < 15% 2: Very Important Y
Rectum V30Gy < 35% 2: Very Important Y
Bladder V50Gy < 20% 2: Very Important Y
Bladder V40.8Gy < 20% 2: Very Important Y
Bowel D0.1cm3<60Gy 2: Very Important N
PTV_prostate D50% >=99% 3: Important N
PTV_prostate D50% <=101% 3: Important N
PTV_vs D50% >= 99% 3: Important N
PTV_vs D50% <= 101% 3: Important N
Bowel V55Gy <3% 3: Important N
Bowel V20Gy <300cm? 3: Important N
Anal canal V35Gy<25% 3: Important N
Anal canal V20Gy<50% 3: Important N
Femur_L V40Gy <20% 4: Less Important N
Femur_L V35Gy < 5% 4: Less Important N
Femur_R V40Gy <20% 4: Less Important N
Femur_R V35Gy < 5% 4: Less Important N
Penile bulb V42.5Gy < 50% 4: Less Important N
Penile bulb V54.1Gy < 10% 4: Less Important N
Skin D1cm3<50Gy 4: Less Important N
Rectum D1% Not used Y
Bladder D1% Not used Y
Anal canal D1% Not used Y
CTV_prostate D98% Not used Y
CTV_vs D98% Not used Y
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2.2. DIVE-map generation
2.2.1. General workflow

For a given auto-segmented volume, the DIVE-map is generated in four steps
(Figure 24). First, in order to simulate possible contouring errors of the given
volume, N spatial deformations are applied to its contour (the planning image
remains untouched), following different amplitudes and directions (section 2.2.2).
The deformed volume is added to the rest of the planning structures, namely, the
non-deformed OARs and targets, resulting in a total of N deformation scenarios
(Sd,¢-=1,.n,). Second, we used a DCNN to predict a fast and precise approximation of
the 3D dose distribution for the initial (So) and deformed (Sq4) scenarios (section
2.2.3). This aims at evaluating the dosimetric impact of the simulated contouring
errors in the different S4 scenarios. The third step consists in computing a
surrogate of the global dosimetric impact of generating a plan with scenario So
rather than scenario Sq (assuming Sqwould be a correction of Sp). This surrogate of
the dosimetric impact, referred hereafter to as “impact of correction” (10C), is
computed as the weighted sum of relevant dose-volume metrics differences
between Sq4 and Sp (section 2.2.4). The chosen metrics are typically used in our
clinic to evaluate the quality of plans for prostate cancer patients. The 10C
associated with each Sq is thus a scalar value reflecting the importance of
considering this scenario as a relevant correction or not. In the fourth step, each
I0C is spread uniformly back over the corresponding deformed volume of S,
leading to a 3D map where each voxel in the deformed volume is equal to the 10C.
Then, all I0Cs associated to the differently deformed volumes are averaged locally
in each voxel to get the complete DIVE-map (section 2.2.4), highlighting the
buildup of strong IOCs, or alternatively the lack thereof.

DIVE-maps for bladder and rectum are independently generated, i.e., there is no
combination of deformation between them. In total, 60 DIVE-maps (30x2 OAR)
were generated for the 10 first fractions of 3 randomly chosen patients in our
database. An example of generated DIVE maps is depicted in Figure 25.

2.2.2. Deformation scenarios
Our volume deformation process uses the RBF mesh deformation of the PyGeM

Python toolbox [234]. By varying the direction and the amplitude of deformation,
we generated a total of N = 162 deformation scenarios Sq per organ and per
fraction. See Supplementary Materials B. for further details.
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2.2.3. DCNN dose prediction model
Our DCNN was a hierarchically densely connected U-Net (HD-UNET) [103, 120,

212], with 9 input channels containing the CBCT scan, the PTV volumes, and seven
OARs (the anal canal, bladder, rectum, left femoral head, right femoral head,
bowel, and penile bulb). Notice that when predicting the dose for the initial Sp and
deformation scenarios Sq of bladder or rectum, the corresponding input channel
contained the initially auto-segmented or deformed volume of the organ,
respectively. Notice also that PTV of prostate and seminal vesicles are rigidly
registered from the initial CT to the CBCT since, in the Ethos workflow, target
volumes for daily CBCT are not yet available when correcting Ethos auto-
segmented OARs.

The model was trained with data from 180 adaptive fractions of 9 patients (9x20)
randomly chosen among the 12 initial ones. See Supplementary Materials B. for

more details.
2.2.4. Dosimetric Impact Of Correction value (10C) computation and
aggregation

Each of the N deformation scenarios of a given volume is characterized by an 10C
scalar value. The I0C formula consists in a weighted sum of M dose-volume
metrics differences between Sp and Sy (M=11, see Table 10). Notice that metrics
for deformed scenarios are extracted from the predicted dose with our DCNN
(section 2.2.3). The weights for each metric difference, a;, are the inverse of the
mean standard deviation of the evaluated metrics on the 20 fractions Fx of each 9
training patients p:

10C = YL, a;|Metric; go — Metric; g4| (8)

1
(Xl' = = (9)

0;
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The idea behind taking the inverse of the standard deviation of each metric is to
normalize each metric difference according to their sensitivity to volume changes.
Observing a change in an unsteady metric (e.g. the V30Gy to rectum which, in our
case, has a mean standard deviation of 2.7%) could be considered as quite
common in the database and should, therefore, less influence the weighted sum.
Conversely, observing a change in a stable metric would be less common (e.g. the
V60Gy to rectum which, in our case, has a mean standard deviation of 0.6%) and
should consequently have a more substantial impact on the sum. The idea is not
necessarily to penalize high variance metrics but rather to ease the detection of
dose changes in low variance metrics that are usually more clinically important. In
addition, Ethos optimizer further accentuates the variability of less important
metrics. Indeed, objectives of lower optimization priority in Ethos IOE are only
optimized once the higher priority objectives are met. Besides, IOE will mostly try
to meet these goals and will not optimize much further than this [235].
Consequently, weighted metric differences might better reflect their clinical
importance, rather than the sensitivity to volume changes.

The computed IOC value for each Sq is then assigned uniformly to all voxels inside
the mask of the deformed volume of interest to form a 3D map. The final DIVE-
map results from averaging out these 3D IOC maps over all Sq4 starting from the
smallest deformation amplitude A, then locking the concerned voxels, and
continuing iteratively to the next deformation amplitudes, like a tree grows bigger
wood rings every year (step 4 in Figure 24). For more information, see
Supplementary Materials B.
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Figure 25: Example of generated DIVE-map for bladder(left) and rectum(right), for which the values
are denoted by a colormap ranging from purple to red. maroon = auto-segmented contour; fuchsia=
ground truth contour.

2.3.  Contours corrections guided by the DIVE-map and Ethos plan
generation

The capability of our DIVE-map to indicate dosimetrically relevant regions for
correction was assessed with an automatic slice-by-slice correction strategy based
on the values of the DIVE-map and the ground truth contours (considered as our
reference). We define a “misclassified” voxel when the auto-segmenter did not
assign the correct label to this specific voxel: either auto-segmentation considered
this voxel as belonging to the nearby OAR while it should not or, conversely, auto-
segmentation did not include this voxel into the OAR while it actually belongs to
it. In our DIVE-correction strategy, if all misclassified voxels of a given slice had
corresponding DIVE-map voxels values (DMi) below a threshold (t), no correction
was performed on the slice. In contrast, when there was at least one misclassified
voxel with DMi above t, the entire slice was corrected in the same way as in the
ground truth contour. Three thresholds t were evaluated to trigger the
corrections guided by the DIVE-map, i.e., t=1, t=1.5, and t=2.0. Consequently, it
must be noted that no hand-correction are operated: the slices highlighted by the
DIVE-map are simply replaced by their homologous ground truth slices.
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To evaluate the dosimetric impact of using DIVE-corrected contours, we
generated treatment plans for each of the 10 first fractions of the remaining 3
patients not used to train our DCNN dose prediction model. Plans were
automatically optimized by the Ethos IOE with the clinical goals in Table 10, the
synthetic CT (l.e., the planning CT registered on the daily CBCT) and the custom
structure set composed of the DIVE-corrected bladder and rectum, as well as the
other OAR and ground truth PTVs. Notice that, in our institution, other volumes
than bladder, rectum, and targets are hardly corrected, consequently, those were
kept uncorrected.

2.4.  Results analysis

To evaluate the added-value of our DIVE-map we present two types of results:
dosimetric values and relative number of corrected voxels. On the one hand, we
analyze the clinical goals (i.e., dose-volume metrics, Table 10) for the treatment
plans generated with DIVE-corrected and ground truth volumes. We specifically
focus on high dose metrics, i.e., V60Gy for OAR and D95% to PTV_prostate, since
they are of the highest relevance for the plan clinical quality. The goal here is to
demonstrate that the dosimetric quality of the plan for DIVE-corrected volumes is
the same as the one for ground truth volumes or that deviations are small and
clinically not relevant. Consequently, concerning V60Gy metrics, we will consider
as a reasonable deviation, a difference of less than +2%. On the other hand, we
report the relative number of corrected voxels for auto-segmented rectum and
bladder according to the value of t. In this context, a relative correction of 100%
indicates that all voxels that were corrected to obtained the ground truth contour
were deemed necessary when looking at the DIVE-map. In contrast, a value of 0%
means that no corrected voxels are actually necessary, consequently, the contour
remains fully uncorrected.

3. Results
Dosimetric differences of plans generated with ground truth versus DIVE-
corrected and auto-segmented (without any correction) bladder and rectum are
illustrated in Figure 26, for OAR V60Gy and PTV_prostate D95%. Using auto-
segmented contours led to an OAR V60Gy difference above +2% for 13 fractions
(12 fractions showed a difference of V60Gy to rectum greater than 2%, 7 fractions
showed a difference of V60Gy to bladder greater than 2% and 4 fractions showed
a difference greater than 2% for the V60Gy to anal canal), while this was reduced
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to 6 fractions for the DIVE-corrected contours with threshold t=2.0. The best
reduction of correction able to preserve the dosimetric quality was found with
t=1.5, since this is the value allowing the largest contour correction reduction
while keeping all V60Gy differences below 2% difference for the considered OAR.
The lowest difference for D95% on PTV_prostate was -0.5%, which still ensures an
acceptable target coverage of 97.7% of the prescription.

Patient . @ Patientl
e Patientl . Patient 2
81 Patient 2 81 ® Patient 3
- @ Patient3 -
& 69 * . X 61 g
> . >
Q 4] a Q 4 : .
g . 8 [
g 2 2 - z 2 .
E o i 3 g s & 8 i
g O e g 3 01 % e e i
g ° s . © - -... o .
—2 1 L . @ -2 ::’ - . .
—41 —41
1.0 15 2.0 Uncorrected 1.0 15 2.0 Uncorrected
, 1.0 :
® Patient 1 Patient .
g1 Pat?ent 2 0.81 » Pat?emt 1
- @ Patient 3 = Patient 2
o\o 6. 8\.' 0.6+ e Patient3
> £ 0.4
(G] g . . e .
e 4 . 3 021 - .
> . . L L . L) .
S > g .; E 0.0 4 sssssss ss e s s ses s o
% “w . v H % —0.21 ose sose . P
ppie. - Ssaseeetast Shge iy ottt 0y 0% L L e [
5 | ETOTETOTET O Soea o . ; .
= o J
Z-2 . - . £ -06
4 -0.81
. . . . -1.0 " " . .
1.0 15 2.0  Uncorrected 1.0 15 2.0 Uncorrected

Figure 26: Dosimetric differences between plans generated with DIVE-corrected (t=1.0, 1.5, and
2.0)/auto-segmented volumes and plans generated with ground truth volumes. Individual fraction
values are denoted by a dot. Horizontal dashed line represents the limit of +2% difference. Upper left:
rectum V60Gy differences. Upper right: bladder V60Gy differences. Lower left: Anal canal V60Gy
differences. Lower right: PTV prostate differences. “1.0”, “1.5”, and “2.0” denote the t threshold
value of the DIVE-map below which no slice correction is triggered. “Uncorrected” corresponds to the
auto-segmented case where no corrections are operated on the bladder and rectum contours.
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Table 11 reports the OARs mean metric differences between the plans using auto-
segmented/DIVE-corrected and ground truth contours. Note that, except for the
V60Gy in auto-segmented cases, no mean metric difference exceeds +1%.
Concerning the bowel D0.1cm3, although it remains below the 60Gy clinical goal,
it presents a large difference range. Such dose metric is naturally unstable due to
the tiny volume evaluated by the DO.1cm?3 over the large bowel volume.

Table 11: Differences (auto-segmented/DIVE-corrected minus conventionally-corrected) on OAR
metrics. Note that the bowel D0.1cm? despite showing very large range of differences, was
significantly below the 60Gy threshold for all plans

Volume Dose-volume Uncorrected minus DIVE(t=1.5) minus
metric conventionally-corrected conventionally-corrected
Mean Range Mean Range
Rectum V60Gy (%) 2.3 [-2.6;9.1] 0.2 [-1.6; 0.9]
Rectum V52.8Gy (%) -0.6 [-2.8; 0.8] -0.5 [-1.9; 1.1]
Rectum V30Gy (%) 0.4 [-8.8; 7.3] 0.9 [-7.1;7.3]
Bladder V60Gy (%) 0.8 [-2.4;5.8] -0.1 [-2.2; 1.5]
Bladder V50Gy (%) 0.0 [-4.2; 1.8] 0.3 [-2.5; 2.2]
Bladder V40.8Gy (%) 0.2 [-5.5; 3.1] 0.4 [-3.6; 2.8]
Bowel D0.1cm3(Gy) 1.0 [-4.5; 18.9] -0.9 [-15.2; 16.2]
Bowel V55Gy (%) 0.0 [0.0; 0.0] 0.0 [0.0; 0.0]
Bowel V20Gy (cm?) 0.0 [-3.8; 7.3] 0.7 [-3.2; 6.7]
Anal canal V60Gy (%) 0.3 [-2.7; 3.6] -0.4 [-2.2; 0.4]
Anal canal V35Gy (%) -4.9 [-11.0; 0.2] -3.5 [-8.5; 2.3]
Anal canal V20Gy (%) -7.1 [-17.9; 2.2] -5.9 [-13.4; 3.0]
Femur_L VA0Gy (%) 0.0 [0.0; 0.0] 0.0 [0.0; 0.0]
Femur_L V35Gy (%) -0.1 [-0.8; 0.2] -0.1 [-0.8; 0.0]
Femur_R V40Gy (%) 0.0 [0.0; 0.0] 0.0 [0.0; 0.0]
Femur_R V35Gy (%) -0.2 [-1.8,0.1] -0.2 [-2.5;0.1]
Penile bulb V54.1Gy (%) -1.1 [-5.5; 3.2] -1.1 [-6.4; 3.6]
Penile bulb V42.5Gy (%) -0.7 [-5.2;9.2] -0.2 [-5.0; 9.4]

Figure 27 reports the relative number of corrected voxels according to the DIVE-
map threshold value. As expected, the higher the threshold t, the smaller the
number of corrections. We can notice global trends. For the rectum, fractions
from patient_1 seem to require the highest amount of corrections, followed by
patient_2 and patient_3. Concerning the bladder, fractions from patient_3 are
those requiring more corrections, followed by patient_1 and patient_2. Notice
that fractions from patient_2 do not require any bladder correction for t=1.5 and
2.0. Overall, the number of voxels requiring a correction could be reduced by
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more than 50% in 16 and 18 fractions for rectum and bladder, respectively, when
using the DIVE-map with t=1.5 (i.e. points below the value of 50% in Figure 27).
However, for some fractions, plans generated with auto-segmented contours
achieved similar dosimetric quality as the ground truth contours. This was the
case for 6 fractions in patient_1, all fractions in patient_2 and one fraction in
patient_3. For these fractions, the DIVE-corrected rectum with t=1.5 required
more than 50% of corrections for 5 out of 6 fractions of patient_1, 4 out of 10
fractions of patient_2 and no fraction in patient_3. For the bladder, it resulted in
one out of 6 fractions for patient_1, and no fractions for patient_2 and patient_3.
Detailed correction values can be found in appendix E.
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Figure 27: Relative number of corrected voxels for each fraction according to each DIVE-map
threshold value. A value of 100% means that all the corrected voxels from ground truth contour are
deemed necessary, 0% means that no correction is done, and the corresponding volume remains fully
uncorrected. Left: Rectum relative corrected voxels. Right: Bladder relative corrected voxels. Notice

the increasing number of fractions requiring no correction at all as the correction threshold
increases.

4. Discussion
This work presents a “heatmap” tool to assist clinicians in correcting auto-
segmented contours, by indicating dosimetrically relevant regions when it is
overlaid on the (re-)planning image. We coined it the DIVE-map, standing for
dosimetrically informed volume edition. We evaluated it on auto-segmented
bladder and rectum from 3 prostate cancer patients (10 fractions each) receiving
adaptive radiotherapy with ETHOS (Varian).

It was first shown that the use of auto-segmented rectum and bladder volumes
(with ETHOS auto-segmenter) without any correction would result in 13 plans out
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of 30 where OAR V60Gy values would strongly exceed their homologous values
achieved with conventionally-corrected contours. This highlighted the dosimetric
importance of correcting auto-segmented volumes. Then, using the DIVE-map
with a reasonable correction threshold t of 1.5, we demonstrated the
preservation of the dosimetric quality while reducing the amount of corrections.
In particular, there were 6 and 11 fractions where, following the DIVE-map
indications, no correction had to be applied to the rectum and bladder,
respectively. Moreover, the amount of corrections was reduced by more than
50% in 16 and 18 fractions for rectum and bladder, respectively. However, for 9
rectums and 1 bladder, the DIVE-map marked as relevant more than 50% of
conventional corrections, while auto-segmented contours presented the same
dosimetric quality. This highlighted a good sensitivity of the necessary corrections
when using t=1.5, i.e. the slices leading to important dosimetric changes were
corrected, while the specificity was more limited, i.e. the corrections in slices
leading to no dosimetric changes were not all discarded, especially for the rectum.
This could hint that some of the used rectum deformations are not fully relevant.
Investigation of different rectum deformations to enhance the correction
specificity could be a next investigation step. This could also be a result of a
limited precision of the dose prediction on some deformation scenarios (see
appendix E).

Concerning the DIVE-threshold t, our results suggested to use a value between 1.5
and 2. This value might not generalize well to other locations and specific
treatments, since it is influenced by the quality of the predicted doses, the quality
of the auto-segmenter, or the dose-volume metrics used to compute I0C factors.
Therefore, anyone wishing to use this tool in their own clinical conditions will
have to go through a calibration step to find the optimal t value, which can take
some time and requires representative data. This calibration requirement stems
from the limited clinical interpretability of the dimensionless 10C values
underlying the DIVE maps. Future investigations could focus on expressing 10C
and t in more clinically meaningful units, potentially eliminating the need for site-
specific calibration. A potential improvement to IOC to make it a more consistent
value across different implementation conditions could be its normalization by
the number of objectives.

99



Chapter 3: A dosimetric approach to the automatic segmentation problem

This lack of interpretability highlights also a limitation of this study. In the absence
of a clear interpretation for such 10C values and t parameter, we evaluated the
tool over 30 fractions. However, it remains unclear what constitutes an adequate
database to validate the DIVE-map. Is a total of 30 fractions sufficient to the
validation of the threshold t? Should we use the entirety of the treatment
fractions rather than half (i.e. 20 instead of 10 in this case)? Should we use the
same number of fractions but from more diverse patients, i.e. more than 3
patients? All these questions remain to be answered in future investigations to
ensure DIVE reliability and human trust.

A third hitch concerns the DIVE-map generation time. It took around one hour to
generate a single DIVE-map, using a purely sequential process, where each
deformation scenario (0.5 seconds) and predicted dose (10-20 seconds) is
computed one after the other. Such generation timing is incompatible with online
adaptive treatments. Therefore, parallelization of these processes and reduction
of the number of deformation scenarios (e.g., by keeping only the most relevant
ones) could be a next step towards the clinical use of such a tool. Alternatively, it
could be feasible to build a database of DIVE-maps and then train a DCNN model
to predict them, with a workflow and timing similar to the dose prediction
process.

To clarify an important aspect of the methodology, it should be noted that the
DIVE-map generation process intentionally employs non-realistic deformations.
This is not a limitation but rather an inherent design choice aligned with the tool
purpose. The primary objective is to evaluate the dosimetric impact of organ
presence across the surrounding spatial regions. This does not necessitate to
simulate physiologically plausible organ movements. What matters is the
exhaustive exploration of spatial locations at increasing distances from the
original contour, with sufficient directional sampling at each range increment.
From this perspective, incorporating realistic deformation behavior is not relevant
to the fundamental purpose of the tool. However, the use of realistic
deformations could potentially enhance dose prediction accuracy in cases where
the prediction model has been exclusively trained on realistic anatomical data, as
it is the case in our implementation.
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Another potential weakness of our approach is that the DIVE-maps of bladder and
rectum are generated independently, whereas both volumes are likely to be
correlated in terms of dose optimization. Ideally, this would require making
deformation combinations with both volumes, which would, however, add a lot of
scenarios and further slowdown the generation process. In our case, with only
two volumes and globally good segmentation quality, DIVE-maps gave sufficient
information to perform reliable corrections. However, for other cases with more
volumes to correct or lower auto-contouring quality, performance remains to be
evaluated.

This study did not evaluate the time that a clinician could spare by using the DIVE-
map, but the tool is designed to be used for that purpose and that is the reason
why its performance was evaluated in the same way as humans would probably
use it, namely, one slice after the other. Future work could investigate the joint
use of an uncertainty map [230], indicating the most probable regions of
contouring error for DCNN auto-segmentation, with the DIVE-map. This would
allow us to highlight the regions where contouring errors are more probable
instead of the entire space where the deformations were evaluated.

On a side note, the time for manual corrections might not be the only concern
when using automatic segmentation in adaptive conditions. Some studies have
demonstrated the presence of automation bias, which results in noticeable
differences between auto-segmented contours followed by manual corrections
and fully manually segmented contours. While it may have a beneficial impact by
decreasing the inter-observer contouring variability [117, 118], it might also result
in over-reliance of clinicians on automated contouring [118, 218], jeopardizing
the contouring and dosimetric quality. Such an excessive reliance on automation
has already been observed in other medical fields [236-238]. Consequently, DIVE-
maps might also help to prevent possible omission of dosimetrically important
corrections and again ensuring plan clinical quality.

In conclusion, with the limited information from auto-segmented contours and
approximative position of target, the DIVE-map was able to discard most of
irrelevant corrections. Even if some enhancements of the approach in terms of
correction specificity and generation time seem possible, such tool could have
great future potential in guiding physicians during manual contour corrections.
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1. Introduction
Proton arc therapy (PAT) is an emerging cancer treatment modality that aims at
delivering a proton beam in a rotational pattern around the patient, in contrast to
the traditional intensity modulated proton therapy (IMPT), which delivers beams
at fixed angles. Conceptually, PAT has more degrees of freedom than IMPT and
has thus the potential to achieve better dose distributions [239-243]. However,
several challenges remain to be addressed to harness its full potential.

Like IMPT, PAT remains sensitive to treatment delivery uncertainties and
anatomical changes [244]. While robust optimization is commonly used during
plan optimization [24, 245] to account for these, it entails larger volumes
irradiated at higher doses and may not cover all possible anatomical changes.
Given this limitation, proton online adaptation (OA) has until now promised to be
the best option to reduce treatment uncertainties while improving dose
conformity [191, 246, 247]. Enabling OA for proton therapy is thus often
considered as a primordial objective to realize the full potential of this treatment
modality.

Unfortunately, the challenge for PAT is to determine optimal energy layers per
beam angle. This is needed to achieve optimal dosimetric quality while
maintaining a reasonable treatment time [69, 70]. Excessive energy switches,
particularly switch-ups (those are much slower due to magnetic hysteresis effect
in the delivery system), might indeed result in significantly prolonged treatment
delivery that would hardly be compatible with clinical conditions. Different
research groups have tackled the problem from different perspectives, resulting in
various optimization approaches [70, 248-253]. These methods exhibit differences
in computation times, final energy layer patterns, and dose distribution. Although
some methods are faster than others, total PAT optimization times (including the
energy layer selection process) are generally slower than conventional IMPT, thus
representing a significant obstacle for OA.

In this context, implementing a dedicated online adaptive workflow for PAT, by
speeding up plan re-optimization, would ensure that PAT would not lag behind
IMPT for situations requiring OA. Currently for IMPT, several solutions have
already been proposed by different research groups. Some examples include
making use of analytical algorithms to speed up optimization of the dose on the
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computed tomography (CT) of the day [188, 189], bypassing the manual plan
optimization loop by restoring the dose distribution of initial CT onto the CT of the
day [190, 254, 255], or mimicking a dose predicted by artificial intelligence (Al) on
the CT of the day [191]. Alternatively, Botas et al. proposed a workflow where
they re-used the initial spot grid onto the image of the day through a deformation
field between both images, followed by the tuning of a subset of these spot
weights. Eventually, they managed to adapt IMPT plans in a time span compatible
with clinical conditions [195]. Our proposed PAT adaption workflow re-uses the
key elements of this workflow while considering the specific challenges of PAT.

This study aims to propose a time-efficient OA workflow for PAT that effectively
addresses uncertainties and anatomical changes detrimental to proton therapy,
enhancing the clinical quality of treatment plans and ensuring a promising future
for the PAT treatment modality.

2. Materials and methods

2.1.  Patient data for workflow evaluation

The study has been retrospectively conducted on five head and neck cancer
patients with nodal involvement. The dose prescription was 70 Gy to the clinical
target volume of primary tumor (CTVp) and 54.25 Gy to CTV of the nodes (CTVn),
except for the 5th case where a part of the nodal target also receives 70 Gy
(CTVn,high). CT images were acquired on an Acquilion CT scanner (Toshiba
Medical Systems Corporation, Japan) with a slice thickness of 2mm. For each of
these patients, an initial CT (CT1) was acquired before treatment and a second CT
(CT2) was acquired several days after treatment started. In each case, CT2 was
acquired due to observation of important anatomical changes regarding CT1.
Organ at risks (OARs) and target contours were segmented by the physician in
charge for both CT1 and CT2. Local ethics committee approval by the CEHF
(Comité d'Ethique hospitalo-facultaire) was obtained for the use of all patient
data under the agreement "Learning from the past: the MIRO treatment planning
database" (2019/16SEP/402).

2.2.  Adaptive workflow
The PAT adaptive workflow comprises 4 steps. Steps 1-3 form the geometrical

adaptation (left of Figure 28) while Step 4 handles spot weights adaptation (right
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of Figure 28). Implementation was done in OpenTPS, a Python-based open-source
treatment planning system (TPS) [256].

Step 1 involves registering the planning CT and spot grid to daily anatomy. After
deformably registering CT; to CT,, the resulting displacement field transfers spots
from CT; to CT.. To do so, Bragg peak positions on CT; are retrieved and used as
surrogate for the spatial position of the i spots (xi1, Vi1, zi1) in DICOM (patient-
system) coordinates. The displacement field then maps these positions onto CT,,
i.e., (X2, Yi2 zZi2). We used a hexagonal spot grid, and the deformable intensity-
based deformable registration tool of the Raystation TPS (Raysearch laboratories,
Sweden). The deformation field was then exported to OpenTPS to operate the
displacements.

Step 2 converts updated spot positions (xi2, Yi_2, zi2) to beam-eye-view coordinates
(x*i2, Y*i2, Ei2), where x* and y* represent horizontal and vertical positions, and E
is the necessary energy to reach the desired depth in patient. The determination
of the energies can be achieved by a raytracing process on the new anatomy.
However, PAT treatments require careful energy assignment to maintain
treatment efficiency and quality. Unfortunately, spot registration between CT;
and CT; typically disrupts initial spot clusters (spots sharing the same energy layer
and beam angle on CT4), as this clustering is not considered during the registration
process. Consequently, our method proposes to preserve the clusters by updating
the energy on CT, while considering the energy layer pattern of CT,, i.e., spot
clusters are preserved and angles where energy switch-ups occur on CT1 remain
the same on CT,. To do so, for each initial cluster ¢ the median energy of updated
spots E, is computed and forced to be assigned to the spots of the considered
cluster. If for a given angle, E, value leads to a non-authorized energy switch-up
(i.e., an increase of energy between two consecutive angles that is not occurring
on the initial energy pattern), then the energy for this specific cluster c is instead
set at the same energy level than the previous cluster, i.e., E. = E._;. We
hypothesized this energy layer preservation would maintain the plan quality while
keeping beam parameters similar to the initial plan, facilitating PAT plan
adaptation.

Step 3 verifies the dose distribution. The dose is computed in CT, with the
updated position and energy of the spots as well as their weights from CT; plan. At
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this step, if the dose is deemed clinically acceptable, the adaptive process can be
stopped. Otherwise, the dose contribution of each spot i to the total dose (i.e. the
so-called beamlets or dose-influences D)) are then saved for the following step.
These D; are each generated using proton numbers proportional to their CT;
weights. The total dose was computed using MCsquare, an open-source Monte-
Carlo engine [257] integrated in OpenTPS, with 3*107 protons.

Step 4 implements spot weights re-optimization through a two-criteria selection
process. First, spots with largest weight (on CT3) are selected, i.e., the smallest set
of spots carrying at least a percentage p of the sum of the spots weight is
selected. Spots with small initial weights result in beamlets with high dose
uncertainty (i.e. they were generated at step 3 with a low number of protons),
which are therefore not suitable for weight re-optimization. The second criterion
selects spots with substantial impact on the objective function among those
meeting the first criterion, using a gradient constraint.

dF
aWi

>t (12)

where F is the objective function of the optimization problem, w; is the i spot
weight and t is an arbitrary chosen threshold. Note that discarded spots are not
deleted, they still contribute to the total dose distribution similarly to a
background dose:

TD = dd + ds = Wd,lDd + Ws,updatest (13)

with TD being the treatment dose, dy the dose contribution from the discarded
spots, ds the dose contribution from selected spots, wqg1 the spots weights of
discarded spots (thus equal to those on CT; plan), Dqthe dose influences matrix of
the discarded spots, Wsupdated the spots weight of selected spots that were re-
optimized, and D the dose influences matrix of the selected spots. For our five
patients, we selected spots carrying at least 65% of total weight (first criterion)
and used t=3 for the gradient constraint (second criterion). These values were
determined empirically. While Botas' paper used a 50% weight threshold, we
increased it to 65% and added the gradient constraint for dosimetric reasons (see
appendix S2 for more details).
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2.3. Plan parameters

Each plan featured a single 360-degree arc with control points at each degree.
Energy layers were defined with the ELSA algorithm [4] integrated in the
RayStation TPS version 11B. Initial optimization constraints were applied to CT;
plans and adjusted when needed. Optimization parameters varied per patient,
with constraints and priority weights determined case-by-case. Each adapted plan
allowed 500 maximum iterations. All plans incorporated worst-case robust
optimization using 2.6% range error and [4.0,4.0,4.0] mm setup error, based on
previous studies [192, 207]. The robust constraints concerned the maximal and
minimal dose to the CTV,, CTV,, CTVn high as well as the max dose to the spinal cord
(SC). Physicians in charge provided contours for both CT; and CT,.

2.4.  Plan comparison

PAT plans were generated for CT; and CT,. Plans on CT, were generated with two
approaches: “reference”, optimized from the ground up; and “smart-adapted”
generated following the proposed adaptive workflow. The reference plans used
the same plan parameters as the smart-adapted plans, except that the spots and
energy layers were initialized from the ground up and the dose influences
matrices were generated with 10* protons for each spot.

To evaluate the proposed adaptive workflow, the plan quality for the geometric
adaptation, i.e., adaption of the spot position and energy only (left box in Figure
28), on critical constraints was first investigated: Deg CTV,, Dog CTVp, and Dmax on SC
on nominal case, for the reference, the smart-adapted and the no-adapted plan
computed on CT, were reported. For these critical clinical goals, we aimed to
achieve Dgg>95% of the prescribed dose (66.5 Gy and 51.54 Gy for CTV, and CTV,
respectively) and Dmax<44 Gy to SC. These metrics were evaluated following
complete plan adaptation (comprising both geometric adaptation and spot weight
refinement) (both boxes in Figure 28), on the nominal case and the worst-case
scenario. Mean dose to OARs was also reported on the nominal case. For other
objectives, the reference plans aimed at achieving the lowest mean dose to OARs
and the lowest D, for CTV,.

A timing comparison between smart-adaptation and reference methods is also
provided. Spots and energy initialization, computation time to determine the dose
influence matrix, and dose optimization time were reported.
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2.5. Hardware
The registration process used a computer with an Intel Xeon Gold 6244, 96 GB

RAM, and Nvidia RTX A600 GPU. Dose influence matrix generation, adaptive
workflow, and optimization used a system with Tesla A100 80GB GPU, 128 Intel
Xeon Gold CPUs, and 125 GB RAM.

3. Results

3.1. Geometrical adaption

Figure 29 shows an example of energy layer adaptation after workflow steps 1
and 2, demonstrating preserved angular positions of energy switch-ups. Table 12
indicates target coverage and SC maximum dose for all patients when using plan
computed for CT; on CT, (No adaption) and when using the geometric plan
adaption. For all cases the Dogy is noticeably below 66.5 Gy, i.e., 95% of the
prescription dose. Geometric adaption slightly improves the target coverage and
SC maximum dose for some patients. However, it was not sufficient to recover
clinical quality.

a0

initial
geom adapted

180° |, I P 0°

270°

Figure 29: Example of energy layer pattern update. Radial position denotes the energy in MeV,
angular position denotes the beam angle in degree. “initial” = initial arc energy layer pattern on CT1;
“geom adapted” = geometrically adapted energy layer pattern on CT2.
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Table 12: Comparison between no adaptation, geometric adaptation (without spot weights
adaptation) and spot weights adaptation (with geometric adaptation first) on CT2 for nominal case
for D98% of CTVp, D98% of CTVn and the maximal dose received (Dmax) by spinal cord (SC) the 5
patients.

P1 P2 P3 P4 P5

CTVp Dos Clinical goal >66.5Gy
(Gy) No adaptation 29.1 53.0 62.7 56.4 65.2
Geometric 30.4 56.1 64.4 57.5 62.4
Spot weights  68.2 67.9 68.0 68.4 68.3

CTVn Dgs Clinical goal >51.54Gy
(Gy) No adaptation 24.9 39.4 40.9 45.8 47.7
Geometric 304 41.7 41.5 44.0 42.1
Spot weights  52.8 53.0 53.4 53.0 53.2

SC Dmax (Gy) Clinical goal <44Gy

No adaptation 66.6 41.9 30.3 22.6 24.7
Geometric 62.1 36.4 29.3 24.9 24.1
Spot weights 32.8 27.3 21.9 26.5 22.6

3.2.  Spot weights adaptation

Table 12 also includes details for target coverage and SC maximum dose of the
spot weights adaptation. The constraints on the targets and on the SC for the
nominal case were largely met. Target coverage objectives and SC Dmax
objectives were also satisfied for the reference plans. Table 13 displays metric
differences between plans that were adapted and their reference. We can notice
a slight median decrease for Dggy of 0.21 Gy for CTV, and 0.44 Gy for CTV,, while
still being largely above the clinical constraint (i.e., 64.4 Gy and 51.54 Gy,
respectively) for all plans. Dmax difference for SC was globally a bit lower for the
smart-adapted plans even if there is one smart-adapted case exhibiting an excess
of 0.49 Gy compared to the reference plan. Mean dose differences to OARs were
globally low: the highest median difference over all patients was found for the
mandible and was of 1.86 Gy.
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Table 13: Dose volume-metrics difference between smart-adapted plans and reference plans on CT2
for nominal case. SC: spinal cord

Volume Metric Smart adaptation minus

Reference

Mean (Gy) Range (Gy)
CTV, Dog -0.2 [-0.6,0.1]
CTV, D, 0.2 [-0.1,0.7]
CTV, Dos -0.4 [-0.5,-0.1]
CTVn,high Dog -0.4 /
CTV,high D, 0.0 /
SC Dimax -0.5 [-5.0, 1.2]
SC Dmean 0.1 [-1.6,0.8]
Mandible Dmean 1.9 [-8.7, 4.4]
Parotid_L Dmean 0.9 [-3.6,1.9]
Parotid_R Drmean 0.1 [-0.8, 2.7]
Thyroid Drmean 0.6 [-2.7, 1.6]
Esophagus Dmean -2.2 [-3.9, 2.1]
Larynx Dmean -0.1 [-1.3, 2.5]
Oral Cavity Dmean 0.7 [-4.1,1.2]

Concerning dose-volume differences for the worst-case scenario, results are
displayed in Table 14. The trend is similar to the nominal case: a slight decrease in
CTVp and CTVn coverage of 0.44 and 0.56 Gy, respectively; while CTVp D2% was
0.24 Gy higher, thus resulting in a lower dose homogeneity. As for the nominal
case, Dmax to SC was about 1.47 Gy lower for smart-adapted plans than for
reference plans.

Table 14: Critical dose volume-metrics difference between smart-adapted plans and reference plans
on CT2 for worst case. SC : spinal cord

Volume Metric Smart adaptation minus Reference
Mean (Gy) Range [min,
max](Gy)

CTV, Dss -0.4 [-0.8,-0.2]
CTV, D> 0.2 [-0.1, 1.0]
CTV, Dos -0.6 [-0.7,0.0]
CTVh,high Dog -0.3 /

CTVn_high D, 0.4 /

SC Dmax -1.5 [-3.1,1.3]
Body Dicc 0.7 [-0.4,1.9]
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3.3.  Timing analysis

Section “Spots initialization” in Table 15 displays the timings of the different steps.
During spot initialization (steps 1 and 2), our adaptive workflow was 7.7 seconds
slower than the reference method of generating a new spot grid and optimizing
energy layers with ELSA, resulting in a relative speed factor of 0.76. Section “Dose
influence computation” in Table 15 reports computation times to generate the
dose influence matrix (step 3). The proposed adaptative workflow was on average
3.55 faster than the reference one. Concerning the optimization part in the
section “spots weight optimization” (step 4 of the adaptive workflow), the smart-
adaptation constantly re-optimized less than 50% of the total spots of CT; onto
CT,. This step only considers the required time to optimize the spot weights. The
adaptation workflow was on average 2.32 times faster than the reference one.
Overall, the adaptive workflow was 3.36 times faster than the reference method.
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Table 15: Timing comparison between reference (Ref) and adaptation workflow (Smart) for the 5
patients. The “average acceleration of the step” rows are computed as average of reference divided
by average of adaptation workflow. The “Average acceleration of plan adaption” row on the bottom
is computed by dividing the sum of the time components of the reference workflow by the sum of the
different time components of the smart-adaptive workflow. Percentage of re-optimized spots are

also provided.
Step Method Details Patient1 Patient2 Patient3 Patient4 Patient5
Spots Ref (s) Spot + energy
initialization layer 47 36 37 38 34
determination
SMART Registration
(s) determination 26 47 16 23 12
Time
Spots
displacement 26 2 27 2 26
and energy
update
Average
acceleration 0.76
of the step
Dose Ref (s) 15523 28538 15371 6253 20938
influence SMART (s) 4975 6470 5083 2097 5001
computation  Ayerage
acceleration 3.55
of the step
Spots weight  Ref (s) 2132 1308 1496 2817 1350
optimization  SMART (s) 860 928 752 628 1080
Average
acceleration 2.32
of the step
Re-optimized 46.6 46.8 47.4 48.0 495
spots (%)
Overall average acceleration of the whole 336

adaptation process

4. Discussion
We implemented a “smart” plan adaptation workflow for PAT and evaluated it on
5 head and neck cancer patients. The workflow features a geometric and a spot
weight step. It is inspired by the work of Botas et al. for IMPT [195] while making
some adaptation to accommodate it to PAT modality, as well as adding a novel
criteria to select the most relevant spots for re-optimization.
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Geometric adaptation showed modest improvements in target coverage for some
patients and failed to achieve clinically acceptable quality. Target coverage, and
sometimes the maximum dose to the SC, did not meet the clinical constraints. In
some cases (patients 4 and 5) geometric adaptation seemed to be worse than no
adaptation. This followed a similar trend observed in Botas' paper and highlighted
the need for re-optimization of spot weights for complex cases. The limited
success of geometric adaptation might stem from our patient selection, as these
cases initially required replanning due to substantial anatomical changes. Such
changes might have exceeded the capabilities of the geometric adaptation.

The spot weights adaptation step, which re-optimized less than 50% of the total
spots, produced treatment plans comparable to their reference counterparts
created from the ground up. While the smart-adapted plans exhibited a minor
reduction in dose homogeneity, this did not meaningfully impact their clinical
acceptability.

Although marginally slower in initial spot and energy determination, the smart
adaptation method achieved significant speedups in subsequent steps i.e., dose
influence matrix computation and dose optimization. Smart adaptation method
proved to be 3.55 times faster than classical optimization from the ground up
(reference) for the computation of the dose influence matrix and 2.32 times faster
for the dose optimization using the optimization constraint from CT;. Such
acceleration for beamlets generation stems from simulating fewer protons by
leveraging prior weight information. The dose optimization acceleration results
from both the initialization of the spot weights that lead the optimization process
to start from a better initial solution and the reduction of total number of spot
weights to optimize thus resulting in a less computationally intensive process.

However, among various approaches for energy layer determination, some could
be significantly slower than the ELSA method used here [70, 249]. These findings
suggest the proposed method may have even greater impact when applied to
these slower techniques by allowing quick updates to initial angle/energy patterns
rather than re-launching a new determination process. Future tests should
evaluate the time savings for these other energy layer algorithms.

An interesting perspective would be evaluating this workflow on commercial TPS
where some operations are generally faster than in OpenTPS. Currently, the time
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span to produce a smart-adapted plan remains hardly compatible with clinical
conditions. Notably, only a few matrix operations are GPU-implemented in this
TPS, while in the original Botas’ paper, most workflow operations were GPU-
implemented, resulting in a time-scale compatible with OA. Therefore, evaluating
the proposed workflow on different systems, would be instructive. However, in
contrary to OpenTPS, certain parameters tuned in this workflow may not be
readily accessible within these commercial systems. For example, saving spot dose
contributions and reusing them for subsequent calculations, as well as freezing
optimization of discarded spot weights, could be challenging due to their lack of
accessibility to users.

Regarding optimization constraints, weight updates to target coverage and
maximum dose to the SC were necessary. This adjustment loop is not perfectly
compatible with OA. In addition, reusing constraints from CT; may theoretically be
suboptimal for CT,. However, in recent years, several techniques of Al constraint
prediction and automatic planning have proven their efficiency [119, 202, 235].
Combining such predictions with this adaptive workflow would likely be valuable.
Future work should investigate compatibility with updated constraints that are
more specific to the anatomy of the day, i.e., reduce dose to OARs on the CT of
the day when possible by the use of stricter constraints.

In conclusion, while the proposed workflow achieved comparable dose-volume
metrics to full re-optimization with substantial time savings, further development
is needed to achieve adaptation times compatible with online adaptation.
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1. Introduction

Since its rediscovery by Favaudon et al. [32], the FLASH effect, referring to a
sparing effect of the healthy tissues without loss of tumour control at high dose-
rate, has provoked a vast new wave of research. Lots of these studies aim at
understanding the effect itself: why it occurs, how to quantify its strength or what
are the ideal conditions to trigger it [258-263]. Complimentary to radiobiological
investigations, feasibility in clinical conditions with the current hardware is also
explored [264-269]. Specifically, clinical feasibility for proton-triggered FLASH
effect is mostly studied since current proton therapy installations may already be
able to reach the necessary dose rate to trigger the FLASH effect [270].

In proton therapy, along the years, pencil beam scanning (PBS) method imposed
itself as current state of the art due to excellent conformity achieved with it.
However, using PBS with energy intensity modulation through beam energy layer
switching prevents high dose-rates due to the high energy layer switching time.
Consequently, PBS is envisaged for FLASH with a monoenergetic beam and two
delivery modes: transmission and conformal PBS [269]. Transmission treatments
consist in using high energy beam leading to Bragg peaks outside the patient but
allow easy optimization of high dose rate treatment plans [271]. This modality
avoids the need for patient specific device and creates plans that are naturally
robust to treatment uncertainties, since only the proximal part of the Bragg peak
curve is used. However, without the contribution of the Bragg Peak distal dose
fall-off, the potential for protons improved target dose conformity is reduced. On
the other side, conformal treatments offer an excellent conformity by placing the
treatment spots within target range with the help of a patient-specific ridge filter
(RF). Such device allows to obtain a spread-out Bragg peak within the target area
even with a monoenergetic beam [272-274]. Unfortunately, this RF needs to be
3D printed to fit patient anatomy which is time consuming, i.e. one to several
hours [275]. Printing a new RF would therefore not be feasible every day in clinical
conditions, hampering daily delivery of conformal FLASH fraction. On the other
side, delivering the initial conformal plan as it on the anatomy of the day could
lead to a significant loss of dosimetric quality due to anatomical changes. Indeed,
such conformal method is highly sensitive to uncertainties and anatomical
changes. Consequently, it appears that finding a way to enable online adaptation
of conformal FLASH plan would be of highest interest for the proton FLASH
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therapy community and could definitively make conformal beam superior to
transmission beam.

This paper addresses this problem by re-using the initial RF for each treatment
fraction, while updating the treatment spot weights to the anatomy of the day.
This approach drastically reduces the need for daily reprinting of the RF and
allows partial online adaptation of FLASH conformal treatments. The other steps
required for an online adaptive workflow, such as OAR contouring or treatment
plan generation, are already automated in the current state of the art and could
be directly combined with the proposed approach in clinical routine to enable an
efficient workflow for FLASH conformal therapy. [191, 235, 276-278].

2. Materials and methods
This section describes the detailed workflow used to adapt FLASH plans and the
data used for its evaluation.

2.1. Data

This study used an existing retrospective database of 6 head and neck cancer
patients. CT images were acquired on a Toshiba Acquilion CT scanner with a slice
thickness of 2mm. For each of these patients, an initial CT (CT;) was acquired
before treatment start and a second CT (CT,) was acquired several days after
treatment start. In each case, CT, was acquired due to observation of important
anatomical changes with respect to CT;. Organ at risks (OARs) and target contours
were segmented by the physician in charge for both CT; and CT..

Local ethics committee approval by the CEHF (Comité d'Ethique hospitalo-
facultaire) was obtained for the use of all patient data under the agreement
“Learning from the past: the MIRO treatment planning database"
(2019/16SEP/402).

2.2. Workflow for conformal FLASH planning
The conformal FLASH plans were all generated on an experimental version of the

RayStation treatment planning system (TPS) (RaySearch, Stockholm, Sweden). The
planning workflow consists first in choosing a beam angle per treatment fraction.
For this considered angle, a single field uniform dose (SFUD) beam is generated.
At first, it consists in a poly-energetic PBS plan where the spot weights are
optimized a first time. Then, this poly-energetic plan is converted to a
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monoenergetic RF plan through an algorithm incorporated in the TPS. This RF is
thus defined to best suits the anatomy of the considered CT image and to
reproduce at best the initial poly-energetic plan. The treatment spot weights are
then optimized a second time with this RF.

2.3.  Plan parameters

All the conformal FLASH plans generated for this study used the same parameters,
described hereafter. The chosen prescription dose per fraction is 9Gy, as current
literature indicates a minimal dose per fraction threshold varying from 4 to 10Gy
to observe the FLASH effect [260]. The treatment plans are designed for the
Proteus Plus system (IBA sa, Louvain-la-Neuve, Belgium). The clinical goals per
fraction aim at reaching Dsg >= 95% of 9Gy, D, as low as possible, Dmax to spinal
cord (SC) lower than 5 Gy. This constraint on spinal cord is derived from the
recommendation of Diez et al. [279] when considering a fractionation scheme of 5
fractions. The mean dose to OARs was decreased as much as possible while trying
to meet first the previously enounced objectives. The optimization constraints
used in this study are the same for all plans while their optimization weight might
vary from one case to the other.

Treatment plans were made only on the primary CTV target for each case.
Fractions were separately planned for 4 different angles: -90°, -50°,50°,90°,
excepted for patient 1 where angle of -90° and 90° were not possible due to
shoulders relative position with CTV, i.e. the shoulders were in the beam path,
and for patient 4 where -50° and 50° were not possible due to the presence of
metallic implant, resulting in a total of 20 plans. The beam energy was set up at
the maximum of the Proteus Plus system, i.e., 228 MeV.

All plans were robustly optimized following a worst-case scenario approach. The
Dgg and the D, to CTV as well as the Dmax to SC were set as robust. The range error
was defined as 2.6% and the isotropic setup error as 4 mm according to our past
studies [192, 207].

2.4. Planning on CT1

For all patients, plans were generated for the beam angles described above (1
SFUD beam per fraction). The generation process followed the workflow
described above for the CT; image. Once the conformal plans were generated,
their RFs were saved for reuse in the spot-on adjustment described below.
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2.5.  Full adaptation on CT2

As a planning reference on CT,, we generated plans in exact same way as in the
previous section “planning on CT;” but using the CT, image instead. This is thus a
conventional optimization on the CT; image with an RF that is fully designed for
this anatomy. Such a reference method will be referred to as “full adaptation”
(FA).

2.6.  Spot adaptation only on CT2

The proposed adaptation workflow on CT, starts by conventionally generating a
conformal FLASH plan on CT,. Once created, the RF matrix from the homologous
initial plan on CT; is loaded to replace the newly-generated RF matrix for CT,. The
treatment spot weights are then classically optimized on CT, patient anatomy
with the initial RF. Such method will be referred as “Spot adaptation only” (SAO).

2.7. No adaptation on CT2

With this approach, plans generated on CT; were recomputed on CT,. To do so,
CT:1 and CT; images were rigidly-registered. The reference plan from CT; is then
computed on the rigidly-registered CT,. No spot weight nor RF matrix is re-
optimized. Such approach will be referred as “no adaptation” (NoA).

2.8.  Plan comparison

This section describes how the different planning approaches on CT, were
compared. Since only one repeated CT per patient was available, for each beam
angle a conformal plan was generated on the CT,. Additionaly, the performance of
each treatment plan was evaluated independently of the other plans.

The different approaches were dosimetrically evaluated on the nominal case and
the worst-case scenario. Deg and D; for the CTV, Dmax for the spinal cord (SC) and
Dmean for the other OARs when their contours were available, are provided. The
conformity number was also computed to account for unnecessary dose in
healthy tissue surrounding the target volume as followed:

V925 target
CN 79

(1)

Vtarget- V95,body

With Vs target the volume inside the CTV where the dose is equal or larger than 95%
of the prescription dose, Viarget is the volume of the CTV, Vs poay is the volume

121



Chapter 5: Online adaptation for conformal FLASH

inside the body contour where the dose is equal or larger than 95% of the
prescription dose.

Dose-rate was also evaluated between the different approaches. While in
literature, the Dose-averaged dose rate (DADR) is often reported, we chose to not
use it since it might strongly overestimate the real dose-rate as indicated by
Deffet et al. [280]. Instead, we chose to use the percentile dose rate (DPERC) [281,
282] which is an extended definition of the PBS dose rate defined by Folkerts et al.
[283]:

. PERC _ (1-2p)D;

b oty —toy )
with D; being the total accumulated dose received in voxel i, p is an arbitrary
percentage, equal in this case to 5% of the prescription dose, i.e. 5% of 9Gy, ti, is
the time elapsed to obtain (1-p).D;at voxel i and to,; the time elapsed to obtain the
dose p.D; at voxel i.

Following such dose-rate definition, the V40Gy/s, i.e, the percentage of the
considered volume where the dose-rate is at least of 40Gy/s, was computed for
the CTV and OARs; such dose-rate value (40Gy/s) being usually considered as the
threshold to trigger the FLASH effect.

3. Results
Left panel in Figure 30 displays the distribution of the Dsg to CTV for each
approach on CT,. The highest median is achieved by FA method with a value of
8.57Gy, followed by the SAO with a value of 8.52Gy and then the NoA with a value
of 8.50Gy. It is noteworthy that even for FA, some plans presented a D98 lower
than 8.55Gy due to the difficulty of achieving such value while minimizing D, and
Dmax to SC.

Distribution of D, to CTV is displayed on the middle panel of Figure 30. This time,
the highest median is the SAO with a value of 9.49Gy, then the FA with a value of
9.45Gy and then the NoA approach with a value of 9.4Gy. Considering these
results on CTV coverage, it appears that dose homogeneity is lower for SAO
approach.
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Distribution of Dmax to SC is displayed on the right panel of Figure 30. The median
value is 4.34Gy for the FA approach, 4.41Gy for the SAO and 4.77Gy for the NoA.
For SAO and NoA methods some plans depicted noticeably high value. 4 and 6
plans show Dmax higher than 5Gy for SAO and NoA, respectively.

Figure 31 illustrates the difference in target coverage that can happen between
SAO and NoA approach. An anterior part of the CTV is not properly covered by the
D95% isodose. Figure 32 illustrates the difference in target coverage that can
happen between SAO and FA approach. A posterior part of the CTV is not properly
covered, this time by the SAO approach.

Table 16 shows the difference in dose volume metrics for the nominal scenario.
All SAO absolute average differences with FA are less than 0.1 Gy except for the
Dmax to SC, for which the average difference is of 0.22 Gy. For NoA, four metrics
have an average absolute difference with FA greater than 0.1 Gy: the Dmax to SC,
which is of 0.61 Gy; the Dmean to oral cavity, which is of 0.20 Gy; the Dmean tO
mandible, which is 0.13 Gy and the Dmean to larynx, which is 0.14 Gy.

Table 17 shows the difference in dose volume metrics for the worst-case scenario.
Trends are very similar to those of nominal case, except the CTV coverage with
NoA that shows a mean decrease of about 0.17Gy compared to the nominal case
while for SAO the average difference is of 0.07Gy.

Table 18 displays the difference of volume receiving at least 40Gy/s. For the
different anatomical volumes, the Vaos,/s mean value is relatively close to 0 while
some larger differences in maximal and minimal differences exist for both SAO
and NoA approaches. We can notice that the volume of SC receiving 40Gy/s is
often 0 or close to, suggesting that such volume would not beneficiate of the
FLASH effect.
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Figure 31 Dose distribution for Patient 2 with a beam angle of -90°. Left: SAO plan, Right: NoA plan.
Pink contour is the CTV; yellow isodose depicts the area where dose is equal or higher than 8.55Gy,
red isodose depicts area where dose is equal or higher than 9Gy. Notice the anterior part of CTV not
cover by the yellow isodose for NoA plan.

Figure 32 Dose distribution for Patient 1 with a beam angle of -50°. Left: FA plan, Right: SAO plan.
Pink contour is the CTV; yellow isodose depicts the area where dose is equal or higher than 8.55Gy,
red isodose depicts area where dose is equal or higher than 9Gy. Notice the posterior part of CTV not
cover by the yellow isodose for SAO plan.
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Table 16:Difference of dose metrics for NoA and SAO approaches compared to FA in nominal case.
NoA: no adaptation (CT1 plan re-computed on CT2); SAO: spot adaptation only; FA: Full adaptation.

Volume Metric NoA minus FA SAO minus FA
Mean Range Mean Range

CTV, Dss (Gy) -0.09 [-0.49; 0.39] -0.08 [-0.49; 0.13]
CTV, D, (Gy) -0.07 [-0.21; 0.09] 0.03 [-0.12; 0.15]
Body CN -0.03 [-0.15; 0.07] -0.02 [-0.06; 0.05]
Spinal cord  Dnmax (Gy) 0.61 [-0.89; 2.15] 0.22 [-1.31; 2.10]
Parotid L Dimean (GY) 0.03 [-0.98; 1.08] -0.01 [-0.61; 0.19]
Parotid R Dimean (GY) 0.04 [-0.82; 1.03] 0.08 [-0.98; 0.72]
Oral cavity  Dmean (GY) 0.20 [-0.35; 1.15] -0.04 [-0.42; 0.07]
Mandible Dimean (GY) -0.13 [-1.35; 1.04] 0.05 [-0.44; 0.72]
Thyroid Drmean (GY) -0.08 [-0.59; 0.03] -0.03 [-0.25; 0.03]
Larynx Dmean (GY) 0.14 [-1.02; 0.90] 0.01 [-0.08; 0.24]

Table 17 : Difference of dose metrics for NoA and SAO approaches compared to FA in worst-case
scenario. NoA: no adaptation (CT1 plan re-computed on CT2); SAO: spot adaptation only; FA: Full
adaptation.

Volume Metric NoA minus FA SAO minus FA
Mean Range Mean Range

CTV, Dss (Gy) -0.17  [-1.00; 0.57] -0.07 [-0.57; 0.37]
CTV, D (Gy) -0.07  [-0.24; 0.13] 0.04 [-0.05; 0.20]
Body CN -0.03  [-0.11; 0.05] -0.02 [-0.08; 0.05]
Spinal cord Dmax (GY) 0.63 [-0.83; 2.16] 0.25 [-0.34; 1.53]
Parotid L Drmean (GY) 0.04 [-0.81;1.16] 0.01 [-0.72; 0.21]
Parotid R Drmean (GY) 0.04 [-0.97; 0.96] 0.09 [-1.23; 0.95]
Oral cavity Drmean (GY) 0.24  [-0.36; 1.14] 0.00 [-0.47; 0.08]
Mandible Drmean (GY) -0.21  [-1.71;0.99] 0.06 [-0.36; 0.69]
Thyroid Drmean (GY) -0.06  [-0.42; 0.04] -0.03 [-0.24; 0.04]
Larynx Drmean (GY) 0.14  [-1.05; 1.04] 0.01 [-0.09; 0.25]

Table 19 shows the number of plans meeting the chosen tolerance parameters on
dosimetric differences for nominal and worst-case scenario. If one of the chosen
criteria is not met, either on the nominal or the worst-case scenario, the plan is
deemed outside the tolerance range. Note that the tolerance criterion on Dmax to
SC only applies when this value on the nominal case of FA plan is larger than 4Gy,
i.e. when the value is getting close to chosen limit of 5 Gy. We can notice that SAO
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is much closer to the FA reference, for example the number of plans meeting a
maximum difference of 0.3Gy on the CTV Deg, CTV D, and SC Dmax being of 16 for
SAO while being 5 for the NoA plans. Previous tables and figures showed
reasonable dosimetric gap between NoA and SAO approach from a global patient
cohort perspective. Nonetheless, when evaluating the gap between FA and
NoA/SAO plans-by-plans this table highlights a more important gap between NoA
plans and SAO ones.

Table 18 : Difference in volume receiving 40Gy/s (V40Gy/s) for each anatomical volume for NoA and
SAO approaches compared to FA. NoA: no adaptation (CT1 plan re-computed on CT2); SAO: spot
adaptation only; FA: Full adaptation.

Volume Metric NoA minus FA SAO minus FA

Mean Range Mean Range
CTV, VA0 Gy/s (%) -4.49  [-68.13;33.89] -2.13 [-18.74;10.03]
Body V40 Gy/s (cm3) 31.49 [-55.61;219.16] 1.08 [-43.39; 88.46]
Spinal cord V40 Gy/s (%) 0.01 [0.00; 0.01] 0.00 [0.0; 0.01]
Parotid L VA0 Gy/s (%) 0.91 [-8.79; 10.83] -0.75 [-19.07; 10.34]
Parotid R VA0 Gy/s (%) 3.5 [-1.14; 39.60] 1.26  [-18.88; 14.28]
Oral cavity V40 Gy/s (%) 0.26 [-5.78; 8.60] -0.35 [-3.33; 4.81]
Mandible V40 Gy/s (%) -1.08 [-13.60; 9.73] 1.36 [-2.20; 9.25]
Thyroid V40 Gy/s (%) -1.30 [-7.43; 0.00] -0.50 [-4.72; 0.08]
Larynx V40 Gy/s (%) 3.07 [-8.62; 12.44] 1.20 [-13.66; 21.33]
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Table 19 Number of plans (amongst the 20 ones) meeting chosen difference tolerance on the D98
and D2 to CTV as well as Dmax to spinal cord (SC) on nominal and worst-case scenario. The tolerance
on Dmax to SC only applies if the Dmax to SC is at least 4Gy in the nominal case for FA plans. Values
are provided for NoA and SAO approach. To be considered as meeting the difference tolerance, each
plan has to satisfy the three considered tolerances on the nominal and worst-case scenario. The
prescription dose for each plan is 9 Gy to the CTV. NoA: no adaptation; SAO: spot adaptation only.

Chosen tolerances with respect to Full Adaptation | Number of plans meeting
plan the chosen tolerances
Max decrease  Max increase Max increase NoA SAO
Dog CTV D, CTV Dmax SC
(Gy) (Gy) (Gy)
0.1 0.1 0.1 2 7
0.1 0.1 0.3 2 8
0.15 0.15 0.15 3 12
0.2 0.2 0.2 5 14
0.2 0.2 0.3 5 15
0.3 0.3 0.3 5 16
0.4 0.4 0.4 6 16
0.5 0.5 0.5 8 16

4. Discussion
In this study we presented an adaptive workflow for FLASH conformal plans. Such
workflow relies on updating spot weights on the image of the day while re-using
the initial ridge filter (RF) for all treatment fractions.

Over the evaluated treatment plans generated on CT,, it was shown that
adaptation was necessary for up to 18 fractions over 20 to maintain plan clinical
quality, while the others remaining non-adapted (NoA) treatment plans were
close to the FA ones (Table 19). This indicated that while some major anatomical
changes can be observed from an initial CT to a CT of the day, it does not
necessary mean that plan adaptation will be necessary as anatomical changes
might not necessarily occur in the area of the planned beam angle of the day.
However, it could be noted that from a global patient cohort perspective, the
general distribution of the different dosimetric values were generally not strongly
different with the FA approach. The gap in dosimetric quality between NoA and
FA was only highlighted through the analysis of dosimetric tolerance plan-by-plan
(Table 19).
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Such low global differences in dosimetric values could be explained by the
simplicity of SFUD planning. Indeed, while less robust than transmission
treatment, conformal FLASH consists in single SFUD beam. This approach remains
simpler in term of modulation and thus target conformation, compared to
conventional multi-field optimization where dose gradients from different beams
need to be adequately combined to deliver an acceptable dose distribution, even
in the presence of uncertainties. Consequently, it seems logical that SFUD plans
with lower complexity could be less impacted by anatomical uncertainties, i.e.,
their simplicity leads to a certain robustness.

Regarding the dosimetrical quality of the spot adaptation only workflow (SAQ), we
showed that up to 16 over the 20 were within 0.3 Gy for key dose metrics to their
homologous FA plans (while only 5 for NoA plans for same dose-volume metric
differences). This highlighted the added value of this adaptation workflow. Since
the SAO approach should not lead to a significantly prolonged planning, i.e.,
simply optimizing the spot weights of a single SFUD conformal beam with the
initial RF, such workflow could be easily implemented in a clinical routine.

Concerning the change in volume for OAR receiving dose-rate of at least 40 Gy/s,
we showed that on average no large differences were noticed between NoA, SAO
and FA. However, some cases could show larger deviation in V40Gy/s for some
anatomical volume. At the moment it is difficult to quantify how this would
impact the clinical quality of a plan since it would be necessary to precisely know
the flash dose modifying factor [284, 285] of the different tissues for the achieved
dose-rates. Nonetheless, such divergence was not a global trend and more a
consequence of different spot placement and spot weights between the different
planning approaches. Furthermore, it is important to note that while this study
considered 40 Gy/s as the reference threshold for FLASH effect activation,
determining the precise threshold value remains an active research topic.

A first limitation of this study lies in the size of the patient cohort, i.e. 6 head and
neck patients with a total of 20 evaluated plans. Future studies will have to
investigate over a larger cohort of patient as well as over different beam angles
and treatment locations to precisely evaluate the limits of the proposed SAO
approach.
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Another limitation of this study concerns the optimization goals used. We
struggled to fulfill CTV Dgg > 8.55Gy and SC Dmax < 5.0Gy for several fractions even
for the FA approach. This is probably due to the limited degree of freedom,
implied by the use of single SFUD beam combined with the strictness of the
chosen dosimetric objectives. However, it is hard to evaluate the clinical quality of
such plans as the literature on clinical objectives for conformal FLASH is sparse.
Nonetheless it is important to remember that the primary goal was to generate
plans as qualitative as possible with a chosen set of dosimetric constraint to then
evaluate the proposed SAO workflow.

Although the SC received doses exceeding 5 Gy, the dose-rate remained
predominantly below 40 Gy/s, indicating the FLASH effect would not be triggered.
As mentioned above, this outcome probably stems from the challenge of meeting
both target coverage and SC objectives using a simple SFUD beam. The situation
highlights the importance of clarifying the dose and dose-rate threshold triggering
the FLASH effect. Indeed, if triggered at lower doses like 4 Gy, maintaining FLASH
dose-rates in such OAR could become crucial. Given such a concern, this also
highlights the importance for commercial TPS to include dose-rate and dose-
modifying factor objectives in their optimizer [286, 287]. These kind of
optimization terms could theoretically allow to use the full potential of the FLASH
radiotherapy, resulting in significantly improved treatment plans.

Another limitation is that at least 4 cases could not achieve results comparable to
FA using SAO approach. It means that in these cases, unless another beam angle is
found to be only slightly affected by anatomical changes, treatment would need
to be interrupted to allow time for a new RF to be printed. This could thus
hamper the viability of such treatment workflow. Therefore, investigating
alternative approaches such as dynamic RF could also provide a valuable solution
for conformal FLASH implementation [273].

5. Conclusion
The proposed spot-adaptation workflow showed dosimetric results close to the
full adaptation for up to 16 over the 20 evaluated fractions (within 0.3 Gy
difference for key dose metrics). The dose rate results were globally close to the
FA plans. Given the fact that SAO workflow only requires re-optimization of the
spot weight of a single conformal beam, which is generally considered to be a fast
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process, this approach could be applied in a clinical routine for each treatment
fraction. This would leave the re-printing of the ridge filter only for extreme cases
where SAO is not sufficient.
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The finding of the previous chapter can be shortly summarized as follow:

Chapter 2 addresses the difficulty of producing high-quality plan in OART. In this
investigation, we compared two popular approaches for automatic planning. The
first automatic approach, the template-based, consists in simply using a list of
clinical goals ordered by clinical importance. The second one uses Al-based dose
prediction to generate isodose contours that are then used to mimick the dose on
the TPS (DP+DM). The considered TPS was the Ethos one using the IOE automatic
optimizer. This study highlighted a dosimetric gap between template of
conventional clinical goals and predicted patient specific goals (i.e. predicted
doses followed by a dose mimicking). The DP+DM approach outperformed the
template-based one on a test set of 10 prostate cases. The template-based
approach showed difficulty providing a quality close to the manual planning and
even produced several non-clinically acceptable plans when trying to tighten up
the dose constraints. The DP+DM approach achieved results much closer to
manual planning on evaluated patients (while remaining inferior) and the
optimized plans were all clinically acceptable.

Chapter 3 addresses the challenge of efficiently reviewing and correcting
automatically segmented volumes in OA conditions. While automatic
segmentation has shown great progress in recent years with the arrival of Al
models, achieving consistently perfect automatic contours currently remains an
elusive goal. Given that contour review and correction represent one of the most
time-consuming aspects of adaptive workflows, we developed a quality assurance
tool, the DIVE map, that prioritizes corrections based on their potential dosimetric
impact rather than geometric accuracy alone. Indeed, conventional reliance on
geometric indicators such as the Dice coefficient and Hausdorff distance for
evaluating segmentation quality is a limitation for OA conditions. While these
metrics serve a purpose in benchmarking segmentation algorithms, they provide
an incomplete picture of clinical relevance, particularly in the context of adaptive
radiotherapy. More problematically, such geometric indicators could potentially
mislead the clinicians, as a segmentation algorithm with low Dice scores might still
be clinically acceptable if its errors occur in dosimetrically insignificant regions.

The developed DIVE map tool addresses these limitations through the generation
of deformation scenarios of the automatically-segmented volumes and
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subsequent prediction of dose distributions for these scenarios. This approach
enables the identification of dosimetrically relevant regions requiring correction.

Using the proposed DIVE map, we demonstrated that contour corrections could
be substantially reduced without compromising the dosimetric quality of Ethos
treatment plans. In more than half of the evaluated cases, less than 50% of the
conventional corrections were necessary to maintain dosimetric quality, revealing
that many routine corrections may have limited clinical impact. Nonetheless,
several points remain to be addressed to ensure its reliability and time-efficiency.

Chapter 4 tackled the problem of enabling OA for an emerging treatment
technique close to clinical introduction: the proton arc therapy. PAT specific
problems, i.e. determining optimal energy layer per angle and having to optimize
numerous plan parameters, adds another layer of complexity to the PT plan
adaptation. Nonetheless, since PAT emerged as the logical evolution of IMPT as
the VMAT did to IMRT, we showed that a previously proposed IMPT workflow
could be made compatible to PAT problems. The proposed PAT adaptive workflow
achieved dosimetric results close to the full re-optimization from the ground up,
while being 3.4 times faster than conventional full re-optimization. Nonetheless,
the achieved adaptation time was still too slow to be compatible with clinical
conditions. However, we believe that such timings are due to the research-
oriented TPS we used to generate the results and that substantial time
improvement could be achieved on commercial TPS.

In Chapter 5, we investigated OA for another emerging treatment modality: the
conformal FLASH PT. In FLASH therapy, the problem of achieving a high-quality
plan pass by ensuring an extremely high dose-rate in order to trigger the so-called
FLASH effect, a radiobiological effect reducing the toxicity to healthy tissues while
preserving the tumor control. For the conformal FLASH, the current limit is related
to the necessary 3D-printing of a patient-specific RF that is often considered to
last for at least one hour leading to unpractical FLASH plan adaptation in clinical
conditions. Nonetheless, we demonstrated that such 3D-printing was not
necessary for each fraction even when large anatomical changes were observed.
We highlighted that simple spots weights re-optimization with the initial RF could
lead to dosimetric results close to the full plan and RF re-optimization for most of
the treatment fractions.
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1. Time is key

As previously highlighted, the combination of OA with emerging techniques could
enable critically low toxicity and thus unpreceded treatment quality. Since PAT
has already demonstrated significant benefits on different anatomical sites [239-
241], its combination with OA could be game-changer from a purely dosimetric
point of view. Similar enthusiasm applies also for combination of FLASH effect
with OA (provided clinical value of FLASH treatment is demonstrated in a near
future).

However, as introduced before, dosimetric benefits of PT-based techniques
should always be considered alongside time considerations due to their inherent
cost implications. For instance, it has been shown that for IMPT lung patients,
adaptation time should be contained within a range of 6 to 20 minutes to still
remain relevant from a global NTCP point of view. Beyond this window, some
patients would need to be redirected to less optimal treatment modalities due to
limited proton center availability, entailing the global NTCP of the patient cohort
[35]. This clearly demonstrates the critical importance of optimizing adaptation
time for these techniques to be truly competitive.

This fundamental balance has already influenced existing OA PT implementation
as evidenced by the first OA-PT clinical workflow utilizing fast analytical algorithms
and currently limited to rigid contour propagation cases requiring no corrections
[30, 189]. This emphasis on practical efficiency led us to investigate how to
optimize automatic segmentation and automatic planning in chapter 2 and 3
before focusing on adaptive workflow for emerging techniques in chapter 4 and 5
in order to ensure viable OA workflows for emerging techniques. The underlying
goal was to improve the ratio of dosimetric benefits to adaptation time. Chapter 2
aimed at increasing such ratio by investigating how to automatically achieve plans
of dosimetric quality close to manual planning (the current non-adaptive gold
standard). Chapter 3 aimed at increasing this ratio by significantly reducing the
adaptation time through optimization of the review and correction of the
automatic segmentation, a step often considered to be a critical bottleneck of OA.

These considerations become even more critical for PAT which is usually assumed
to require prolonged planning time when compared to IMPT. This suggests that
OA-PAT would need to demonstrate substantial dosimetric advantages over
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alternative treatment techniques to justify potentially extended adaptation times.
This also emphasized on the importance of evaluating our proposed workflow on
efficient TPS to determine how close we can bring OA-PAT to relevant timings.
However, to push the reduction of adaptation time further, beamlet-free
optimization could also be an interesting perspective for OA-PAT. Beamlet-free
approach holds particular promise for accelerating planning optimization. Unlike
conventional methods, it eliminates the need to generate the dose influence
matrix prior to plan optimization, instead computing it simultaneously with spot
weight optimization [288]. The resulting time savings become more significant as
the number of spots increases, making it particularly valuable for PAT which may
require more spots than IMPT,

For FLASH therapy, timing considerations will depend on its stage of clinical
implementation. Interestingly, the inherent requirements for triggering the FLASH
effect currently lead to simplified plan optimizations. This potentially makes OA
less challenging for FLASH than for PAT or IMPT. Indeed, the necessity of
maintaining FLASH dose-rates has driven the use of single SFUD beams with fewer
spots. These simplifications result in lightweight dose computation due to fewer
beamlets and limited beam parameters to optimize. Furthermore, the proposed
workflow in chapter 5 proved the validity of re-using the same RF for most of
treatment fractions. This tends to indicate that plan optimization could not be a
problem for OA-FLASH. Concerning, the fractions for which re-using the RF would
not be valid, evolution in RF manufacturing will probably still occur in the
following years. Refinements of dynamic RF concept [273, 289] or arrival of faster
3D printing methods could address cases requiring RF adaptation, further
enhancing the clinical viability of adaptive FLASH treatments. Moreover, the
development of FLASH-dedicated optimization constraints in the future, e.g.
constraints that maximize the dose-rate or the FMF in relevant anatomical
regions, could also help maximizing the dosimetric benefits to time ratios.

In the end, the future may not lie in perfecting every adaptive element, but in
orchestrating a symphony of 'smart' compromises that maximize therapeutic
benefit within practical clinical constraints. This strategic evolution could finally
bridge the gap between the theoretical promises and clinical reality of adaptive
RT.
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2. The challenges of Artificial Intelligence
The successful implementation of OA for emerging techniques, by maximizing the
dosimetric benefits over adaptation time ratio, relies heavily on advanced
automation technologies. Approaches based on Al have demonstrated
considerable potential in the recent years. It is therefore natural to consider
them. However, several challenges still exist and need to be addressed in order to
exploit the full potential of Al.

A first and fundamental challenge lies in the data requirements: as with most Al
applications, it requires a sufficiently large training database to ensure reliable
and relevant model outputs. Despite the existence of architectures such as the U-
net that perform reasonably well with limited training data [102], having access to
a relevant database even a small one, e.g. 30 training patients as in chapter 2, can
be challenging for small RT centers. This challenge is particularly pronounced
when considering the requirement for high-quality, homogeneous data
characterized by consistent prescription doses, beam arrangements, and clinical
requirements to achieve reliable Al predictions. The complexity increases further
in the context of automatic dose planning, where the inherent institution-specific
nature of training data introduces additional challenges. Parameters such as
prescription doses, target volume definitions, beam configurations, and clinical
objectives often vary significantly between treatment centers. Although TPS
vendors attempt to address this through diverse model collections, achieving
universal applicability remains challenging. Research also continues to address
these limitations through various approaches such as integrating the beam
parameters in the model inputs [120] or using transfer learning from an already
well performing model [209], and despite the promising arrival of foundation
models trained on vast datasets [290-292], significant concerns persist.

Furthermore, the possibility that Al models could produce critically bad results
potentially impacting medical outcome often creates hesitancy among clinicians
to implement such systems in clinical practice [217]. Particularly for the planning
steps where other non-Al approaches can easily bring clinically acceptable results.
The template-based approach, for instance, offers both simplicity in
implementation - requiring only a defined set of clinical goals - and transparency
in operation, characteristics that often prove more reassuring to clinicians than
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the perceived opacity of Al methodologies [293-295] while it can lead to
suboptimal result as demonstrated in Chapter 2.

The evaluation of Al models and Al-based tools, including our DIVE-map, raises
another fundamental methodological question. While the standard approach
involves validation on independent test sets, ensuring these sets are sufficiently
large and diverse to demonstrate reliable global performance presents a
significant challenge. The inherent difficulty lies in capturing the full spectrum of
possible clinical scenarios within a finite test dataset, limiting our ability to make
comprehensive assessments of model reliability [296, 297]. Several approaches
could address these validation challenges. One promising direction involves the
establishment and utilization of standardized benchmark databases such as the
OpenKBP challenge [298] or Cancer Imaging Archive [299]. Additionally,
generation of synthetic phantoms to challenge Al models could also be an
interesting alternative approach in assessing a broader range of scenarios [220,
300].

In response to these challenges, interest in quantifying the quality and reliability
of predictions is also emerging [293] with development of tools such as
uncertainty quantification [301-304]. Recent developments in this field have
produced tools capable of assessing model uncertainty at multiple scales - from
comprehensive prediction-level evaluations to granular voxel-wise uncertainty
maps. These methodologies represent a promising direction for enhancing clinical
safety by enabling the detection and exclusion of potentially unreliable
predictions before clinical conditions.

These few elements and examples illustrate the current challenges in achieving
reliable automation of RT workflows through Al. However, while concerns about
Al reliability are valid, it is essential to recognize that conventional automation
methods are not immune to critical failures. Our research demonstrated this
vulnerability through the Ethos IOE system, which produced clinically
unacceptable plans when presented with overly stringent template goals. This
observation emphasizes the fundamental importance of maintaining fallback
treatment plans in automatic planning systems, a practice already established in
current commercial RT platforms and initial clinical deployments of OA PT [30].
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This also emphasizes that Al should be viewed as any other tool with its own set
of capabilities and limitations, like other automation approaches in RT.

3. Managing automation uncertainties through workflow
design
While significant advances in automation and Al are anticipated in the coming
years, developing strategies to prevent critical automation failures in clinical
conditions remains a pressing priority. Although maintaining fallback plans
provides a safeguard against automation failures in OA, the field has begun to
investigate Al robustness in RT applications.

As previously mentioned, recent research has explored robustness evaluation
through offline testing using synthetic phantoms, representing a controlled
approach to assessing system reliability [220, 300]. However, beyond these
validation methods, novel approaches are emerging that specifically address the
challenge of ensuring robust automated processes within the constraints of OA
conditions.

In automatic dose planning, the dose mimicking process represents a critical step
where robustness could be introduced. Research has demonstrated that
mimicking parameters can exert substantial influence on plan quality, sometimes
exceeding the impact of the initial Al prediction [122, 192, 204]. While the focus is
often put on Al performance, it has been demonstrated that a well-designed
mimicking process can effectively compensate for suboptimal dose predictions
[204]. Consequently, a careful design of dose mimicking through the selection of a
relevant method and mimicking parameters could account for a certain range of
Al prediction errors.

Our implementation of dose mimicking in chapter 2 provides an illustrative
example of this concept. The relative success of our dose prediction and
mimicking approach compared to the template-based method, despite our
limited training database, may be attributed to our specific mimicking
implementation. Notably, we employed isodose contours with larger intervals
than those typically reported in recent literature. While this broader spacing
might theoretically result in slightly less optimal results, it likely provides greater
robustness against local inaccuracies in predicted dose gradients by providing
greater flexibility for the optimizer.
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This exemplifies how robustness to these uncertainties can be integrated by
design in the following workflow steps. Similar to how robustness optimization in
PT accepts higher OAR doses to ensure target coverage under uncertainties, this
approach might result in marginally less optimal plans while ensuring more
consistent and reliable performance across diverse cases.

One way to push further this concept would be with the use of uncertainty
estimation. Uncertainty quantification could guide the selection of mimicking
methods and its parameters. As prediction certainty decreases, the mimicking
process could automatically adjust to become more robust to potential errors. In
cases of very high uncertainty, the system could even switch to conventional
template-based optimization approaches, providing a graduated response to
varying levels of prediction confidence.

Such concept of robustness can also be extended to automatic segmentation. One
way could be to incorporate Al uncertainty in the planning step with either
planning organ at risk volume (PRV) [305, 306], robust and/or probabilistic
optimization [307, 308] on OAR probable volumes location. Initial investigations
using different non-rigid registration algorithms have shown promising results
[309], demonstrating that while this approach may be less dosimetrically optimal
than full contour correction, it still offers significant benefits over non-adaptive
approaches.

From a practical perspective and given current limitations of the proposed DIVE
map, a simple approach would be to evaluate the worthiness of correcting each
volume based on dosimetric impact and time considerations, i.e. build a list of
critical volumes that should be corrected for each patient. Manual corrections,
being time-consuming, would then be reserved only for volumes providing clear
overall NTCP benefits. Volumes with lower "dosimetric benefit to time" ratios
would either remain uncorrected or be handled through intermediate approaches
such as PRV, robust, or probabilistic optimization. This pragmatic approach is
already partially implemented in commercial systems like Ethos, where manual
corrections are limited to target volumes and "influencer" OARs [27].

Drawing a parallel with the use of uncertainty quantification in the robustness
process, uncertainty estimation could also potentially automate the adjustment of
these robustness margins or robustness parameters. In cases of high uncertainty,
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the workflow could even switch from Al-based segmentation to conventional non-
rigid registration methods. This approach would mirror the previously proposed
uncertainty-based selection of dose mimicking parameters, creating a more
comprehensive framework for managing Al-related uncertainties in OA
conditions. First investigations of such an approach have recently been carried out
with non-rigid registration of volumes and provided promising results [310].

4. Taking review and correction of automatic segmentation a
step further

Although introducing robustness to automatic segmentation processes could
significantly reduce review time, this approach presents a critical trade-off. The
introduction of additional margins and/or robustness parameters, while providing
greater reliability, may excessively compromise dosimetric advantages. Such
compromises could ultimately undermine the crucial balance between dosimetric
benefits and treatment time. It remains thus critical to investigate different
approaches to optimize at best the required time of auto-segmentation review
and correction.

Chapter 3 addresses this challenge through the introduction of the DIVE-map, a
tool indicating the dosimetric relevance of correction regions around
automatically segmented volumes. This work aimed at paving the path for QA
tools of automatic-segmentation, where online solution to efficiently ensure
quality of auto-segmented contours are few [311, 312] and where even
commercial solutions remain mostly specific to retrospective or offline conditions
such as the Alqualis software from PTW or Verify from Mvision [313]. While the
DIVE-map offers a novel perspective on contour verification, several significant
challenges persist.

Key methodological concerns potentially affecting physician confidence include
the reliance on dose prediction for deformation scenarios and the independent
generation of DIVE-maps for dosimetrically interdependent structures. Although
these limitations proved acceptable in our test set, broader clinical
implementation would require methodological refinements to ensure reliability
across diverse cases. Additionally, the current DIVE-map generation process
exceeds clinically acceptable timeframes, necessitating optimization to achieve
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one to two-minute processing times for meaningful integration into adaptive
workflows.

Although the current implementations remain at an early stage, the
demonstrated potential of these adaptive solutions provides compelling
motivation for continued development. Such future developments might also
benefit from other emerging perspectives for auto-segmentation, particularly the
uncertainty quantification methods previously cited. While global uncertainty
quantification, which provides a single score for volume segmentation, aligns
more with geometric quality indicators of limited utility in OA conditions [314],
voxel-level uncertainty quantification offers promising opportunities for guiding
physicians to potential segmentation errors [315]. The integration of such local
uncertainty information with dosimetric guidance tools like the DIVE-map could
enable a comprehensive optimization of the contour review process. Currently,
the DIVE-map provides dosimetric guidance across broad regions without
considering the probability of segmentation errors. Combining it with local
uncertainty information would help direct attention to areas where corrections
are both dosimetrically significant and likely necessary. However, both uncertainty
prediction and the DIVE-map require substantial refinements before such
integration becomes feasible. The effective visualization of such QA tools remains
a critical concern, as it could significantly influence their clinical adoption. For
example, recent research has demonstrated varying levels of clinician acceptance
for different uncertainty visualization approaches with binary voxel-level
uncertainty indication (certain/uncertain) receiving the highest preference among
practitioners [316].

Beyond these technical improvements in contour evaluation and correction tools,
it is also interesting to note that to optimize auto-segmentation step, research
groups also started to investigate how to efficiently distribute the work load of
online segmentation corrections such as by delegating the correction to Radiation
Therapist (RTT) or non-expert radio-oncologist [317] or by parallelizing the
corrections on different computers and different reviewers [167]. Other groups
also proposed more efficient edition tools as other potential ways to improve
auto-segmentation step. Such as interactive editing tools where the physicians
would simply click on error regions in order to trigger an automatic contour
correction provided by the Al model [318, 319].
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This multi-faceted development pathway offers promising perspectives toward
more efficient and reliable auto-segmentation in OA conditions.

5. Final considerations about the future of online adaptive

radiotherapy

This thesis explored different facets of online adaptive radiotherapy (OART) with
the aim of contributing to its evolution toward a more refined and efficient
treatment approach. However, the future trajectory of OA will be significantly
shaped by both industrial developments and clinical experience. The following
discussion examines these evolving trends and their implications for the future of
radiation therapy, considering both the technical advances presented in this work
and the broader context of emerging industry solutions.

The durable presence of Al in RT appears increasingly certain, as evidenced by
recent industry developments. Elekta announcement of an Al-driven linear
accelerator and MagnetTx introduction of comprehensive Al solutions for their
MR-linac system signal a fundamental shift in treatment delivery technology. This
evolution extends beyond mere software additions to become integral
components of treatment delivery systems.

The emerging competition between Varian HyperSight and Elekta Evo system,
both featuring enhanced CBCT capabilities but with an opposed approach
(detector development against Al development to enhance CBCT quality), may
provide crucial insights into the relative value of hardware versus software
innovations in imaging technology. The widespread adoption of these improved
CBCT-guided adaptive systems could fundamentally reshape the landscape of
OART. This technological advancement might lead to a broader use of OART,
potentially relegating MR-linac systems to specific clinical scenarios requiring
superior soft tissue contrast or real-time imaging capabilities.

The future of OA imaging appears to be moving toward a stratified approach.
While MR-linac technology will likely maintain its relevance, particularly with
recent developments like Unity and the announced Aurora-RT, its application may
become increasingly specialized. The financial considerations and workflow
efficiency challenges associated with MR imaging, including longer treatment
times and higher operational costs [320, 321], contrast sharply with the
streamlined efficiency of CBCT-guided adaptation on systems like Ethos. MR-linac
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systems, with their superior soft tissue contrast and capability for real-time
imaging without radiation exposure, may find their niche in complex cases where
CBCT-guided adaptation proves insufficient. Such niche could perhaps in the
future get enlarged with potential development of true real-time treatment
adaptation, i.e. where adaptation process does really occur at sub-second
timeframe, through their cine-imaging capability [322, 323].

This evolution in imaging technology could significantly impact the PT field, where
the traditional reliance on in-room CT systems has influenced facility design and
workflow. The emergence of high-quality CBCT solutions (such as Ethos
HyperSight, Elekta Evo), combined with advanced artifact correction algorithms,
might eliminate the need for space-intensive CT-on-rails systems, potentially
reducing facility costs and improving treatment efficiency.

Concerning the other advantages that OA could bring, it has to be noted that it
provides clear potential for reduction of treatment margin [100, 101, 324] and
treatment setup uncertainty [325, 326]. However, as previously said, such
potential represents both opportunities and challenges. While daily adaptation
theoretically allows for smaller treatment margins, this benefit must be balanced
against the uncertainties introduced by automated processes. If one wanted to
address the Al-uncertainties alongside with common treatment uncertainties, the
cumulative effect of Al uncertainties in segmentation and planning, combined
with residual setup and delivery uncertainties, would require careful
consideration in margin definition. Nonetheless, the possibility of reducing
uncertainty treatment setup in robust optimization would be particularly relevant
for OA-PT techniques as this could strongly decrease the NTCP for the same
adaptation time.

It is also interesting to note that even if OART leads to an increase workload
during treatment sessions, it also represents interesting opportunities to
significantly reduce the workload of pre-treatment session. By making use of
developed automation process for pre-treatment steps it can alleviate the
workload of clinicians. The concept can even be pushed further by considering its
capability to enable simulation-free treatments where all the pre-treatment
simulations steps would not have to be carried on. Most of the workload would
remain for the treatment session. However, in current conditions the disposal of a
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falloff treatment remains critical for fraction where automation would strongly
fail.

In conclusion, automation in RT environment presents strong opportunities for
the whole field but it remains necessary to consider all the potential noxious
effects that it could also bring with it. The future of automation in RT and PT
presents a critical point: while recent research promises transformative
capabilities, successful implementation requires more than technological
sophistication alone. The most significant advances may emerge not from creating
increasingly complex automated tools, but from designing workflows that
strategically integrate these innovations. Success in maximizing the potential of
OA and emerging treatment techniques will depend on our ability to balance
technological advancement with practical clinical constraints.
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1. S1
The modulation complexity score was calculated following the same formula than
the original article:

Pos is the leaf positions, N is the number of open leaves.
POSmax = (max(posNeH) - min(posNen)>leafbank

g:l(posmax — (posp — p05n+1))
N X poSmax

LSVsegment = < >
leftbank

% <Zg=1(p05max — (pos, — p05n+1))

N X pos. >
POSmax right bank

A
Za=1<p05a>left bank — (POSa)n'ght bank

A
a=1{max (posa»left bank€beam — (max(posa))right bank€beam

AAVsegment =

I

MCSbeam = Z AAVsegmenti X LSVsegmenti X
i=1

MU segmenti
M Ubeam

]

MCSpian = z MCSpeam j
=1

MUbeamj
MUplan
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2. S2

Table A1: Study-S2, detailed met goals for each approach. EG_init_selected = Ethos generated (using
initial template) for patient manually selected among 45 initial patients, EG_upd_selected = Ethos
generated (using updated template) for patient manually selected among 45 initial patients, DP+DM
= dose prediction followed by dose mimicking, MG = manually generated.

Volume Constraint EG_init EG_upd_ DP+DM MG /10
plans /10 selected/ /10
10
Anal canal V60Gy (%) 9 8 9 10
V35Gy (%) 8 8 9 10
V20Gy (%) 9 10 10 10
Bladder V60Gy (%) 10 9 10 10
V50Gy (%) 10 10 10 10
V40.8Gy (%) 6 6 7 9
Bowel DO.1cm3 (Gy) 9 9 10 10
V55Gy (%) 10 10 10 10
V20Gy (cm3) 10 10 10 10
Rectum V60Gy (%) 8 6 10 10
V52.8Gy (%) 7 7 7 7
V30Gy (%) 7 7 7 8
Femur_L VA40Gy (%) 10 10 10 10
V35Gy (%) 10 10 10 10
Femur_R VA40Gy (%) 10 10 10 10
V35Gy (%) 10 10 10 10
Penile Bulb V54.1Gy (%) 9 9 8 10
V42.5Gy (%) 10 10 10 10
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1. S1. Deformation process.

The deformation process consists in defining an initial mesh represented by six
control points, two for each spatial direction, placed on a sphere that
circumscribes the volume of interest. We define a deformation scenario Sq by the
displacement of a single control point while conserving the initial position of the
other control points. Displacing a single control point results thus in deforming the
initial mesh along a specific direction, which in turn deform the volume of
interest.

Figure S1 gives an example of 2D deformation scenarios generation for 3
directions and 3 amplitudes. In this paper, 18 different directions of deformation
and 9 amplitudes were used resulting in 162 deformation scenarios.

Displacement of a control

point by a distance din a Deformation Deformation Deformation
specific direction amplitude: d x 1 amplitude: dx 1.5 amplitude: dx 2
)'o
® A
é\O\ é'\oh ‘\é‘n
o o
Auto-segmented P ° o o o

volume

L ]

Initial ® —»0 Scenario 2 Scenario 5 Scenario 8

scenario

L ]

] Scenario Scenario
Scenario G 9

L] L] 3

Figure S1: lllustration of deformation scenarios for a 2D case with 4 control points (red dots on the
figure). Here, by making control point displacement in 3 directions and 3 amplitudes we obtained 9
deformation scenarios.
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2. S2.Dose prediction model.

Figure 33 illustrates the structure of the HD-UNET used for the dose prediction.
There are 9 input channels: 1 for dose prescription mask, which consists of the
prescription dose for the voxels inside the PTV prostate (60Gy), PTV seminal
vesicles (48Gy) and O for voxels outside; and 7 for the OARs (the anal canal,
bladder, rectum, left femoral head, right femoral head, bowel and penile bulb).
Convolutional operations were performed with 16 filters and max-pooling was
used to lower the resolution by a factor of two (2x2x2).

The dose distribution matrix, and OAR masks were interpolated to the CBCT grid.
Our HD-UNET was trained using image patches with a size of [320 x 320 x 64].
Data were augmented by flipping training data in the left-right direction to double
the dataset size. We trained it for 200 epochs and kept the model weights of the
last computed epoch.
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3. S3,10C details.
The a values used as weight for IOC computations are depicted on Table S3. Those
were computed on the 180 fractions also used as training data for the DCNN dose
prediction. When the dose objectives were well met, a; were halved.

Table S3: a values for IOC computations for each of the considered metrics.

Volume Metric a Metric
condition
to use a/2

CTV D98% 1.78 >58.8Gy

prostate

CTVv D98% 1.90 >47.04Gy

seminal

vesicles

PTV D95% 131 >57Gy

prostate

PTV D95% 1.69 >45.6Gy

seminal

vesicles

Rectum D1% 1.65 <59Gy

V52Gy 0.56 <8Gy
V30Gy 0.37 <25Gy

Anal canal D1% 0.49 <59Gy
Bladder D1% 1.76 <59Gy
V50 0.28 <12Gy
V40 0.20 <15Gy

4. S4, Aggregation process of IOC values.
Figure S4 illustrates the aggregation process of the different I0C according to their
deformation scenario. The aggregation process begins with the Ilowest
deformation amplitude. The space is filled with the IOC value of each deformation
scenario. When deformed masks overlap, the space is filled with averaged 10C.
Once all the deformation scenario of the deformation amplitude has been used,
the filled voxels are locked and can no longer be updated. The process continues
with the deformation scenarios of the second lowest deformation amplitude and

so on.
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Deformation Deformation
amplitude: x1 amplitude: x1.5
10C=2.0
i 10C=3.0
10C=1.0 10C=4.0
i 10C=2.0
/ I’
W3
o} H o S
dfk & N &r" 10C= 45
A \éj /
é;»"' P A g0
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d?

Figure S4: Illustration of DIVE-map aggregation for 3 directions of deformation and 2 amplitudes.
Bolded 10C values are computed following the presented formula, italic ones are I0C average of
overlapping scenarios. Once all the computations for an amplitude are done, all the updated voxels
are locked. Those are represented by the red I0C values. Then, computations for the following
deformation amplitude are performed and so on. Note that here in this example, contours color only
helps to differentiate the scenarios and does not represent any dosimetric value.

5. S5, Amount of corrections per fraction and patient

This appendix reports the detailed results for the number of corrections indicated
by the DIVE-map per fraction, patient, organs (bladder and rectum), and
considered threshold (t). Table S5 and S6 present the corrections with respect to
the number of voxels (l.e. a value equal to 100% means that the DIVE-map
indicates to correct 100% of the voxels); while Tables S7 and S8 present the
corrections with respect to the number of slices (l.e. a value equal to 100% means
that the DIVE-map indicates to correct 100% of the slices).
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Threshold
Fraction 1 15 2
Patient 1 1 99.82 78.37 75.20
2 100.00 73.09 61.50
3 94.59 59.52 7.57
4 100.00 82.54 79.64
5 100.00 76.58 76.58
6 92.28 71.57 30.33
7 100.00 65.78 50.10
8 66.06 15.82 0.00
9 89.81 42.08 24.38
10 81.02 81.00 48.11
Patient 2 1 75.78 75.17 74.61
2 74.07 46.52 46.52
3 0.00 0.00 0.00
4 41.54 41.54 41.54
5 47.10 0.00 0.00
6 39.89 27.51 17.56
7 77.97 66.12 13.33
8 59.29 24.20 6.33
9 72.96 56.47 56.47
10 50.78 50.78 20.60
Patient 3 1 58.93 40.41 0.00
2 58.31 13.73 0.00
3 87.09 81.64 68.24
4 0.00 0.00 0.00
5 41.74 0.00 0.00
6 68.02 26.40 0.00
7 77.63 63.86 32.48
8 47.09 0.00 0.00
9 66.85 13.35 13.35

10 46.83 0.00 0.00
Table S34: details of discarded corrections in term of relative rectum correction voxels. A value of
100% indicates that all corrections were operated while 0% indicates that all corrections were
discarded.
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Threshold
Fraction 1 15 2
Patient 1 1 39.19 0.00 0.00
2 55.71 37.70 12.87
3 98.36 91.20 13.33
4 80.54 36.40 0.00
5 86.25 58.02 0.00
6 51.06 29.52 0.00
7 49.31 34.62 0.00
8 80.96 21.31 12.02
9 61.43 47.30 6.49
10 99.31 87.38 11.67
Patient 2 1 0.00 0.00 0.00
2 0.00 0.00 0.00
3 0.00 0.00 0.00
4 0.00 0.00 0.00
5 8.81 0.00 0.00
6 17.98 0.00 0.00
7 15.66 0.00 0.00
8 19.30 0.00 0.00
9 10.72 0.00 0.00
10 0.00 0.00 0.00
Patient 3 1 91.57 74.66 74.66
2 96.63 93.70 90.16
3 87.05 80.91 77.53
4 97.07 94.37 87.10
5 91.15 84.49 73.13
6 49.20 34.29 34.29
7 88.15 83.42 65.09
8 75.92 65.29 59.66
9 88.35 80.91 80.91

10 92.49 83.63 80.70
Table S35: details of discarded corrections in terms of relative bladder correction voxels. A value of
100% indicates that all corrections were operated while 0% indicates that all corrections were
discarded.
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Threshold
Fraction 1 1.5 2
Patient 1 1 78.38 51.35 43.24
2 100.00 60.00 50.00
3 72.22  38.89 11.11
4 100.00 68.18 63.64
5 100.00 63.64 63.64
6 77.78 55.56 22.22
7 100.00 50.00 20.00
8 43.75 6.25 0.00
9 66.67 37.04 33.33
10 61.54 53.85 30.77
Patient 2 1 69.23  53.85 46.15
2 56.25 37.50 37.50
3 0.00 0.00 0.00
4 40.00 40.00 40.00
5 38.46 0.00 0.00
6 5294 35.29 29.41
7 52.63 47.37 21.05
8 41.46 14.63 7.32
9 42.86 35.71 35.71
10 47.06 47.06 11.76
Patient 3 1 42.86  28.57 0.00
2 50.00 12.50 0.00
3 53.12 46.88 37.50
4 0.00 0.00 0.00
5 28.57 0.00 0.00
6 35.71 14.29 0.00
7 71.43 57.14 28.57
8 33.33 0.00 0.00
9 50.00 12.50 12.50
10 20.00 0.00 0.00

Table S36: details of discarded corrections in terms of relative rectum correction slices. A value of
100% indicates that all slices initially corrected were corrected by DIVE, while 0% indicates that no
slice was corrected by DIVE.
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Threshold
Fraction 1 15 2
Patient 1 1 12.00 0.00 0.00
2 48.15 14.81 3.70
3 90.91 63.64 9.09
4 47.37 15.79 0.00
5 64.29 21.43 0.00
6 37.14 14.29 0.00
7 31.58 10.53 0.00
8 51.85 11.11  7.41
9 32.43 21.62 2.70
10 88.89 61.11 5.56
Patient 2 1 0.00 0.00 0.00
2 0.00 0.00 0.00
3 0.00 0.00 0.00
4 0.00 0.00 0.00
5 3.45 0.00 0.00
6 6.90 0.00 0.00
7 7.14 0.00 0.00
8 6.06 0.00 0.00
9 3.23 0.00 0.00
10 0.00 0.00 0.00
Patient 3 1 67.86 39.29 39.29
2 68.97 58.62 51.72
3 59.38 50.00 46.88
4 84.00 76.00 64.00
5 48.48 33.33 24.24
6 21.05 10.53 10.53
7 62.96 55.56 40.74
8 46.43 35.71 32.14
9 75.00 66.67 66.67

10 60.00 43.33 40.00
Table S37: details of discarded corrections in term of relative bladder correction slices. A value of
100% indicates that all slice initially corrected were corrected by DIVE, while 0% indicates that no
slice was corrected by DIVE.
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6. S6. performances of the dose prediction model.

This appendix reports performance metrics comparing the dose distributions
provided by our model and the ETHOS system (ground truth doses) for different
cases: scenarios with raw (uncorrected) auto-segmented contours; scenarios with
ground truth contours (auto-segmented by ETHOS and corrected by clinicians),
and scenarios where selected (extreme) deformations were applied to contours,
used later to generate the DIVE map.

1) Performance on raw (uncorrected) auto-segmented contours and ground
truth contours (auto-segmented by ETHOS and corrected by clinicians)

Table S9 and S10 report the mean absolute error of our dose prediction model in
metrics involved in the IOC computation for scenarios with raw auto-segmented
and ground truth contours, respectively. Globally, the errors are quite low as well
as the standard deviation: all metrics (except rectum V30Gy for ground truth
contours, Table S10) show a mean absolute error below 2Gy. An example of DVH
for predicted dose against ground truth dose for a raw auto-segmented case (no
correction at all) is displayed in figure S11. On this example, the dose to the penile
bulb presents some discrepancies due to the small volume of such organ.
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Table S9: Mean absolute error of our dose prediction model for dose-volume metrics involved in the
computation of the 10C over the 30 fractions with raw auto-segmented contours.

Volume Metric Mean Absolute Error (| Ground
truth — dose prediction|)
CTV prostate D98% (Gy) 0.74+0.62
CTVseminal  D98% (Gy) 0.26 +0.41
vesicles
PTV prostate D95% (Gy) 1.26+0.83
PTV seminal D95% (Gy) 0.55%0.74
vesicles
Rectum D1% (Gy) 0.21+0.35
V52Gy (%)  1.59 £1.02
V30Gy (%) 0.77 £3.79
Anal canal D1% (Gy) 0.14+1.21
Bladder D1% (Gy) 0.21+£0.30
V50Gy (%)  0.65 +0.92
VA0Gy (%) 0.93+1.39

Table S10: Mean absolute error of our dose prediction model for dose-volume metrics involved in the
computation of the 10C over the 30 fractions with ground truth contours (auto-segmented + manual

correction).
Volume Metric Mean Absolute Error (| Ground
truth — dose prediction|) (Gy)
CTV prostate D98% (Gy)  0.55+0.55
CTVseminal D98% (Gy) 0.14+0.32
vesicles
PTV prostate D95% (Gy) 0.96+0.84
PTV seminal D95% (Gy) 0.36%0.68
vesicles
Rectum D1% (Gy) -0.06 £0.53
V52Gy (%) 1.68+1.81
V30Gy (%) -2.42 £ 6.56
Anal canal D1% (Gy) 0.24+1.05
Bladder D1% (Gy) 0.18 £0.35
V50Gy (%) -0.17+£1.93
VA0Gy (%) -0.98 £3.28
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Figure S11: example of DVH for a predicted dose against ground truth dose for auto-segmented
contours.

2) Performance on deformed contours

To illustrate the performance of our dose prediction model on scenarios with
deformed contours, we start with an example of a deformed bladder and rectum
and their corresponding DVHs in Figure S12 and S13, respectively. The applied
deformation in both cases is the largest one used for these volumes in the
posterior direction during the DIVE-map generation. We can notice a decrease in
the quality of dose prediction for such a large deformation scenario. The main
reason is probably that those deformed contours are very different to what can
be found in the training database, where only non-deformed contours were
included. However, what truly matters for this study is the difference in relevant
dose-volume metrics, i.e. the quality of the I0Cs associated to the predicted dose
(see Figure S14). Indeed, extracting dose prediction performance metrics over all
the deformation scenarios is too time consuming, since it requires to generate a
ground truth dose with the ETHOS system for each scenario: 162 per DIVE-map,
thus 324 per fraction. Instead, we propose to illustrate the types of problems that
can arise when computing the I0C with predicted doses on deformed contours.
We generated large deformations for the 6 spatial axis and analyzed the 10C
corresponding to the predicted doses with respect to ground truth ones.
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On the left side of figure S14 (bladder I0C), we can notice a large over-estimation
of the 10C for predicted doses on contours with a large deformation in the caudal
direction (#6). In such direction the bladder is expected to cover a significant part
of the PTV, a large dosimetric change would then logically be observed to
minimize as possible the dose to the bladder (as it was predicted by the dose
prediction model). However, Ethos IOE ended up with a noticeably smaller
dosimetric change. This could indicate that in such situation, there might not exist
any good large dosimetric change that could strongly decrease the dose to
bladder while not compromising other optimization goals. Such IOE behavior
might thus not be correctly learned by the dose prediction model. On the
contrary, on the right side of figure S14 (rectum I0OC), we can notice the under-
estimation of the 10C for deformations on the posterior and anterior directions
(#1 and #2). Deformation in the posterior direction might cause to create a large
proportion of rectum far from PTV, allowing the IOE to actually deliver more dose
to the rectum to help satisfy other optimization goals. For the anterior direction,
this deformation could cause to increase the volume of rectum in the high dose
levels region. Given the rectum high priority of optimization, the optimizer might
try to find another existing dose distribution in order to spare at most this
deformed rectum. Again, these behaviors and/or the amplitudes of the dosimetric
changes are not well learned by the dose prediction model for such large
deformations.

Large 10C over-estimation might cause unnecessary corrections, while under-
estimation might cause to discard relevant corrections. Although large errors in
computing 10C from predicted doses do appear, our DIVE-map nevertheless
showed quite good results. This might be explained first by the I0C aggregation
method we used. Indeed, the aggregation consists in spatially averaging the
different 10C where their corresponding deformation mask overlap. Such
averaging could cause to mitigate the isolated I0C errors, thus making the DIVE-
map more robust against dose prediction errors.

However, this averaging effect does not explain why our results did show some
unnecessary corrections in specific slices while all important slices with
dosimetrically relevant corrections were detected (considering threshold t=1.5).
That could be explained by a second element: the corrections method used in this
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study, i.e. full correction of the slice when any misclassified voxel' has a DIVE
value greater than t. For a given slice, the region with misclassified voxels often
spatially overlaps with several deformation scenarios. Consequently, since a single
misclassified voxel with value higher than t can trigger the whole slice correction,
I0C under-estimation for isolated deformed scenarios did not impact the whole
correction process itself, as long as there exists other scenarios in the region
where the 10C is not under-estimated. However, if one wishes to operate intra-
slice corrections, the current quality of our dose prediction could prove to be not
sufficient to detect dosimetrically relevant corrections.

To achieve higher robustness in the computation of the I0C from predicted doses,
several options are possible. For instance, one could add some ground truth doses
for scenarios with deformed contours in the training of the dose prediction
model. Another possibility could be to replace the dose prediction model by a real
auto-planner (like the Ethos IOE) in the DIVE generation process. The dose
distributions for deformed scenarios would be generated much slower than with
dose prediction, but there will be no associated uncertainty in dose distribution.
In addition, after generating DIVE-maps with ground truth doses for several
treatment fractions from several patients, one could build a large database and
use it for training a DCNN model (e.g. an HD-UNET) to directly predict DIVE-map.
This would generate a DIVE-map in a matter of seconds and thus solve the timing
problem, although in this case there will be an uncertainty associated to the
predicted DIVE-maps instead of the predicted doses.

1 From section 2.3, we define a “misclassified” voxel when the auto-segmenter did not
assign the correct label to this specific voxel: either auto-segmentation considered this
voxel as belonging to the nearby OAR while it should not or, conversely, auto-
segmentation did not include this voxel into the OAR while it actually belongs to it.
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1. S1 Details on robust evaluation

Table S1 present the worst-case value on the Dmean for the different anatomical

volumes.
Volume Metric Dosimetric-adaptation

minus Reference

Mean (Gy) Range (Gy)
CTV, Dos -0.43 [-0.76,-0.19]
CTV, D, 0.42 [-0.12, 0.95]
CTV, Dog -0.42 [-0.68, 0.00]
CTV,high Dog -0.31 /
CTVon_nigh D, 0.37 /
SC Dimax -1.02 [-3.12,1.29]
Body Dicc 0.78 [-0.36, 1.93]
Mandible Drmean 0.26 [-8.06, 4.11]
Parotid Left Dmean 0.51 [-1.70, 1.88]
Parotid Right Dmean 0.48 [-0.60, 2.33]
Thyroid Dmean -0.47 [-3.00, 1.45]
Esophagus Dmean -0.88 [-4.67, 3.66]
Larynx Dmean 0.83 [-0.51, 2.37]
Oral cavity Dimean -0.41 [-3.57,1.27]

Table S1: Critical dose volume-metrics difference between efficiently-adapted plans and reference
plans on CT2 for worst case. SC: spinal cord.
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2. S2 Details on spots selection criteria
Table S2.1 provides the size of the selected subset of spots for the different
selection criteria. S1 refers to our first selection criterion, i.e. of the smallest
subset of spots carrying at least 65% of the total spot weight; S2 refers to our

. . dF .. o .
second selection criterion, p > t; original criterion (OC) refers to the one use in
i

the original paper from Botas et al., the smallest subset of spots carrying at least
50% of the total spot weight. We can notice that the combination of both S1 and
S2 (S1+S2) led to a larger spot selection than with OC.

Table S2.1: Spot selection according the different criteria. First column refers to the selection of the
smallest subset of spots carrying at least 65% of the total spot weight. Second column refers to the
spot selection when adding the second criterion to the first one. Third column refers to the spots that
would be selected if the same criterion than reference paper from Botas et al. would have been
chosen, i.e. the smallest subset of spots carrying at least 50% of the total weight.

% spots kept after % spots kept after % spots selection
selection of initial S1 and objective Botas et al.

weight (S1) function  gradient criterion (OC)
constraint (51+S2)
P1 55.6 46.6 39.8
P2 57.5 46.8 42.1
P3 53.6 47.4 38.1
P4 50.7 48.0 35.5
P5 55.2 49.5 39.7
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Table S20.2: Dose volume-metrics difference between efficiently-adapted plans and reference plans
on CT2 for nominal case. SC: spinal cord

Volume Metric smart-adaptation OC-adaptation

minus Reference minus Reference

Mean (Gy) Range (Gy) Mean (Gy) Range (Gy)
CTV, Dog -0.25 [-0.59,0.06] -0.27 [-0.65, 0.10]
CTV, D, 0.24 [-0.05,0.66] 0.21 [-0.04, 0.79]
CTVh Dos -0.38 [-0.50,-0.07] -0.44 [-0.60, -0.29]
CTVh,high Dos -0.41 / -0.20 /
CTVh,high D2 -0.03 / 0.03 /
SC Drmax -1.74 [-4.97,1.16] -0.95 [-4.75, 2.22]
SC Dmean  -0.07 [-1.60,0.80] 0.35 [-0.50,1.87]
Mandible Dmean  -0.29 [-8.70,4.39] 0.22 [-8.84,4.61]
Parotid_L Dmean  0.00 [-3.56,1.87] -0.07 [-3.46, 2.26]
Parotid_R  Dmean 0.66 [-0.75, 2.76] -0.08 [-1.90, 2.11]
Thyroid Dmean  -0.12 [-2.70,1.67] -0.42 [-2.71, 1.22]
Esophagus Dmean  -1.11 [-3.87,2.06] -1.7 [-3.94, 1.40]
Larynx Dmean  0.67 [-1.34,2.49] 0.96 [-1.25, 3.42]
Oral Dmean -0.40 [-4.13, 1.20] -0.38 [-3.95, 1.14]
Cavity

Table S2.3: Critical dose volume-metrics difference between efficiently-adapted plans and reference
plans on CT2 for worst case. SC : spinal cord

Volume Metric smart-adaptation OC adaptation minus
minus Reference Reference
Mean (Gy) Range (Gy) Mean (Gy) Range (Gy)
CTV, Dss -0.43 [-0.76,-0.19] -0.61 [-0.90, -0.32]
CTV, D, 0.42 [-0.12,0.95] 0.56 [-0.17,1.27]
CTV, Dss -0.42 [-0.68,0.00] -0.64 [-1.12,-0.27]
CTVhhigh Dog -0.31 / -0.49 /
CTVh_high D, 0.37 / 0.49 /
SC Drmax -1.02 [-3.12,1.29] -0.32 [-1.88, 1.90]
Body Dicc 0.78 [-0.36,1.93] 0.85 [-0.29, 2.05]

Table S2.2 is the extension of table 2 with additional dosimetric value achieved
with the OC criterion for nominal case. Table S2.3 is the table 3 with additional
dosimetric value achieved with the OC criterion for worst-case.
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While there is not much difference between our selection criteria (S1+52) and the
original one (OC) on the nominal case as illustrated on table S2.2, for the worst-
case scenario on table S2.3, dosimetric gap between both approaches is a bit
larger. OC consistently provided a less homogeneous target coverage, a higher
Dmax to SC and D1cc to body.

Such dosimetric differences were sometimes enough to fall below expected
minimal target coverage i.e >66.5Gy for CTV, and >51.54Gy for CTV,, while it was
not the case for the S1+S2 selection. Indeed, for CTV, coverage 1/5 patient met
the target coverage goal, for CTV,, 2/5 and for CTVpnigh 0/1.

While the OC selection could theoretically lead to faster optimization due to fewer
selected spots, the dosimetric quality seemed to be a bit on the edge of clinical
acceptability according to our investigation. This explains why we slightly
increased the selection threshold to 65% of the total spot weights, while still
trying to refine it a bit with the second criterion we proposed.

Although S1+S2 showed improved dosimetric quality, future studies should
evaluate whether other thresholds for S1 and S2 might be more appropriate.
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