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Abstract

The goal of radiation therapy is to deliver a sufficient dose to cancer cells while
keeping the exposure of healthy tissue as low as possible to avoid toxicity. Con-
ventional radiotherapy has benefited from technological advances to deliver more
conformal doses to the tumor, yet these techniques are still constrained to the
natural interaction of photons with matter. Unlike photons, protons slow down as
they pass through the patient, releasing most of their energy at the end of their
trajectory in the form of what is known as the Bragg peak. By taking advantage
of this feature, it is possible to precisely localize the dose peaks in the tumor, re-
ducing the exposure of surrounding healthy tissue. Radiation therapy treatments
are planned based on a pre-treatment image to simulate the patient’s anatomy.
However, patients are not static, and variations in the anatomy, such as weight
loss, are frequent during a treatment course of several weeks. Proton therapy
is especially sensitive to anatomical changes along the proton beam path, which
alter the position of the Bragg peaks and can strongly deteriorate the initially
planned dose. The adaptation of the initial plan is therefore required to preserve
the quality of the treatment. Online adaptation in proton therapy, with the pa-
tient in the treatment position, aims to provide a rapid response to anatomical
changes to compensate for proton dose distortions ensuring accurate treatment
delivery. In this thesis, we investigate different strategies to automatically perform
online adaptation to facilitate its clinical implementation in proton therapy. Even-
tually, online adaptation would allow clinicians to achieve greater control over the
delivery of conformal proton dose distributions, reducing toxicity and improving
patients’ quality of life.
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Chapter 1

Introduction

The present chapter (Chapter 1) introduces the general context, motivation, and
contributions from the author, followed by a description of the state-of-the-art
in proton therapy and adaptive radiation therapy. This chapter helps the readers
to have a general overview of the research field before losing themselves in the
following chapters, where the author’s contributions are presented in detail.
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1.1 Context and motivation of the thesis

The last study of the GLOBOCAN indicated that there were 19.3 million new
cancer cases and almost 10 million deaths in 2020. GLOBOCAN also projects
an increase of 47% of cancer cases worldwide for 2040 and states cancer as an
important cause of morbidity and mortality in every world region irrespectively
to the level of human development [1]. However, it is not all bad news; when
correction for population growth and aging is applied to the cancer data, the
resulting age-standardized death rate has globally fallen by 15% from 1990 to
2019 [2]. It seems that the world is slowly progressing in the fight against cancer.
This data is consistent with well-known trends like the smoking rate declining
across the world and the 5-year survival rates that increased due to the earlier
detection and the improvement of treatment techniques [3, 4.

A large number of resources are devoted to the development of new technologies
in cancer treatment [5, 6]. Currently, the most widely used are surgery, radiation
therapy, and chemotherapy, and to a lesser extent also, immunotherapy or new tar-
geted treatments. All these possible treatments can be used as the only treatment
or in combination with others. Surgery and most radiation therapy techniques are
local treatments, while drug treatments (such as chemotherapy and immunother-
apy) are systemic treatments that can affect the entire body. Therefore, radiation
therapy has the advantage of being local (i.e., only targeting a specific area of the
body) and less invasive since it does not require surgery.

Although it is difficult to give a concrete number due to the large differences
between countries in Europe, around 50% of all patients diagnosed with cancer
benefit from radiotherapy, being this percentage sub-optimal in most of the cases
[7]. Moreover, the number of needed radiotherapy treatment courses is expected
to keep increasing in the next years [8, 9].

Cancer cells grow and divide at an abnormally rapid rate due to their unregulated
proliferation. Radiation therapy uses high-energy X-rays or particles to damage
the cancer cell's DNA. These ionizing radiations produce various DNA lesions
responsible for cell death. However, the radiation must reach the tumor cells
affecting the healthy tissue along its path. The superior growth and division rate
of cancer cells causes their reparation mechanisms to fail. Thus, cancer cells are
more easily destroyed by radiation, while healthy cells are more capable to repair
themselves and survive the treatment. Therefore, the main goal in radiation
therapy is to reduce the exposure of healthy tissue as much as possible while
keeping a dose to the tumor sufficiently high to ensure the eradication of tumor
cells. In a nutshell, radiation therapy is always seeking the compromise between



CHAPTER 1. INTRODUCTION 3

the highest dose to the tumor and the lowest dose to healthy tissues.

The total dose of radiation can be divided into smaller doses over several days
to reduce toxicity. A conventional fractionation scheme for a prescribed dose
of 60 Gy is divided into 30 fractions (days) of 2 Gy each [10]. Fractionation
allows the desired dose to be administered to the tumor while protecting healthy
tissue. The tendency to hypo-fractionation (higher doses in fewer fractions) is
rising since long treatment courses are costly and can represent a burden for the
patients. Moreover, higher doses could be more efficient against radio-resistant
tumors. Another way of enlarging the benefit of radiation therapy is to improve
the technology to sculpt the dose to the tumor with a more conformal shape [11].
The more we can avoid the healthy tissue, the less toxicity and the more room for
dose escalation, allowing for higher tumor control probability (TCP).

A large number of patients are treated with photons as ionizing radiation, which
is known as conventional radiotherapy. This technology has advanced consider-
ably from the mid-20th century to the present day achieving high-quality treat-
ments with improved dose conformity and healthy tissue sparing, such as intensity-
modulated radiation therapy (IMRT), volumetric-modulated arc therapy (VMAT)
or Stereotactic Body Radiation Therapy (SBRT). However, the photons’ maxi-
mum dose is located close to the entrance of the body and followed by a smooth
exponential decrease. Therefore, photons can damage healthy tissue before and
after they reach the tumor. On the contrary, charged particles like protons deliver
the maximum dose at the end of their path (i.e., where they stop), following the
Bragg peak shape (Figure 1.1).

This physical property associated with protons (i.e., the Bragg Peak) entangles
a reduced dose at the entrance and almost no dose after the tumor. Dosimetric
advantages, toxicity reduction, and lower radiation therapy side effects can be
achieved using proton therapy [13, 14]. However, this major advantage is also
one of the biggest challenges. For a specific proton energy, the Bragg Peak
position will depend on the density of the traversed matter. Therefore, density
changes in the tissues before the target can substantially alter the Bragg peak
location (where the proton stops and deliver the maximum amount of energy),
compromising the planned dose [15, 16, 17] (see Figure 1.2). This uncertainty
in the range of the proton beam, also known as range error, is a relevant issue
that needs to be tackled in proton therapy. Although there are other sources of
treatment uncertainties that can induce range errors [18] (i.e. patient positioning,
dose calculation approximations, organ motion etc.) anatomical changes have a
major impact.
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Figure 1.1: Dose deposition for conventional radiotherapy with photons versus proton therapy.
Photon dose deposition in depth (yellow line), a mono-energetic proton beam dose deposition
(dashed blue line), spread-out Bragg-Peak (SOBP) built from different proton energies to cover
the tumor in depth (blue line). [12].

Anatomical changes have to be addressed in both conventional radiation therapy
and proton therapy [20]. This is mainly due to the generation of the radiation
therapy plan based on a patient image which is acquired several days before the
treatment starts. Patients are not static; therefore, the optimal dose for a specific
anatomy could be sub-optimal when delivered in a different anatomy a few weeks,
days, or hours later. One way to ensure an accurate radiation therapy delivery (i.e.,
adequate dose to the tumor and no extra dose to the healthy tissue) is adapting
the initial plan during the treatment course. In adaptive radiation therapy (ART),
repeated patient images are regularly acquired to monitor anatomical changes and
update the treatment plan accordingly. Although anatomical changes are not a
proton-specific problem, proton dose distributions are much more sensitive to such
variations due to the additional range errors. In the domain of photon radiotherapy,
dose stability can be assumed when density changes like tumor shrinkage or weight
loss occur. However, it is not always the case in proton therapy [21, 15, 16]. This
is often translated into an increased need for treatment plan adaptation, especially
in heterogeneous locations where anatomical changes are likely to happen, like in
lung and chest [22, 23, 24] or in head and neck regions [25, 26].
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Figure 1.2: On the left, dose distortions in the presence of tumor shrinkage after several weeks.
On the right, scheme of how the distortion is caused by the miss-placement of the planned Bragg
Peaks due to the density changes in the proton path. Adapted from [19]

There are two main adaptation branches based on the involved timescales: on-
line and offline. For online adaptation, from the moment a repeated image of the
patient is acquired until the treatment is delivered, the patient remains on the
treatment table at the treatment position. On the contrary, in a typical offline
adaptation, a single re-planning intervention can take a few days in the clinical
setting.

Offline adaptation has been available for a long time now. It has demonstrated
clinical benefits and outcomes when applied in photon therapy [27, 28, 29], and
it is a clear necessity in proton therapy centers [26, 30, 22]. However, not all the
centers have the resources in time and human workers to implement cumbersome
offline adaptation workflows with the frequency required for proton therapy. Ad-
ditionally, anatomical changes, such as nasal cavity filling or air pockets, occur
quite often in some locations (e.g., head and neck and pelvic regions) and can
only be fully accounted for with online adaptive proton therapy (APT). Commer-
cial solutions such as MR-Linacs and the Ethos system have become available
for online ART and are generating clinical evidence about their potential bene-
fits [31, 32]. The clinical implementation of online APT could compensate for
inter-fractional anatomical changes by reducing (or even bypassing) the tedious
offline adaptation workflows. However, not equivalent tools to the ones in photon
therapy are available today for clinical use in proton therapy. The complexity of
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the labor, the time-intensive workflow, and the lack of automation are some of
the reasons hampering the widespread deployment of online APT in clinics. The
main objective of this thesis is to contribute to the pathway towards the clini-
cal implementation of online APT by proposing and evaluating fully automated
proton planning workflows that could serve this purpose.

Following the idea of achieving a stable dose distribution also in proton therapy
despite of density changes during treatment, online APT strategies based on the
restoration of the dose have been proposed [33, 34]. The idea is to keep the
planned dose distribution stable in every fraction by generating new (restored)
adapted plans in a fully automated way and with minimal physician’ involvement.
The hypothesis is that dose restoration could already solve an important number
of adaptations. The more we reduce the need for offline adaptation, the better
for the patient (no delays in the treatment), and also for the service, less need
of human resources. Therefore, dose restoration solutions will be studied in this
thesis as a possible way to clinically implement online APT. However, although
dose restoration could potentially reduce the need for offline adaptation to num-
bers more typical of conventional radiotherapy, it has the intrinsic constraint of
not resolving non-rigid anatomical changes that would also require adaptation in
photon treatments. The limitations of the method and the search for alternative
solutions are also relevant topics of this work.

With the arrival of artificial intelligence (Al) in the radiation therapy field, fast
and automated solutions have been proposed for automatic treatment planning.
The generation of a completely new plan assisted by Al could make the planning
workflow compatible with an online adaptation setting. Automated photon treat-
ment planning using machine learning (ML) dose prediction followed by a plan
optimization, known as dose-mimicking [35, 36], is one of the described pipelines
in the literature. The potential of such tools for automatic proton planning to
enable online APT will be also addressed in this thesis.

1.2 Overview of radiation therapy

Radiation therapy aims at eradicating cancerous cells causing DNA damage to
induce cell death. The delivery of radiation therapy can be performed with different
techniques. If the source is located inside the patient directly in contact with the
tumor - internal radiotherapy - we refer to it as brachytherapy. Radioactive seeds
can be implanted in the patient or introduced and removed (after and during
treatment delivery) using catheters. In the case of nuclear medicine therapy,
radiopharmaceuticals can also be injected into the patient. These drugs have the
ability to migrate and get attached to the tumor to locally deposit the ionizing
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radiation they emit. In the case of external radiotherapy, which is by far the
dominant modality [37], tumor cells are irradiated with ionizing radiation generated
by a particle accelerator. Conventional radiotherapy treatments use high-energy
photon beams because of their simplicity and cost-efficiency. However, the interest
in other particles, such as proton or carbon ions [38], has increased in the last
years due to their particular interaction with matter, which can provide dosimetric
advantages (e.g., a more conformal dose to the target and OAR sparing) [39, 40].
These benefits are crucial in external radiation therapy since its main objective is
to find for every patient the best compromise between a sufficient dose delivered
to the target and a low dose deposited in the healthy tissue. This is also known
in radiation therapy as the ballistics problem.

1.2.1 A ballistic problem: TCP against NTCP

The tumor control probability (TCP) is defined as the probability that all can-
cerous cells will be killed for a given dose deposited in the tumor. Similarly, the
normal tissue complication probability (NTCP) is defined as the probability that
a given dose to a specific OAR will lead to complications due to the toxicity of
radiation.

A TCP curve is created by plotting some measure of tumor control probability
against the total dose. A TCP curve is characterized by a sigmoid shape, in
which there is little dose response at very low or very high doses and a steep
dose response at intermediate doses. An NTCP curve is constructed the same
way as a TCP curve by plotting the probability of normal tissue injury against
the dose. The therapeutic window is a figurative space between treatment failure
and toxicity. The larger the window, the more likely the treatment is to be safe
and effective. In order to optimize the outcome of the patient treatment, the
delivered dose should therefore maximize the TCP, while keeping the NTCP as
low as possible. However, due to the proximity of TCP and NTCP curves, this is
not easily achievable in practice.

Several mechanisms can be implemented to modify the TCP and NTCP curves,
such as using radio-sensitive and radio-protector drugs [41, 42]. It has also been
shown that delivering the treatment using very high dose rates also has a radio-
protector effect [43], known as the FLASH effect. Finally, the treatment delivery
in several fractions [44] and the development of more conformal treatment delivery
techniques to spare the maximum amount of healthy tissue (e.g., proton therapy)
are also parameters the clinicians use to improve the therapeutic window.
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Figure 1.3: The tumor control probability (in red) and normal tissue complication probability
(in green) are represented by sigmoid functions. The optimal dose should maximize the TCP and
minimize the NTCP. Adapted from [41]

1.2.2 Fractionation

Fractionation in the context of radiotherapy is the process of dividing a dose
of radiation into multiple “fractions”. This practice seeks to maximize the de-
struction of cancer cells while minimizing damage to healthy tissues. The main
mechanisms which represent the rationale behind fractionation are outlined below.

e Redistribution: The radio-sensitivity of cells depends on their stage in the
cell cycle. At the moment of treatment delivery, cancer cells are at different
points in the cycle. Therefore, delivering the entire dose in a single fraction
would be ineffective against a portion of the tumor cells. Dividing the
total dose of radiation into multiple fractions maximizes the probability of
irradiating cells when they are in the most radiosensitive period of their cell
cycle.

e Re-oxygenation: When tumor cells are hypoxic, they are less susceptible
to the indirect effects of radiation. Fractionated radiotherapy allows cells
that are closer to sources of oxygen to be killed first. During the interme-
diate time between fractions, relatively hypoxic cells have the opportunity
to improve their oxygen supply. These cells will then be more sensitive to
subsequent doses of radiation in the following fractions.
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e Repair: Normal cells have an increased ability to repair DNA damage com-
pared to tumor cells. Therefore, splitting the total radiation dose gives
healthy cells the opportunity to repair this sublethal damage between frac-
tions. Meanwhile, cancerous cells with impaired DNA repair pathways are
less able to recover from radiation damage to their DNA.

The fractionation helps to achieve the primary goal of radiation therapy, which
is to deliver a homogeneous dose to the target volume while minimizing, as much
as possible, the dose deposited in the healthy tissue. Nevertheless, treatment
schedules are costly and can be inconvenient for patients. Alternatively, hypofrac-
tionated radiotherapy is delivered in fewer but higher dose fractions. The unique
physical interaction of protons (i.e., the Bragg Peak) brings the possibility to more
precisely target the tumor and allow for escalated dose delivery in hypofraction-
ated schemes [11, 45]. Nevertheless, the combination of hypofractionation and
proton therapy is quite challenging due to the increased dosimetric impact of pos-
sible anatomic variabilities for two main reasons. First, inter-fractional anatomical
changes could result in distorted proton doses, which would be even more critical
with increased doses per fraction. Second, since fewer fractions are delivered, the
delivery errors have fewer possibilities to be averaged out in other treatment frac-
tions. Therefore, hypofractionated schemes can potentially benefit from adaptive
approaches to ensure a safe treatment delivery at higher doses per fraction [46],
especially when combined with proton therapy.

1.3 Proton therapy

Proton therapy is far from being a new radiation therapy technique. The first
patients were treated at Berkley Radiation Laboratory in 1954, but it was not
until 1990 that the first clinical center dedicated to proton therapy opened in
California. Currently, there are 109 operating centers worldwide according to the
PTCOG statistics [47], 32 under construction and 29 in the planning stage. The
growth of proton therapy is remarkable. While in 2007 the number of patients
that benefit from proton therapy barely attained 50.000, in 2021 it was multiplied
by more than five getting close to 280.000.

1.3.1 Rationale for proton therapy

Proton therapy can create more conformal dose distributions around the tumor,
avoiding extra doses to the healthy tissue in the vicinity compared to photon
therapy (Figure 1.1). In the case of photons, after the first build-up region up to
the maximum energy posited, the dose falls off continuously through the patient’s
body due to the attenuation of the beam. On the contrary, protons deposit their
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energy following the Bragg Peak shape. Protons start to lose energy (i.e., to reduce
their speed), increasing the number of interactions with matter (ionisations) as
they get closer to being stopped inside the patient. At this point, the biggest
energy transfer (from proton to matter) occurs, delivering a peak of dose at the
end of their path at the Bragg Peak position. When protons are stopped (with no
energy left), no more ionization nor dose deposition occurs (Figure 1.1). Therefore,
the normal tissue after the tumor receives less dose when irradiating with protons
than it does with photons. Examples of the difference in proton and photon
dose distributions are shown in Figure 1.4 for craniospinal and brain locations.
Additionally, proton beams damage cell DNA in qualitatively different ways than
photons (X-rays) do. It has been estimated that protons result in approximately
10% more biological damage per unit dose than photons [48].

Proton therapy has been demonstrated to have multiple benefits due to its
particular physical interaction. It has the potential to minimize radiation exposure
of healthy tissue [49, 14] and improve the patient's quality of life because of
the reduced toxicity [13, 50, 51]. Moreover, proton therapy can provide a lower
integral dose per treatment to the patient [52], and it could potentially reduce
the risk of secondary cancers [53, 54]. Finally, the possibility of re-irradiation for
patients with recurring forms of cancer is widened with the use of proton therapy
[55].

1.3.2 Treatment delivery

In order to deliver the prescribed dose to the tumor, protons need to reach
the tumor inside the patient. The depth attained by the proton depends on
its energy and the traversed material. Protons with an energy of 70 and 230
MeV get to approximately a depth in the water of 4 cm and 33 cm respectively.
Protons need to be accelerated inside a cyclotron (or synchrotron) to reach such
energies. Afterwards, the accelerated protons are transported into the treatment
room through the beamline until they reach the treatment head (or nozzle) with
the desired energy to deliver a clinical 3D dose distribution. Passive scattering
(PS) and pencil beam scanning (PBS) are the two available technologies for proton
treatment delivery. PS uses patient and field-specific compensators to scatter the
proton beam, while in PBS magnetic fields steer the proton beam to scan the
desired area (Figure 1.5).
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Figure 1.4: Differences in proton versus photon dose distributions for craniospinal (A) and
brain (B) cases. Due to the proton dose deposition following the Bragg Peak shape (C), there is
almost no exit dose when irradiating with protons compared to photons. Adapted from [56]

Although the first proton centers were equipped with PS systems, nowadays,
new centers are mostly equipped with PBS systems as it is the most advanced
form of treatment delivery. Contrary to PS, PBS treatment delivery does not
require the use of patient-specific and field-specific compensators and collimators.
This eliminates treatment delays, reduces treatment time and costs, and increases
flexibility in delivery. Moreover, PBS reduces patient exposure to secondary ra-
diation, produced when the beam hits a device, which could cause secondary
malignancies [54]. PBS also enables intensity-modulated proton therapy (IMPT)
delivery combining Bragg-peaks with different energies from different beam an-
gles to achieve a more conformal dose to the tumor. IMPT has demonstrated its
superiority against PS and conventional radiotherapy in terms of dose conformity,
healthy tissue sparing, and degrees of freedom to shape the dose [58, 59].

PBS delivery can be especially challenging when mobile tumors are being treated.
The organ motion interferes with the dynamic delivery, introducing treatment un-
certainties on the Bragg Peak positions and, therefore, dose distortions with cold
and hot spots. This is known as the interplay effect. In this thesis, interplay
effects are disregarded. However, this problem has been studied extensively and
several publications have demonstrated that its dosimetric effects average out over
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Figure 1.5: : Proton delivery techniques: passive scattering (upper figure) versus pencil beam
scanning (lower figure). Adapted from [57].

the course of a conventionally fractionated treatment (i.e., 30 fractions) [60, 61],
yielding a conformal overall dose distribution at the end of the treatment. For
each individual fraction, interplay effects can be significantly reduced with simple
techniques such as rescanning [62, 63].

To cover the tumor in depth with PBS delivery, Bragg peaks of different energies
are superposed to form the so-called Spread Out Bragg peak (SOBP) (Figure 1.1).
The tumor is scanned in the beam direction by energy layers, starting with the
highest energy at the most distant layer (i.e., the deepest tumor region), Figure
1.5. The desired proton energy is attained differently depending on the accelerator
system. For example, in the cyclotron developed by IBA (lon Beam Applications
S.A., Louvain-La-Neuve, Belgium), the protons are always accelerated to the max-
imum energy (230 MeV). Their energy is degraded afterwards until the desired
value. The minimum energy that can be selected is 70 MeV, which corresponds to
a depth of 4 cm. If energies below this threshold want to be used to reach smaller
depths (under 4 cm), a piece of material, known as the range shifter, needs to
be inserted in the head of the accelerator. This device enables to decrease of the
energy of the beam down to a few MeV, which is convenient for superficial tumor
locations, such as tumors in the head and neck region close to the skin.
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To cover the tumor laterally, each energy layer is designed as a discrete scanning
grid of dose delivery positions (spots), Figure 1.6. The number of spots per layer
can vary a lot, from a few spots (less than 10) to more than a hundred. The
space between spots is typically around 3-5 mm, which leads to a total number
of spots, including all energy layers, that can reach several thousand for regular
tumor sizes.

a) PBS delivery scheme

Spot positions
xy)

Faces of dipole magnets Tumor

First magnet Second magnet [ T
(horizontal (vertical
scanning) scanning) Last layer First layer
(minimum (maximum
energy) energy)

b) Evolution of deposited dose for PBS treatment delivery

c) Example of spot map with x,y postions for the energy layer at 109 MeV in the beam eye view (BEV)

Figure 1.6: : (a) lllustration of the scanning grid energy layers and spot positions for PBS. (b)
Evolution of PBS dose delivery by energy layers. (c) An example of an IMPT treatment plan in
which the orange crosses correspond to the spot positions. Adapted from [64] and [65]
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1.3.3 Sensitivity to treatment uncertainties

Radiation therapy treatments are planned based on a pre-treatment computed
tomography (CT) image, which is supposed to serve as an estimation of the
patient’s anatomy. However, this CT image is often called planning-CT (pCT)
and is acquired several days before the treatment starts. Thus, the pCT does not
fully correspond to the real anatomy of the patient at every treatment fraction.
Such estimation of the patient anatomy, together with the characteristics of proton
therapy (e.g., the steep dose gradient and the Bragg Peak), makes this modality
particularly sensitive to variations (i.e., uncertainties) that occur between and/or
within fractions. In this section, the concept of treatment uncertainty will be
introduced. A special focus will be put on proton range uncertainties which are
specific to proton therapy. Other sources of treatment uncertainty will be discussed
further in the manuscript when describing the proton treatment workflow in depth
(see section 1.4).

In radiation therapy, uncertainties are usually divided into systematic errors (X)
and random errors (o) [66, 67]. Errors can be defined as any source of variability
that can cause a deviation between the planned (before delivery) and the executed
treatment (delivered). Systematic errors equally influence all treatment fractions.
An example of systematic error is the uncertainty in the delineation of the target
volume or organs at risk (OAR) in the pCT. This uncertainty is propagated to
all fractions in which we assume the same patient anatomy. On the other hand,
the magnitude of random errors is different for every fraction. It can highly vary
during the course of the treatment depending on inter-fraction variations. Organ
motion, such as breathing motion or bladder filling, are examples of random errors.
Other uncertainties combine both systematic and random errors. This is the
case of the patient positioning error, also known as setup error, which happens
when trying to replicate the patient’'s treatment position at every fraction to
ensure an accurate treatment delivery. Setup errors are a very common source of
treatment uncertainty in any type of radiation therapy treatment without being
specific to protons. However, in proton therapy setup errors induce proton range
distortions in addition to the aiming error. This additional uncertainty related to
the planned position of the Bragg peak (i.e., proton range) is specific to proton
therapy. Uncertainties in the proton range occur when the proton does not stop
at the estimated depth. This uncertainty is also known as range error and can
result in distorted doses and sub-optimal treatment outcomes.

The finite depth (range) of each Bragg peak within the body is dependent on
the energy of the pencil-beam and on the stopping power of the tissues the pencil-
beam encounters along its path. Therefore, changes in the densities (i.e., stopping
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powers) along the beam paths can alter the depths of the individual Bragg peaks
and change the overall shape of the dose distribution. As a result, local over- and
under-dosages can occur (see Figure 1.7). One could distinguish between inter-
fractional anatomical variations, which occur from one treatment fraction to the
next, and intra-fractional variations, which can happen within the same treatment
fraction. Weight loss and tumor regression are gradual inter-fractional anatomical
changes that can highly impact the quality of proton plans [68, 69]. Breathing
motion or bladder filling are examples of much faster intra-fractional changes.

Range errors in proton treatments can also arise from dose calculation approxi-
mations and biological effects. An extensive description of range uncertainties can
be found in [18]. However, these will not be directly addressed in this thesis. We
will mainly focus on range errors induced by anatomical changes that can result in
distortions of the proton dose distributions and potentially in sub-optimal overall
treatments. The development and evaluation of strategies that can mitigate such
dose distortions in IMPT plans represent the main topic of this thesis.
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Figure 1.7: lllustration showing the effect of range distortions for different anatomical variations
for IMPT delivery. Each pencil-beam is individually affected by the changes in the patient
anatomy, leading to a sub-optimal dose distribution with considerable changes in the dose shape.
Courtesy of M.S. Hoogeman and T. Jagt from [70]
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1.3.4 Margins, robust optimization and adaptation

In order to accommodate for treatment uncertainties, such as setup and range
errors, different solutions have been proposed:

e Margins: increasing the irradiated area around the tumor anticipates possi-
ble errors during treatment delivery. Safety margins can be modeled math-
ematically to account for different types of treatment errors.

e Robust optimization: A more sophisticated strategy is to include a lim-
ited set of pre-defined treatment uncertainties directly into the treatment
planning optimization.

e Treatment plan adaptation: The initial dose can be actively updated in
the middle of the treatment course to accommodate for patient-specific
anatomical changes that occurred.

Margins

The classical way to account for setup errors and other geometric uncertainties
is to add a safety margin around the clinical target volume (CTV) to build the
planning target volume (PTV), following well-established margin recipes as the
one proposed by Van Herk et al. [66]. However, safety margin recipes rely on
the static dose cloud approximation, which assumes an invariant dose distribution
in the presence of treatment errors. This hypothesis is widely used and approx-
imately valid for conventional photon therapy, but it is not extensible to proton
therapy [15, 16, 71] since it is invalidated by the effects of the proton range errors
(Figure 1.8). This is especially true for IMPT treatments. In IMPT, the doses
from different beam directions are typically heterogeneous and any variation can
lead to a mismatch of the individual beam contributions, causing dramatic pertur-
bations to the total dose distribution. Therefore, PTV-based optimization is not
appropriate for IMPT. Fortunately, this limit motivated the development of more
sophisticated methods, such as robust optimization [72, 73, 74], which takes into
account the uncertainties during the optimization process.

Robust optimization

Robust optimization is designed to incorporate errors directly into the optimiza-
tion algorithm. Better OAR sparing and less toxicity have been shown for robust
optimization strategies compared to margins [76, 77, 78]. The objective during
robust optimization is to find through an iterative process the set of plan parame-
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Figure 1.8: Conventional radiotherapy assumes that the dose distribution is invariant under
displacements of the target (static dose cloud approximation), which enables obtaining enough
robustness against uncertainties by simply adding a safety margin around the target (PTV). In
proton therapy, this hypothesis does not hold due to the finite range of the protons, which leads
to dramatic changes in the dose when the target moves. Adapted from [75].

ters that ensure that the delivered dose distribution would be minimally distorted
when uncertainties are present. To do so, several uncertainty scenarios are simu-
lated. During the optimization process, the machine parameters providing better
dose distributions in all explored scenarios (i.e., less distorted) are favored, while
the ones causing higher distortions are penalized. On the one hand, the more
scenarios are simulated, the more robust the plan would be against errors and the
lower probability of missing the tumor. On the other hand, the more scenarios
are included, the more computationally expensive the process gets. Moreover,
if unrealistic scenarios are explored, the resulting dose distribution unnecessarily
irradiates part of the healthy tissue that could be spared with more realistic sim-
ulations. Consequently, a limited amount of uncertainty scenarios are chosen to
be simulated and combined during robust optimization (e.g., range errors, setup
errors, and some anatomical errors).
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Adaptive radiation therapy

Both margins and robust optimization are performed at the planning stage,
expecting to be robust enough during the treatment course by increasing the dose
to the surrounding healthy tissue to account for uncertainties. Although both
provide a certain level of robustness, it has been demonstrated that ART is still
necessary to correct dose distortions induced by range errors in IMPT[26]. This
is especially true for those locations which are prone to frequently experiment
anatomical changes such as lung [22, 79] or head and neck [80, 25].

The presented strategies can be combined to deliver the treatment plan accu-
rately. In current clinical practice, robust optimization is the preferred planning
strategy for IMPT. When the robustness of the plan fails at compensating for
the anatomical changes and the accuracy of the treatment plan is compromised,
offline adaptation is applied [26, 81].

Now that proton therapy has been introduced and its main limitations explored,
we will present in the next section the complete proton treatment planning work-
flow (section 1.4). Understanding all the steps involved in this process is necessary
to comprehend the challenges of its adaptation (section 1.5), especially when per-
forming online APT. Those familiar with proton therapy planning can skip the
following section and go directly to section 1.5.

1.4 Proton treatment planning workflow

The treatment planning process is intended to generate a treatment plan that will
be loaded into the treatment machine to be delivered to the patient typically in
several fractions. Physicians, physicists, and all members of the radiation ther-
apy service work together to ensure that the prescribed dose will be delivered as
accurately as possible. Every step of this complex radiation therapy workflow is
detailed in the following sections, specifically for IMPT. A summary of the key
steps of the workflow is shown in Figure 1.9.

1.4.1 Pre-treatment imaging

The first step is to image the patient. The CT image of the patient gives
access to the anatomy and electronic density information of the tissues at the
moment of the image acquisition. The imagining step is key since the resulting
CT image will be used for treatment planning. The anatomy of the pre-treatment
CT image will not correspond to an exact representation of the anatomy of the
day at every treatment fraction. However, it is the more accurate representation
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Figure 1.9: Summary of a typical proton therapy workflow from patient imagining to treatment
delivery

that is available for treatment planning. Therefore a set of strategies is put in
place during radiation therapy workflow to achieve the highest reproducibility and
reduce the impact of uncertainties during treatment delivery.

The CT image is acquired by moving a radiation source around the patient. The
source emits photons that will be differently attenuated by the distinct tissues (e.g.,
bone or air). By detecting the remaining photons after the patients, a 3D image
can be reconstructed from the measured projections around the patient. The 3D
map of the X-ray attenuation is expressed in Hounsfield Units (HU) defined as:

Hwater

HUpissue = 1000 <“t“ - 1> (1.1)

where i4;ssue IS the linear attenuation coefficient that describes the fraction of
attenuated incident photons in a mono-energetic beam per unit thickness of a
material.

The tumor area and its immediate surroundings are typically imaged. If the
tumor is mobile, like lung or liver malignancies, instead of acquiring a single
3D-CT, 4D-CT can be used to characterize breathing or other organ motions.
Assuming that the motion is periodic, a 4D-CT image can be reconstructed [82],
providing multiple 3D-CT images at different phases of the breathing motion.
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1.4.2 Image registration

Image registration algorithms are optimized to find spatial correspondence be-
tween two images or among multiple sets of images while minimizing the error
(discrepancy) between them. Registration algorithms provide deformation fields
that characterize the transformation of one image into the coordinate system
of another one. The registration process is often used in the radiation therapy
workflow to overlay two images acquired at different times and/or with different
modalities. For instance, Positron Emission Tomography (PET) images are reg-
istered to CT images to combine the anatomical information encoded in the CT
images with the functional information provided by the PET image. Two main
types of image registration can be described depending on the operations used to
obtain the deformation field from one image to the other:

¢ Rigid Image Registration (RIR): rigid transformations only include rota-
tion and translation operations that are uniformly applied to every voxel.
Rigid registration is clinically used for patient repositioning in order to align
the cone beam computed tomography (CBCT) of the day (containing the
anatomical information of the day) to the pCT (reference anatomy) before
treatment delivery.

e Deformable image registration (DIR): DIR is a non-rigid image registra-
tion with a significantly greater number of degrees of freedom. Therefore,
DIR can manage local distortion between two image sets (i.e., anatomical
structure changes). A DIR is characterized by a deformation vector field
(DVF) which describes the displacements of every voxel from one image to
the other. Although DIR algorithms are not often used during the treat-
ment planning process, they are very useful for plan evaluation during the
treatment (e.g., dose accumulation) or for treatment adaptation workflows
that will be introduced in section 1.5.3.

1.4.3 Contour delineation

Once the CT image is acquired, physicians delineate on it the target volumes and
the OAR. Sometimes, other imaging modalities, like magnetic resonance imaging
(MRI) with a better soft tissue contrast or PET images which give functional
information, are used to delineate the tumor.

There are several volumes often used in radiotherapy planning. The first one
is the extent of the primary tumor, known as the gross tumor volume (GTV),
and corresponds to the tumor that can be seen or imaged. The second volume
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is known as the clinical target volume (CTV). The CTV aims to include the not
imageable microscopic infiltrations of the tumor spread or regions suspected to be
attained by cancerous cells. Therefore, the CTV is usually built from the GTV as
an isotropic margin of a few millimeters or corresponds to an anatomical region
in which cancer cells are suspected, such as contaminated lymph nodes. In the
first case, the CTV expansion is typically corrected according to the anatomic
boundaries of the patient’s anatomy, such as blood vessels.

To avoid cancer recurrence, the CTV must be adequately treated to ensure all
cancerous cells are killed. Possible treatment uncertainties must be considered to
guarantee good coverage (i.e., full irradiation) of the CTV during all fractions.
As previously explained, the most common method to increase the treatment
robustness against uncertainties is to expand the CTV with an additional safety
margin to generate the PTV. However, in the case of IMPT planning, robust
optimization based on the CTV is often preferred.

In the case of mobile tumors, a fourth target volume, known as the internal
target volume (ITV), is used to account for organ motion. The ITV is constructed
as the union of CTV contours delineated in the different phases of a 4D-CT image.
The whole area where the tumor follows an internal movement (e.g., breathing
motion) is treated by irradiating the ITV region.

CTV delineation is very challenging since it often requires clinical assessment of
risk and extent of spread which is generally based on population studies instead
of in a patient-specific quantification. To reduce the inter-observer variability,
delineation guidelines generated by multi-national experts compile the consensus
recommendations [83].

The OAR in the tumor vicinity are also delineated to optimize and evaluate
the treatment plan. The more radiosensitive tissues to radio-induced side effects
are mainly considered. For example, the parotids, submandibular glands, or the
cochleas are important OAR for head and neck cancer (HNC), while the lungs, the
esophagus, the spinal cord, and the heart are especially relevant in lung cancer.

1.4.4 Treatment planning in proton therapy

Treatment planning is based on two main pillars: dose calculation and plan
optimization. For IMPT plans, the spot parameters are optimized to obtain the
machine settings that can deliver the desired dose distribution. Therefore, both
tasks are dependent on each other. The dose contribution of each spot and the
total dose distribution are used during plan optimization to adjust the spot weights
until the most optimal deliverable dose is found. In the clinical setting, treatment
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planning (including dose calculation and plan optimization) and its evaluation are
performed on a commercial treatment planning system (TPS).

Proton dose calculation

In order to simulate and optimize the treatment plan delivery, dose calculation
in the patient is required. The total absorbed dose is defined as the total energy
absorbed by a material per unit of mass. The Bethe-Bloch formula [84, 85]
describes the mean energy loss per unit of distance traveled by charged particles
(e.g protons), also known as the stopping power —dE/dx. The stopping power
depends on the proton kinetic energy and the properties of the traversed material:
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where:
K = 47rNA1"gmec2 is a constant,
N4 is the Avogadro number,
p is the mass density of the material,
Z is the effective atomic number of the material,
A is the effective atomic mass of the material,
z is the charge of the particle (1 for protons),
B,y are the relativistic parameters of the particle,
I is the mean excitation potential of the material,
C' is the shell correction for low energy effects,
Tmax is the maximum kinetic energy that can be transferred to an electron:

B 202ﬁ2’72
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(1.3)

max

being M the mass of the particle (938.3 MeV/c? for protons).
In proton therapy, the stopping power ratio (SPR) between the tissue and water

is necessary for dose calculation.

SPR — (dE/dx)tissue

(dE/dJ:)water (14)

Calibration curves are empirically obtained [86] to establish the relationship
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between the CT image (i.e., HU values) and SPR. Such curves are often generated
using the stoichiometric method proposed by Schneider et al. [87] using CT images
of a phantom with several tissue-equivalent materials. The calibration curve allows
the extraction of the SPR on each voxel of the patient to compute the dose.
However, the conversion of a CT number to SPR has been shown to contribute
to approximately 1.6% range uncertainty in proton dose calculation [88]. Dual-
energy CT has been employed recently to improve stopping power predictions [89],
by performing two or more CT acquisitions with different energies of the X-ray
spectrum. For IMPT delivered using PBS, the two main algorithm types for dose
calculation are Monte Carlo (MC) and analytical, also known as pencil beam (PB),
algorithms [90].

In PB algorithms, each spot in a proton PBS beam is split into a subset of
segments (beamlets) commonly referred to as pencil beams or dose kernels [91].
Multiple elementary dose kernels are measured or pre-computed in a water phan-
tom and stored in a database. After transporting all pencil beams into the CT
image, the doses are summed for each voxel resulting in a final calculated dose
distribution. Classical PB algorithms use the central axis approximation. They
assume that a material at a depth Z along the central axis of a pencil beam is lat-
erally infinite. This approach makes PB algorithms less accurate in heterogeneous
media, such as the lungs [18, 92, 93].

On the other hand, MC dose calculation algorithms accurately handle hetero-
geneous materials. MC algorithms use random number generators and probability
density distributions to simulate physical interactions related to radiation trans-
port for each particle along the beam path. With accurate physics models, the
estimated dose by MC algorithms will converge to the measured dose (i.e., true
delivered dose) as the number of simulated particles increases and the statistical
uncertainty decreases. The drawback of MC is that it requires long computation
times. That is why analytical algorithms had a quicker implementation into clini-
cal routine, despite being less accurate. However, new fast MC codes exploit the
potential of novel computing hardware, such as graphical processor units (GPUs)
[94, 95] to achieve dose computation in the order of seconds or few minutes [96].

Intensity modulated proton therapy plan parameters

The treatment plan contains the machine parameters required to deliver a spe-
cific dose distribution. A specific beam model must be generated and carefully
commissioned for each treatment machine and delivery technique. This process
ensures that the dose planned on the TPS will correspond with the dose delivered
by the machine.
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The following parameters mainly characterize an IMPT plan delivered with PBS:

e Beams: The number and angles of the beams are manually set. An appro-
priate choice of both parameters can avoid critical OAR and provide more
robust dose distributions. For instance, posterior beams are preferred for
chest irradiation to mitigate the effect of the breathing motion. In general,
an attempt is made to minimize the traversed path by protons to reduce
possible range errors during the treatment.

e Energy layers (E): The distal part of the tumor in the beam direction (z) is
covered by the highest energy layer and the subsequently lower energy layers
until the more external part, i.e., closer to the skin. Energies are expressed
in mega electron volts (MeV).

e Spots positions (z,y): Each energy layer is scanned in a discrete way
stopping at specific spot positions (x,y). At this position, the dose is
delivered in the form of Bragg Peak.

e Weights (w): The spot weight is a magnitude proportional to the number of
delivered protons expressed in Monitor Units (MU). The highest the weight,
the more important and the longer it takes for delivery.

Therefore, for every beam of an IMPT plan, each spot is characterized by four
parameters (x,y, F,w). The beams are usually manually defined, while the energy
layers, spot positions, and weights are found through plan optimization.

Plan optimization

An IMPT treatment plan is composed of the list of machine parameters defining
the treatment delivery: the beams (each characterized by a gantry and a couch
angle) and the list of spots (x,y, F,w) for each beam. These parameters are
optimized so the resulting dose agrees with the prescribed dose by the physician.

A list of objective functions is established to guide the optimization to converge
to the most optimal dose distribution. The desired absorbed-dose levels for the
delineated structures (e.g., target volumes and OAR) are specified in several op-
timization objectives. Typically, objectives are based on target volumes and OAR
using minimum, maximum, and average dose metrics or dose-volume histogram
(DVH) metrics. The DVH constraints can be formulated as “at least 98% of
the prescribed dose to x%’ of a volume” (e.g., D98% or Dnear-minimum dose)
or “not more than 105% of the prescribed dose to an absolute volume” (e.g.,
D0.03 em? or Dnear-maximum dose). For the OARs in parallel, mean doses or
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the percentage of volume receiving a certain dose are specified (e.g., V20Gy). On
the other hand, for serial OAR, maximum doses are used, such as 0.03 em? of
the spinal cord should receive less than 45 Gy (e.g., D0.03 ¢m? (spinal cord) <
45 Gy). Weight factors are given to each objective to reflect their relative impor-
tance. Therefore, the full objective function that will be optimized corresponds
to a weighted sum combining all the objectives. Iteratively, the objectives and
weights are manually modified to achieve the best plan (i.e., the highest dose to
the tumor and the lowest dose to OAR) following the physician's feedback.

Robust optimization is the state-of-the-art for IMPT planning since it has shown
superiority over margins. In robust optimization, the planning is done directly on
the CTV, and the dose depends on a set of uncertainty parameters. Several robust
optimization methods have been proposed in the literature [74, 97, 98, 99]. In
this thesis, the worst-case robust optimization available in the commercial TPS
RayStation was used to create all IMPT plans [72]. The worst-case scenario
evaluates the full objective function in a group of uncertainty scenarios and min-
imizes the worst of them. Typically, optimization objectives are set as robust
against setup and range errors. Including anatomical scenarios for moving targets
is also possible (see Figure 1.10). From the uncertainties given as input, error
scenarios are simulated and combined to generate a pool of uncertainty scenarios.
During worst-case scenario optimization, dose distributions are computed in the
background for the sampled error scenarios (e.g., 21 scenarios in Figure 1.10),
penalizing the worst-case scenario and changing the plan parameters (e.g., spot
weights) accordingly. In every iteration, the final computed dose gets closer to
meeting the objectives set as robust not only in the nominal dose distribution
(i.e., representing no uncertainty) but also in all error scenarios from the sampled
group, including the worst-case.

1.4.5 Plan evaluation

In standard radiation therapy, the plan evaluation is based on the PTV coverage:
if the PTV is properly covered, the plan is considered robust enough. However, this
is not extensible for IMPT plans that were robustly optimized based on the CTV.
The evaluation of a robustly optimized IMPT plan requires both the analysis of the
nominal dose (i.e., final dose distribution without explicit simulation of errors) and
the study of its behavior in the presence of uncertainties. The nominal dose shape
is visually inspected via the isodose lines and evaluated according to the clinical
goals. Later, the dose is evaluated in simulated uncertainty scenarios following
what is known as robustness evaluation.

The main objective of the robust evaluation is to check if the robustly optimized
plan against specific pre-defined uncertainty levels is indeed that robust. To do so,
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Figure 1.10: Robust optimization window from RayStation 11B. The nominal scenarios (i.e.,
with no error) for each uncertainty are highlighted in yellow. The combination of 7 setup uncer-
tainty scenarios, 3 range error scenarios, and a planning image results in a robust optimization
using 21 error scenarios

the nominal dose is recomputed in a group of uncertainty scenarios at least similar
(or including addition error scenarios) to the ones used during optimization. The
DVHs corresponding to the dose distributions from each of the simulated error
scenarios are displayed all together as DVH-bands (see Figure 1.11). The thinner
the DVH-band, the more robust the plan. A plan is considered robust enough
when the set of clinical goals is achieved not only in the nominal scenario but
also in the sampled error scenarios. However, the width of the DVH-bands and
the confidence levels depend on the method chosen to sample the scenarios [100].
Korevaar et al. suggested an evaluation strategy based on voxel-wise minimum and
maximum scenarios [101]. Voxel-wise minimum scenario is constructed by taking
the minimum value independently for each voxel over all the sampled scenarios.
Such an approach evaluates the dose in not physically realizable (i.e., unrealistic)
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scenarios providing stringent evaluation thresholds. Moreover, the limited range of
possible simulated scenarios in commercial TPS dificults an accurate estimation of
plan robustness. To overcome this issue, Sterpin et al. addressed such limitations
and proposed a statistically sound strategy where scenarios were sampled according
to their probability [100]. This alternative may provide an improved insight into
the actual robustness of the plan for a given confidence level. Theoretically, the
robustness of the plan is directly linked to the need for plan adaptation during
the treatment course. The more robust a treatment is, the less need for plan
adaptation. Therefore, an accurate estimate is crucial to find a good compromise
between both parameters according to the clinical needs.

Ve Voxelwise max (&) Scenario 1/42

DVH & Clinical goals
Scenario 1/42 ~

[4] Highlight nominal DVH 7] Display all scenarios Transparency

Dose axis: @ Absolute Relative max Relative dose [Gy (RBE)): Volume axis: (@ Relative Absolute

Clinical goals

Add physical... Copy Delete

Figure 1.11: Robust evaluation window from RayStation TPS. For a better visualization only
few structures were selected. On the top left the DVH-bands are display, each line corresponds
to a simulated uncertainty scenarios. The DVHs from the nominal dose distribution (i.e with no
uncertainty) are highlighted with the white dashed line. On the bottom left, the values for the
clinical goals in the nominal, worst-case scenario and current scenario (first scenario from the 42
explored scenarios) are displayed. On the right appears the navigation window to explored the
dose distributions from all simulated scenarios.
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1.4.6 Quality Assurance

Proton accelerators are very complex devices built with many different parts.
Therefore, errors can occur when delivering the treatment plan. Patient-specific
quality assurance (QA) protocols are designed to verify that the IMPT plan gener-
ated on the TPS correctly delivers the intended dose distribution. Patient-specific
QA is conventionally carried out with measurements on phantom-based systems.
An increased interest has been shown in alternative QA tools: machine con-
trol and log files. These QA tools can help to speed up the QA process and
have been shown to be more sensitive to data transfer, and delivery errors than
patient-specific QA measurements [102, 103]. Machine control files contain the
information sent to the delivery machine and validate the data transfer. Log files
are historical records of each dose delivery, including information such as gantry
positions, delivered dose rate, spot positions, and MU output as a function of
time. Delivered dose distributions can be reconstructed using these log files based
on the delivery’'s machine parameters. The reconstructed dose can then be com-
pared to the clinically planned dose. Therefore they can verify both data transfer
and dose delivery [102, 104].

1.4.7 Treatment delivery

Once the patient-specific QA is passed successfully, the patient is ready to re-
ceive the treatment in several fractions. For an accurate treatment delivery, the
treatment couch and the patient must be in the same position as in the pCT
image where the treatment plan was generated. With this purpose, immobiliza-
tion devices have been historically used for patient alignment. Nowadays, in-room
imaging is additionally performed to improve patient setup guidance [105]. Im-
ages are often acquired using embedded systems on the treatment machines, as
portal imagining devices allowing for 2D orthogonal X-ray images or CBCT im-
ages providing 3D patient imagining. Dedicated in-room CTs are also available in
some treatment rooms but not widely available yet [106]. The image of the day is
typically aligned with the pCT using RIR algorithms. According to the registration
information, the treatment couch is rotated and translated until the initial patient
position is correctly reproduced. Moreover, daily imaging can provide information
on the anatomical changes in the patient. Although imaging techniques are im-
proving, some limitations can still cause residual setup errors. These setup errors
can arise from constraints of the imagining system (e.g., noise, resolution or arti-
facts), misalignments between the imaging and delivery systems, uncertainties in
registration algorithms, or anatomical changes.
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When the patient is correctly re-positioned, the treatment fraction can be de-
livered. At this point, strategies to fight against intra-fractional uncertainties are
put in place. For instance, breathing motion mitigation methods such as deep
inspiration breath hold (DIBH) or mechanical assisted non-invasive ventilation
(MANIV). DIBH has shown a protective effect and dosimetric benefits in heart
and lung sparing [107, 108] for IMPT treatments. Although MANIV has not
been applied to IMPT, it can reduce inter-fractional tumor motion amplitude and
stabilize the respiratory rate, which may facilitate a more accurate PBS delivery
[109, 110]. More sophisticated methods like gating or tracking have also been
proposed [111, 112]. The latter requires complex 4D delivery to synchronize the
plan to the actual patient motion during treatment, which is difficult to implement
clinically. Additionally, more advanced imagining techniques have been developed
to assess in-vivo range uncertainty before, during, and after delivery [113]. It is
the case of proton radiography [114] or prompt gamma cameras [115].

As reviewed in this section, much effort is put into handling treatment uncer-
tainties during treatment planning and delivery. Unfortunately, treatment plans
have the limitation of relying on the pCT, assuming the patient’'s anatomy will
remain constant during treatment. However, patients are not static, and varia-
tions can and do occur. What is planned, even when accounting for some of the
uncertainties, is unfortunately not always what it is delivered. Therefore, APT
remains necessary in some cases to compensate for the dose distortions induced
by anatomical changes [22, 80].

1.5 Adaptive radiation therapy

As stated in the seminar paper by Sonke et al., " Adaptive radiotherapy aims to
deliver radiation accurately and precisely in the presence of anatomical changes.
To that end, ART uses an imaging feedback loop to quantify these changes and
modify the treatment plan accordingly” [20]. The choice to clinically implement
ART in a particular time scale and treatment location is based on the clinical
goal, the available technology, and the human and material resources. In this
section, we will address: (1) types of anatomical changes, (2) the rationale for
online adaptation specifically for proton therapy, and (3) the steps of a standard
online adaptive workflow following the current clinical practice.

1.5.1 Anatomical changes

IMPT dose distributions are likely to suffer dose distortions due to their sensi-
tivity to changes in the patient’s anatomy [30]. An excellent example to illustrate
the problem of IMPT dose distortions is weight loss, which is very common in
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patients under radiation therapy treatment [116, 117]. In the presence of weight
loss, the initially planned proton beam will go through a reduced amount of body
tissue and a more significant amount of air. Therefore, the planned positions of
the Bragg peaks (which depend on the traversed tissue) will be modified, caus-
ing dose distortions [118, 21]. For a better understanding of concepts introduced
later in this thesis, anatomical changes will be divided into density changes and
non-rigid anatomical changes.

Density changes

When density changes occur, the patient’s anatomy can experience residual
rigid translations, but it remains mainly in the same position with an increased or
decreased density in a specific region. For instance, nasal cavity filling illustrate
how the air can be replaced by mucus, leading to an increased density inside the
cavity as shown in Figure 1.12.a. This kind of density changes can also occur in
the thoracic region. For instance, the air in the lungs can be replaced by a fluid due
to pleural effusion or by tissue when atelectasis occurs. Another example of rigid
density changes could be tumor shrinkage without involving modification of the
surrounding tissues (Figure 1.12.b). These kind of anatomical changes are usually
not a problem in photon therapy where the stable dose cloud approximation can
be assumed but can induce critical dose distortions in proton therapy due to range
errors.

Non-rigid anatomical changes

Non-rigid anatomical changes are characterized by a modified relative position
between the OARs and the target volumes. For instance, tumor shrinkages, where
the free volume liberated by the tumor is replaced by an OAR that enters the
prescription dose region. More complex reorganizations of the anatomy, such as
reconfiguration of the anatomy within the abdomen [119], baseline variation in
the lung [120, 121, 122]) or soft tissue modifications in the head and neck region
[123] are also good examples of non-rigid anatomical changes. Since these kind
of changes in the patient geometry can displace the target volume out of the
dose prescription region they can benefit from plan adaptation in both photon
and proton therapy.

1.5.2 The rationale for online adaptive proton therapy

The sensitivity of proton doses to anatomical modifications entails a higher need
for treatment plan adaptation to ensure an appropriate dose delivery. Hoffman
et al. found that for the same patient cohort of 23 lung cancer patients, 61%
needed adaptation when treated with protons to ensure target coverage, while no
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Dose distortions of IMPT plans caused by density changes

a) Cavity filling b) Lung tumor shrinkage

Figure 1.12: Effect of different anatomical variations causing dose distortion in various IMPT
plans. The cavity filling example was extracted from Bernatowizc et al. [33]), and the lung
images are courtesy of Guillaume Janssens from IBA.

patients required adaptation when treated with photons [22]. Robustly optimized
IMPT plans have improved robustness compared to margin-based plans [77], pro-
viding both superior target coverage and OAR sparing in the presence of various
treatment uncertainties and partially reducing the need for adaptation [79, 123].
The added value of including multiple-CT for anatomical robust optimization has
also been investigated for HNC [124, 125, 126] and lung cancer [127] to increase
even more the robustness of IMPT plans. Nevertheless, there are unforeseeable
anatomical changes related to treatment delivery that are difficult to predict and
simulate, such as tumor shrinkage or patient changes in weight or shape. There-
fore, treatment plan adaptation remains necessary to compensate for anatomical
changes that the robustness of the initial plan fails to account for.

Fraction after fraction, these anatomical changes can be monitored to trigger
the need for adaptation when necessary [81, 128]. Hu et al. retrospectively
analyzed robustly optimized IMPT plans for 711 patients in approximately weekly
repeated CTs (rCTs) and reported adaptation rates for different locations [26].
From all the explored treatment sites, HNC and lung or chest diseases have the
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highest re-planning rates with 54% and 58% , respectively. However, the rate for
offline adaptation varies a lot across studies, planning strategies, locations, and
probably clinical experience [25]. For instance, Ji¥i et al. [129] reported a very
high adaptation rate, with almost all nasopharyngeal cancer patients requiring
treatment plan adaptation. On the contrary, Scandurra et al. [123] found a much
lower adaptation rate for the same location with only 2 out 25 patients requiring
plan adaptation. In lung cancer patients, the need for plan adaptation has been
proven necessary in clinical experience [130], or even mandatory [22]. Koay et
al. reported that from a lung cancer patient cohort of 44 patients, 9 required
adaptation, particularly those with large tumors that shrank substantially during
therapy. They also concluded that APT could reduce doses to normal tissues and
prevent target misses in the 2 cases that would have been compromised without
adaptation [69].

With the currently available technology, APT is typically performed offline in
clinical practice. In an offline setting, a few days can pass from acquiring a new
CT image to delivering the clinically approved adapted plan. Offline ART also
has the drawback of being particularly labor-intensive and, therefore, represents
a significant personnel and material cost. Although improving the delivered dose,
especially in case of slow inter-fractional changes, offline APT is inadequate in the
presence of faster (daily) changes occurring from one fraction to the next. For
instance, reconfiguration of the anatomy tumor response [131, 132, 133], weight
loss [117], nasal cavity filling [33, 124], or quite complex tissue variations in shape
and position of the cervix-uterus [134]. The slowness and the need for additional
resources inherent to offline APT hamper a more recurrent (e.g., daily) adaptation
that could adequately address these inter-fractional changes. Alternatively, a fully
automated online adaptive approach needing fewer resources could be very well-
suited to immediately address such inter-fractional changes that sometimes can
be fast and unpredictable.

As a result of all of the above, there has been growing interest in online adapta-
tion workflows, especially for proton therapy, since the increased need for treatment
plan adaptation adds a significant workload when using offline APT [135, 81].
However, the clinical implementation of online APT is challenging. From the
moment the adaptation is judged as required to the performance of quality as-
surance of the re-optimized plan, the patient remains on the treatment couch at
the treatment position. Therefore, a successful online adaptation workflow needs
to be extremely fast, within some minutes. This process requires a high level of
automation and integration to ensure an efficient workflow. In recent years well-
integrated systems, such as MR-Linacs and the Ethos System (see section 1.7.1),
have been developed specifically for online ART, improving the efficiency of this
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process [136, 137]. However, online APT has not been clinically implemented yet.

Online APT could optimally manage inter-fractional changes while tackling the
issues introduced in this section and summarized in the following lines. First, the
use of margins and robust optimization does not account for all anatomic changes
over the treatment course. Secondly, offline adaptation is the most common clin-
ical practice to compensate for anatomical changes but remains a very tedious
process. Third, although increasing the robustness of the initial treatment plan
could reduce the need for offline adaptation, robust optimization comes at the
cost of increasing the dose to the surrounding organs to account for uncertainties.
Such an approach would therefore undermine the dose conformity associated with
IMPT treatments. Forth, to fully profit from the adaptive approach, the whole
process needs to be established within the time span of the anatomy changes,
which sometimes occur from day-to-day being the offline approach too slow to
follow. Therefore, there is still a clinical need for daily dose analysis and access to
adapted plans to compensate for dose distortions that could compromise target
coverage or OAR sparing. The application of online APT on a daily basis (i.e.,
at all treatment fractions) is known as daily APT (DAPT). Finally, besides en-
suring that the patient receives the intended dose, online (D)APT has multiple
benefits that could additionally improve the patient outcome of IMPT treatments:

e Reduction of treatment uncertainties: Due to the re-optimization in a
repeated image, the errors in the delivered dose due to anatomical changes
can be corrected, and the positioning uncertainties can be reduced.

e Potential for more conformal dose distributions: Because the uncer-
tainties are reduced, more conformal planning approaches, which would be
anatomically un-robust if delivered without adaption, can be explored (e.g.,
less anatomical-robust planning or smaller CTV-PTV margins). These new
treatment planning options could enable a higher sparing of the OARs and
reduce toxicity.

e More accurate estimation of the delivered dose: Since dose calculation
is performed in an image representing the actual patient geometry just prior
to treatment delivery, the adapted dose results in a more accurate estimate
of the actual dose delivered to the patient. This is relevant for both reporting
and monitoring the treatment.
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1.5.3 Adaptive radiation therapy workflow

The flowchart in Figure 1.13 illustrates a standard adaptive workflow, including
online and offline strategies. Although both workflows contain almost the same
steps, each adaptation branch uses a different planning image and occurs in dif-
ferent time scales. Online adaptation should be completed in a few minutes, while
several hours or even a few days fit the offline adaptation time frame. Therefore,
online workflows have particularities that speed up the process compared to the
standard radiation therapy planning described in section 1.4.
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Figure 1.13: Flowchart of standard treatment plan adaptation workflows for online and offline
strategies. Diamonds represent steps requiring decision-making. Adapted from [138]
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Patient re-positionning and re-imaging

Accurate patient imagining to quantify the patient’s anatomy at each fraction
is the first step of any online ART workflow. Imagining can be performed with an
embedded system in the treatment machine, such as a CBCT, or with an in-room
independent system like a CT on-rails. Rigid registration between the image of
the day and pCT is often used for patient re-positioning to match the isocenter
between the two images. MRI proton therapy will be disregarded in this section
since, although under research, it is not clinically available yet.

The higher image quality is an essential advantage of CT on-rails over CBCT
imaging. Accurate HU information is crucial for online APT since slight HU
differences may introduce range errors and inaccurate final dose calculation. CT
images are also more suitable than CBCT images for contouring. In terms of the
extra whole-body dose over the course of the treatment, CT-on-rails might give
a slightly lower dose than CBCT [106]. Moreover, low-dose scanning protocols
could provide even lower doses with acceptable image quality [139]. Nesteruk et
al. proposed CT-on-rails as a suitable modality for online APT since the expected
uncertainties did not affect the dosimetric efficacy of their adapted plans [106].

Re-planning based on CBCT images also has great interest due to the low cost,
compactness, and thus wide availability of this imaging system. CBCT images
are known for their lower image quality and artifacts (e.g., noise, beam hardening,
aliasing, motion, or ring artifacts). In the past years, the increased interest in the
clinical implementation of online ART pushed for the improvement in CBCT image
quantification of commercial solutions. Moreover, analytical methods applied to
CBCTs (e.g., scattering correction algorithms [140] or histogram matching [141]),
DIR algorithms [142] and more recently, Al tools (e.g., neural networks further
discussed in section 1.6.2) have been explored and compared for synthetic CT
(sCT) image generation and proton dose calculation [143, 144].

Contour definition

As described in section 1.4, contoured volumes are needed to define the objective
functions given to the optimizer. In offline APT, volume contouring is performed
manually on rCTs. However, in online APT, contour generation should be as fast
as possible. Therefore, automatic tools can be used to map the initial contours
to repeated images using rigid or deformable registrations. Al tools will also play
a vital role in this step, as the Ethos System has already shown. Today, contour
generation is still considered the bottleneck of ART and APT workflows due to the
required manual verification (and correction) of automatically generated contours.
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Assessment

A key component of offline and online APT workflows is assessing the adaptation
need. It is often unclear what the appropriate frequency of adaptation should be
and whether plan adaptation is even needed from a dosimetric, TCP, or NTCP
point of view [145]. Figure 1.14 shows three adaptive workflows. Nowadays, offline
adaptation is often made at fixed intervals where rCTs are acquired (e.g., halfway
through the fractionated treatment or weekly) [25]. The clinical implementation of
online APT could enable plan adaptation triggered at any point of the treatment
course by observed changes resulting in a negative effect on the plan quality.
Frequent online adaptation (e.g., daily) could also be implemented if resources
permit.

(A) Off-line adaptation at constant intervals (e.g., weekly) by assessing the previous plan on periodic CT images

: 2
?y l

(B) Online adaptation triggered by assessing the initial plan (or a previously adapted plan) on daily images
v v v v v v

(C) Daily online adaptation using the initial plan (or an accumulated dose) assessed on daily images

Figure 1.14: Different adaptation workflows. Figure based on Heukelom and Fuller [146]

The most simple decision-making protocol is to re-compute the initial treatment
plan on the repeated image (i.e., the dose intended to be delivered) and then
use the new generated contours for evaluation. If treatment plan adaptation
has already occurred during the treatment course, the last adapted plan could
be used instead. More sophisticated approaches suggest using DIR to estimate
the cumulative dose over all previous treatment fractions and judge the need
for adaptation based on the summed dose [147, 148]. This accumulated dose
estimates the total dose delivered to the patient until that moment (Figure 1.15).
For an even more informed decision, log-file dose reconstruction could also be
included in the loop to better evaluate the delivered dose to the patient [149].
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Figure 1.15: An example of the dose accumulation workflow using the planning-CT (pCT) as
the reference image. Deformable vector fields (DVF) for three fractions are displayed. Adapted
dose distributions on the repeated-CTs and their deformation to the pCT are also shown for these
fractions. Tumor shrinkage can be observed on the repeated-CTs. From [135]

Re-planning and re-optimization

The re-planning step aims at generating a new dose distribution according to
the new patient anatomy. For IMPT plans, this means a re-optimization to calcu-
late a new plan containing updated energy layers, spot positions, and spot weights
(z,y, E,w). In an integrated APT solution, this process would use the optimiza-
tion and dose calculation algorithms already embedded in commercial TPS. Online
re-planning strategies are the main focus of this thesis and they will be further
explained in the following chapters. In Chapters 2 and 3 a dose restoration method
is evaluated in lung and head and neck locations, respectively. More complex re-
planning strategies, including ML dose prediction (see section 1.6.4) are explored
in Chapters 4 and 5.
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Plan evaluation and doctor approval

Once the final adapted dose distribution is available, the physician's approval
is needed to continue the workflow until treatment delivery. Since the presence
of the doctor is required in the treatment room, plan approval is also one of the
bottlenecks of the online adaptive workflows, together with manual re-contouring
(or adjustment) of the new anatomy.

Quality assurance and treatment delivery

Quality assurance of the approved plan is the step that follows. A key challenge
for online ART, is the inability to perform the conventional patient-specific QA
measurements (e.g., to deliver the plan to a phantom) as the patient remains on
the treatment couch. Secondary and independent MC dose calculations on the new
patient anatomy have been proposed instead to address the new plan verification
[150, 102, 151, 152, 153]. The use of machine delivery log-files after dose delivery
has also been suggested. Moreover, Matter et al. showed log-files to have higher
sensitivity compared to patient-specific verification measurements [103]. However,
when using log-files, QA is performed after dose delivery [149, 154], meaning that
correction can only occur in the next fraction.

1.6 The role of artificial intelligence in online adapta-
tion

Challenges for clinical implementation of any adaptation strategy are: increased
workload [146], longer treatment time per fraction [155], limited image quality
[135], radiotherapy technologists (RTT) training [156, 157], dose accumulation
uncertainty [158], and software or workflow implementation [159, 160]. Solutions
to many of these challenges can be found through task automation, a very well-
suited application for Al. Moreover, manual processes in the radiation therapy
workflow are affected by high inter-planner variability, which may result in sub-
optimal solutions. In this section, we will introduce the main concepts related to
Al that will be mentioned at some point in the manuscript.

1.6.1 A brief introduction to neural networks

Al is the term used to refer to the methods and algorithms aiming at reproduc-
ing human actions requiring specific knowledge learned through human experience.
As explained in Barragdn-Montero et al. [161], Machine learning (ML) is part of
the branch known as " Connectionism” of the whole Al concept. ML has two main
phases, which occur one after the other, training and inference. During training,
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previously acquired data is used to extract meaningful features and patterns. Dur-
ing inference, these parameters are applied to new data (not seen during training)
to perform a prediction, classification, or another decision-making process. When
sophisticated hierarchical structures were introduced in the training process, the
term Deep Learning (DL) was coined.

ML algorithms can only deal with well-structured and labeled data. On the
contrary, DL algorithms can learn from data without manual human intervention
to define relevant and specific features (i.e unlabeled data). DL imitates the
way the human brain works by creating an artificial network of neurons. An
artificial neural network (ANN) consists of many interconnected layers of neurons.
The mathematical model of a single neuron is very similar to the biological one.
A group of inputs (dendrites) is multiplied by specific weights (synapsis). The
weighted inputs are then summed together following the shape of a non-linear
activation function generating an output (axon) that might be used as the input
(dendrite) of the next mathematical structure (neuron). The first and last layers
are the input and output, respectively. In between these two, one or several hidden
layers can be interconnected. The more neurons the hidden layer contains, the
more complex functions can be approximated. The processes that occur at high
complexity levels in the hidden layers are why the technology cannot be easily
interpreted and is therefore referred to as a black box.

Convolutional neural networks (CNNs) are a type of ANN used in medical imag-
ining since they excel at processing data with a grid-like topology, such as an image
composed of pixels. They are known as ‘convolutional’ networks as they employ a
mathematical operation known as convolution. UNets, are a special type of CNN
characterized by a U-shape consisting of a contracting path (first part of the U)
and an expansive path (second part of the U). They were first introduced in 2015
by Ronnenberg et al. for Biomedical Image Segmentation [162] and have become
incredibly popular since then.

Complex architectures, such as GANs (Generative Adversarial Networks), com-
bine more than one network. GANs are composed of a generator and a discrimi-
nator: the generator learns to generate fake but realistic (plausible) data and the
discriminator learns to distinguish the generator's fake data from real data. When
training starts, evident fake data is produced by the generator. The first generated
data can be classified without a hitch as fake by the discriminator. However, as
the training progresses, the generator is penalized for producing implausible results
and gets better at generating realistic outputs that are not easily recognized by the
discriminator. If the training is successful, the generator can produce such realistic
data that the discriminator can not distinguish between real and fake images.
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Figure 1.16: Artificial neural explained with mathematical-biological parallelism. a) A neuron,
processing several dendritic inputs through a nonlinear activation function f, to produce an axional
output. (b) The neurons can be interconnected in a feed-forward way, into successive layers; as
soon as a nonlinear ‘hidden’ layer is inserted in between the inputs and outputs, the network can
potentially approximate any function; specific activation functions can be fitted in the output layer
to achieve either regression or classification tasks. (c) Examples of nonlinear activation functions
in the hidden layers: the step function, from biological inspiration, the sigmoid, its continuous
and differentiable surrogate, and the rectified linear unit (ReLU), that improves training of deep
layers. Courtesy of A. Barragdn-Montero from the review "Artificial intelligence and machine
learning for medical imaging: A technology review” [161]

Although Al tools have explored a vast number of applications in the radiation
therapy field, we will focus on three key steps of the online adaptive workflow that
can enormously benefit from the consistency, rapidity, and automation offered
by Al-based solutions: sCT generation, automatic segmentation, and automatic
treatment planning.
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1.6.2 Synthetic CT generation

Since the attenuation coefficients encoded in the CT image are needed for dose
calculation, the development of techniques that can generate sCT information
from other modalities is required to implement online adaptation based on daily
CBCTs or MR-only radiotherapy.

Most of the commercial solutions clinically used for online ART are based on
sCT generated by DIR. However, low performance of the deformation algorithms
can occur when new elements that were not present on the pCT (that will be
deformed) appear on the repeated image, such as air pockets. The direct sCT
generation from an image containing the real patient anatomy should reproduce
more accurately the patient’s geometry of the day. Several Al tools have been
recently explored, with GANs being extremely popular since unpaired data from
the different modalities (MRI, CBCT and CT) can be used for training [163, 164,
165, 166, 167, 168]. Although paired data is not easy to obtain, other architectures
like UNets have successfully generated sCT using paired CT-CBCT data acquired
on the same day or very close in time [169, 170]. A recent study from Thummerer
et al. demonstrated that sCTs generated from MRIs and CBCTs using a deep
CNN were both suitable for daily IMPT dose calculation [171].

1.6.3 Automatic segmentation

Volume segmentation can be easily modeled as a classification task in which
each pixel is associated with a corresponding class (e.g., OAR or target volume).
Therefore, many Al solutions have been proposed for volume segmentation in
chest, brain or head and neck [172, 173, 174]. Head and neck is particulary
challenging due to the small organs to segment (parotids, submandibular glands
etc). In the same way, target volume was first applied to more straightforward
problems like GTV delineation [175, 176, 177] or easy locations like lung and
brain. However, it is much more challenging in other regions since CTVs are
often generated using guidelines and explicitly adjusted for each patient with the
surrounding anatomical structures. More and more studies are addressing target
delineation, and nodal regions in HNC [178, 179, 180].

Automatic contouring is today the most used ML application in the clinic. It
is already available in commercial solutions [181], and also in-house generated
models have been implemented in different clinics to ease the cumbersome task
of volume contouring [182]. However, ML methods for automatic segmentation
still lack QA tools to assess their interpretability and risk of failure, and they can
not be trusted blindly. Today, the visual inspection of a medical expert, who edits
the contour in the regions when necessary, is still required. Therefore, the process
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systematically requires the presence of a medical doctor in the room. Nevertheless,
Al tools can still provide precious time savings as the 33% time reduction compared
to fully manual HNC segmentation reported by Van der Veen et al. [183].

1.6.4 Automatic planning

Much effort has been put into developing and exploring strategies for automatic
planning in radiation therapy, from planning libraries (e.g., RapidPlan from Varian
Medical Systems) to more sophisticated methods based on deep learning tools
to predict 3D dose distributions [184]. In this thesis, we will explore a two-stage
knowledge-based planning workflow using a predicted 3D dose distribution followed
by an optimization algorithm known as dose mimicking [35]. This automatic
planning workflow is described in Figure 1.17.
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Figure 1.17: An overview of a complete knowledge-based planning pipeline combining (1) dose
prediction and (2) dose mimicking optimization.

In the first step, an ML model receives as input the pCT and the delineated
contours to predict the desired dose for each voxel of the patient geometry. The
model’s output is a 3D dose distribution that is not deliverable without the plan
information. The goal of the second step (i.e., the dose mimicking optimization)
is to find the set of machine parameters (x,y, F,w in the case of IMPT) using
the information stored in the predicted dose. At the end of the process, the
output is an automatically generated deliverable dose distribution, which should
be reasonably close to the predicted dose in the first stage. Many different neural
network architectures can be used for dose prediction and there are also different
ways of running the dose-mimicking step. Therefore, researchers have been trying
to evaluate the output of several combinations of prediction and optimization
models in photons [36]. However, fully automated workflows combining dose
prediction and dose mimicking for IMPT planning have received less attention.
The high complexity and variability of the information inside an IMPT plan and
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the necessity of a robust plan generation make automatic planning for protons
even more challenging.

1.7 State of the art in online adaptation

1.7.1 Online Adaptive Radiation Therapy (ART)

Until recently, the technical and logistical challenges of online ART made it
practically infeasible for most radiotherapy centers. The introduction of Al [185,
186, 187] and graphics processing unit (GPU) based calculation engines [188,
189, 190] have speed up some of the steps in the adaptive workflow allowing
to be performed them in a timeframe compatible with an online setting. As
shown in the previous section, research is still ongoing to ease all the steps in the
adaptive workflow. This section will explore the two most popular commercial
solutions available for online adaptation for photons: magnetic-resonance linear
accelerators (MR-Linacs) and the Ethos machine from Varian Medical Systems
(Palo Alto, CA). For both systems, the presence of a doctor is still required in the
treatment room.

MR-Linacs

The radiation delivery on the MR-Linacs is fully integrated with the MRI. This
means the system can deliver treatment radiation beams and monitor the tar-
get area simultaneously using a non-ionizing imaging system. Therefore, physi-
cians have better control over radiation delivery because they can see the internal
anatomy and tumor with superior high-definition image quality, especially for some
soft tissue cancers.

MR-Linacs allow for plan adaptation optimized on the daily MRI and contours.
The first step is the registration between the pCT and the online planning MRI.
The pre-treatment contours are automatically propagated by deformable registra-
tion onto the online planning MRI. If necessary, contours are edited by a radiation
oncologist. The recontouring and correction of the contours is one of the bottles
necks of the workflow and can be translated in fractions that take up to 50 minutes
to one hour to be delivered [191]. The plan is then recalculated or reoptimized on
the online planning MRI and adjusted contours. Optimization is performed based
on the pre-treatment planning objectives.

The daily treatment plan adaptation at almost every fraction provides better
dosimetric outcomes than no adaptation. Nienier et al. analyzed 50 patients
adapted online using an MR-Linac system for five different tumor entities (liver,
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lung, multiple abdominal lymph nodes, pancreas, and prostate). They concluded
that all subgroups clearly benefited from online plan adaption in terms of improved
PTV coverage. Moreover, for the liver, lung, and abdominal lymph node cases,
a systematic improvement in GTV coverage was found. Largely decreased OAR
doses in the pancreatic cancer subgroup could also be achieved [192]. Moreover,
Christiansen et al. could demonstrate that based on online plan adaptation with
an MR-Linac, they could expect a PTV reduction, a dose reduction on the OAR,
and thereby a reduction in toxicity based on NTCP models. They observed a
relative reduction in complication probability of 91% for acute gastro-intestinal
toxicity, 42% for urinary voiding pain, 25% for urinary incontinence, and 12% for
hematuria [193].

Ethos system

The Varian Ethos system was recently developed as a completely self-contained
online adaptive solution, and has been reported to be capable of performing adap-
tive treatments within 15-20 min [194, 195, 137]. Using Al, Ethos automatically
segments normal organ structures that strongly affect the target volume, the so-
called influencers. These contours are adjusted by the user if necessary and used
to create a structure-guided DIR between the pCT and the acquired CBCT. An
elastic DIR is also created between the pCT and CBCT. The elastic DIR is used to
both propagate non-influencer OARs and generate a sCT by deforming the pCT
into the CBCT geometry. For target propagation either structure-guided DIR
or elastic DIR can be chosen. Once the structures are approved, the treatment
plan is generated based upon a predefined “planning directive” optimized to the
anatomy of the day and referred to as the adaptive plan. The original treatment
plan is recalculated on the sCT and referred to as the scheduled plan. The user
selects either the scheduled or adaptive plan for the treatment. The plan selected
receives pre-treatment calculation-based QA, and post-treatment delivery log file-
based QA. A limitation of the CBCT-guided online ART is the lack of continuous
intra-fraction monitoring. As an alternative, a second CBCT is usually acquired
just prior to treatment delivery for position verification.

First studies have already reported the benefits of online adaptation with the
Ethos System achieving higher PTV coverage in the pelvic regions [194, 137, 196].
Sibolt et al. reported 76% of influencers requiring no or minor edits, and the
adapted plan preferred over the scheduled plan in 88% of fractions [194]. In line
with this results but showing at slightly improvement, Byrne et al. reported 91%
of influencers with no or minor edits (and 72% for the target) and a selection of
the adapted plan over the schedule plan in 95% of the fractions [137]. Yoon et
al. demonstrated the feasibility of online adaptive HNC in the Ethos system also
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below 20 minutes, similarly to the times reported for the pelvic region. They also
showed that the daily adapted plans effectively spare the OAR while maintaining a
therapeutic dose to the CTV [195]. The correction of the influencers segemented
by Al has been reported in all studies as the most time consuming step in the full
online ART workflow.

1.7.2 Online Adaptive Proton Therapy (APT)

Although online adaptation in conventional radiation therapy is starting to be
more and more used with the arrival of the MR-Linac or Ethos Systems, its imple-
mentation in the proton therapy routine is still not in clinical use. Although much
can be learned from online adaptation in photon therapy, online proton therapy
requires different approaches due to its dosimetric characteristics.

The explored online adaptive workflows for IMPT can be divided into three
groups: re-planning strategies, re-optimization and dose restoration approaches,
and library plan based methods. The first group consist in a re-planning on the
repeated image using the same objectives (or with slight modifications). The
objectives are inherited from the initial plan and the traditional planning pipeline
executed as explored by Matter et al [197] and, focusing on paranasal cancer
patients, by Nenoff et al. [198]. In the second group, changes to the original plans
are performed, using re-optimization [199, 200] or dose restoration approaches
[34, 201, 33]. All these studies include beamlet energy adaptation and weight
re-optimization. Regarding the locations that have been explored only the study
of Bernatowizc et al. contained one lung patient, while the rest have been mainly
focused on the pelvic region [34, 201] or on HNC [200, 199, 198].

In order to fit into the online time limitations, the dose restoration strategies
used analytical dose calculation algorithms with rigidly mapped contours [33, 34].
These strategies aimed at restoring the original dose distribution in rCTs. Jagt
et al. (2017) developed an in-house method involving two steps: restoration
of Bragg peak positions by energy corrections and re-optimization of beamlet
weights to recover the reference plan. With the presented method applied to
10 prostate cancer patients, 96.3% of the fractions resulted in V95% > 98%
in the prostate CTV, while V107% < 2% was fulfilled in up to 92.5% of the
fractions in the same contour [34]. Bernatowicz et al. presented a workflow that
considered rigidly translated contours from the pCT to rCTs on the 3 patients
examples: a nasopharyngeal case with varying nasal fillings, an oropharyngeal
and a 4D-robustly optimized lung case. They investigated 3 ways of minimizing
the difference between the original and the restored plan, focusing on: DVH
points, voxel-wise dose comparisons and isodose contours. All adaptation methods
recovered V95% > 95% and V107% < 2% for the CTV on all repeat CTs, with
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the isodose approach yielding the best dose distribution as compared to the one
originally planned. Since the isodose restoration approach seems to be promising,
one of the objectives will be to evaluate this method in larger patient cohorts of
lung and HNC patients.

Jagt et al (2018) expanded their previous methodology assuming manually de-
lineated contours were available and removing the limitation to rigid registration
[201]. They also restricted the number of proton energy layers, implemented a
reference point method (RPM) optimization and allowed up to two iterations of
2500 beamlets in addition to the original plan. In this method, once the energies
of the beamlets are corrected and the random beamlets are added, the plan is op-
timized, which may remove unused beamlets and energy layers. Beamlet addition
and optimization may be repeated for a second iteration. In this case, all of the
88 scans produced V95% > 98% in the true prostate CTV, while V107% < 2%
was fulfilled in 94.3% of the fractions in the same contour.

The third group adresses plan adaptation using plan libraries. For 6 patients with
cervical cancer proton therapy, Jagt et al. (2019) demonstrated a full recovery
of target coverage in 23 rCTs using a 2-plan library to warm start an online re-
optimization of the daily treatment plan [202]. A recent study by Oud et al.
[203] in HNC proposed the use of a plan library containing robustly optimized
plans with different parameters. The approach resulted in overall reduced NTCPs
(xerostomia and dysphagia) with limited cost in target coverage compared to no
adaptation. However, a library of plan approach is based on a limited number
of plans (typically 2-5) covering specific motion ranges. Moreover, the scans
underlying the library of plans are typically acquired on the same day or first week
of treatment and thus do not capture the full complexity of motion present during
treatment.

Only a few explored MC dose calculation combined with deformably mapped
contours [199, 200]. For the strategies using either manual or deformed contours,
the adapted plan is not only a restoration of a previous treatment plan but a
generation of a completely new plan accounting for anatomical deformations.
Regarding the robustness of the adapted plans only Bernatowizc et al. [33] used
robust optimization to generate the adapted plans, while the rest relied on PTV
margins or previously optimized plans for Oud et al. [203].
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1.8 Objectives and contributions

This section explains in detail the contributions made during this thesis to address
the gaps in this research field previously mentioned: the clinical implementation
of online APT to fight against inter-fractional changes which can compromise an
accurate treatment delivery. Therefore, this thesis aims at exploring the feasibility
and performance of robust, accurate, fast and automated adaptive strategies
that could be applied in an online setting to improve the outcome of proton therapy
treatments. To this end, head and neck and lung tumors were selected as they
both show challenging inter-fraction variations. Proving that adaptation is feasible
and beneficial for these challenging tumor sites may imply suitability also for other
sites. To achieve this goal the following research questions are addressed.

Can the dosimetric effects of density changes be compensated by restoring
the initial treatment plan?

An IMPT treatment plan can be described by the set of parameters of the indi-
vidual pencil-beams: location, energy and intensity (x,y, E, w). Density changes
along the beam paths affect the depth of the Bragg peaks, resulting in a distorted
dose distribution with hot and cold spots. This suggests that the dose distribution
could be restored to its initial state by running a fast re-optimization to adjust
pencil-beam energies and positions. Therefore, we implemented and evaluated
a simple dose restoration strategy based on this idea for lung (Chapter 2) and
HNC (Chapter 3). The method starts by rigidly mapping the delineated contours
from the pCT to the rCT. After this, a fast re-optimization of the spot positions
and intensities is guided by the isodose information of the initial dose aiming at
minimizing residual dose differences between the initial plan and the restored (i.e.,
adapted) plan. A total of 27 rCTs of 14 lung cancer patients and 60 rCTs of 10
HNC patients were available for evaluation. In summary, the first two chapters
of this thesis focus on the implementation and evaluation of a dose restoration
workflow aiming at generating fully automated robust IMPT plans on rCTs.

Can robustness against breathing motion be handled by dose restoration?

The treatment planning and adaptation of proton therapy are even more chal-
lenging in lung cancer since the respiratory motion introduces additional uncertain-
ties. The feasibility of a fully automatized 4D-robust dose restoration is explored
in Chapter 2 for a lung cancer database. The breathing motion uncertainty is
included in the robust optimization used in the dose restoration workflow. A
robustness evaluation on repeated 4D-CTs follows to accurately quantify the ro-
bustness of the restored plans.
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How much can we gain? What is the benefit of online-adaptive IMPT
compared to robust treatment planning and offline adaptation?

It is known that the higher adaptation rate in proton therapy compared to
photons is linked to the special sensitivity of proton therapy to uncertainties.
Therefore, the necessity of adaptation could be reduced by replicating the stable
dose cloud approximation, which is key and only valid in photon therapy. This
approximation states that the initial dose distribution remains the same even in
the presence of treatment uncertainties. By extending this formalism to proton
therapy using dose restoration of the initial treatment plan, the higher offline
adaptation rate of this modality could be reduced to the same residual numbers
associated with photon therapy. The more the offline adaptation rate is reduced,
the better. Less offline adaptation would imply no delays in the treatment delivery
for the patient and more resources for the radiation therapy department.

We first investigate the gain of these methods compared to a non-adaptive
robust treatment planning approach. To this end, we generate robust treatment
plans for lung and HNC patients and study the adaptation rate required when
no active adaptation is applied (i.e., when relying on the robustness of the initial
plan). From these experiments, the impact of the anatomical changes captured in
the repeated images can be studied, and the resulting dose distortions quantified.
Then, the need for adaptation when using a robustly optimized initial treatment
plan can be determined. Later, the adaptation is performed using dose restoration.
By evaluating the quality of the restored plans and comparing them to offline
adapted plans, we can asses to what extent the stabilization of the dose cloud
provided by dose restoration can compensate for the dose distortions and reduce
the offline adaptation rate.

What are the limitations of the restored plans?

The dose restoration described in Chapters 2-3 restores an initial treatment plan
by accounting for density variations along the pencil-beam paths while ignoring
changes in the shape and relative positions of the anatomical structures (i.e.,
tumor and OAR). This is an intrinsic limitation of the dose restoration method
is addressed in Chapter 3 for a dataset of HNC patients in which such non-rigid
deformations are present.

Is robust IMPT treatment planning feasible combining deep learning dose
prediction followed by dose mimicking?

An alternative to online dose restoration is a fully automated planning performed
without any previous information about another initial treatment plan. This could
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be achieved by using deep learning dose prediction, which would take a CT image
and the CT contours as input. After having the predicted dose value for each
voxel, a dose mimicking optimization would be run to find the plan parameters
to deliver a mimicked dose similar to the predicted one. The feasibility of fully
automated robust IMPT plans combining deep learning dose prediction and dose
mimicking is explored in Chapter 4. A particular focus is put on the dose mimicking
optimization step, being the key to ensuring the robustness and accuracy of the
automatically generated plans. This is especially challenging in HNC due to the
presence of many radio-sensitive OAR close to the target.

Can dose mimicking enable fully automated robust IMPT planning for
online adaptive IMPT?

The automatic IMPT methodology explored in Chapter 4 could be adapted
to be used in an adaptive context if the automatic treatment planning is run
on to generate new treatment plans on repeated images. In Chapter 5, CBCT
images acquired at every treatment fraction and representing the patient anatomy
of the day are used to compare the performance of three different automatic
IMPT planning strategies based on dose mimicking. Although the three proposed
strategies use dose mimicking for treatment plan optimization, the dose to mimic
and the contours given as input to the optimizer are different. The evaluation of
the strategies aims at investigating the benefits and limitations of the proposed
methods for a potential use in an online adaptive setting.

Can Monte Carlo dose calculation be used in a fast online adaptive IMPT
workflow?

Monte Carlo algorithms are the gold standard for accurate dose calculation in
radiation therapy. The drawback of these methods is that they usually require
very long computation times, which hampers their clinical application in an online
workflow. Instead, most proposed online APT strategies use analytical algorithms
to compute the dose. However, these algorithms may fail to predict proton range
accurately in very heterogeneous media, such as lungs. Therefore, although we
could benefit from a fast analytical dose calculation in the online setting (Chap-
ter 2), the introduction of fast and accurate Monte Carlo dose calculation in
commercial TPS opens the path for to explore this dose engine also for online
re-optimization. The feasibility of OAPT strategies based on Monte Carlo dose
calculation is described in Chapters 3 and 5.
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Can online APT solutions be fully automated on a commercial TPS?

For an online adaptive workflow to be a candidate for clinical implementation, it
needs to accomplish several requirements; it needs to be accurate, robust, fast, and
automatic. The accuracy, robustness, speed, and automation of all the proposed
strategies are discussed in this thesis. We aim to implement fully automated online
APT workflows for two locations of greatest interest for adaptive IMPT: lung and
HNC. The automation of the methods is performed via the scripting module of
a commercial TPS, which includes robust optimization and Monte Carlo dose
calculation. The full automation in a commercial TPS, well known by clinicians,
could facilitate the clinical usage of the proposed solutions since proton treatment
plan adaptation could be run with a single mouse click.
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Online dose restoration against
density changes in lung IMPT
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CHAPTER 2. ONLINE DOSE RESTORATION AGAINST DENSITY
52 CHANGES IN LUNG IMPT

Summary

Background and purpose: In proton therapy, inter-fractional density changes
can severely compromise the effective delivery of the planned dose. Such dose
distortion effects can be accounted for by treatment plan adaptation, that requires
considerable automation for widespread implementation in clinics. In this study,
the clinical benefit of an automatic online adaptive strategy called dose restoration
(DR) was investigated. Our objective was to assess to what extent DR could
replace the need for a comprehensive offline adaptive strategy.

Methodology: The fully automatic and robust DR workflow was evaluated in
a cohort of 14 lung IMPT patients that had a planning-CT and two repeated
4D-CTs (rCT1,rCT2). Initial plans were generated using 4D-robust optimiza-
tion (including breathing-motion, setup and range errors). DR relied on isodose
contours generated from the initial dose and associated patient specific weighted
objectives to mimic this initial dose in repeated-CTs. These isodose contours, with
their corresponding objectives, were used during re-optimization to compensate
proton range distortions disregarding re-contouring. Robustness evaluations were
performed for the initial, not-adapted and restored (adapted) plans.

Results and conclusions: The resulting DVH-bands showed overall improvement
in DVH metrics and robustness levels for restored plans, with respect to not-
adapted plans. According to CTV coverage criteria (D95%>95%Dprescription)
in not-adapted plans, 35% (5/14) of the cases needed offline adaptation. After
DR, Median(D95%) was increased by 1.1 [IQR,0.4] Gy and only one patient out of
14 (7%) still needed offline adaptation because of important anatomical changes.
DR has the potential to improve CTV coverage and reduce offline adaptation rate.

Highlights

e An online adaptive workflow based on automatic dose restoration (DR) was
implemented.

e DR aims at compensating density changes by reproducing the planned dose.

e DR mitigates the impact of inter-fractional density changes in lung IMPT
treatments .

e The need of comprehensive offline adaptation is reduced by introducing DR.

e DR improves target coverage and robustness respect to no adaptation.
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2.1 Introduction

The sharp distal dose fall-off of the proton beams makes proton therapy (PT) an
attractive alternative to conventional X-ray radiotherapy (XT). In particular, lung
cancer patients may benefit from PT, as critical organs at risk (OAR) like the
heart and oesophagus may surround the target. Studies showed that, compared
to XT, intensity-modulated proton therapy (IMPT) has potential to improve OAR
sparing whilst maintaining, or even increasing the prescribed dose to the target
[204, 205, 206, 14, 24] and thus lead to better clinical outcomes i.e. less toxicity
and higher survival rates [207, 208, 209, 210, 51].

The sharp dose gradients produced by IMPT vyields dose distributions with in-
creased sensitivity to treatment uncertainties such as patient setup, inter- and
intra-fractional anatomical variations [15, 16]. This issue should not be addressed
as typically done in XT, i.e. expansion of the clinical target volume (CTV) with
safety margins leading to the planning target volume (PTV). The main reason is
the invalidity in PT of the static dose cloud approximation underlying the PTV
margin recipes. Therefore, more complex treatment planning procedures have
been introduced such as robust optimization (RO) [97, 73, 72, 211, 212], where
uncertainties are simulated during plan optimization. The interplay between respi-
ratory and scanning motions must also be addressed cautiously, for instance using
rescanning [213, 62].

Unfortunately, RO has several limitations. It is a computationally-intensive
procedure, based on uncertainty parameters that are not patient specific (setup
and range errors), which typically excludes important types of errors like day-
to-day anatomical variations. However, those anatomical variations may have a
critical impact, since about 30% of IMPT lung patients require adaptive planning
even though they were initially planned using RO [24, 30]. Furthermore, some
studies report that adaptation is highly recommended [212] or even mandatory
[22] for advanced lung cancer treated with IMPT, since it ensures target coverage
and improves treatment accuracy from a dosimetric point-of-view.

The degradation of plan quality observed in PT is caused by 1) dose distor-
tions due to density changes along the beam path (PT specific) and 2) relative
movement between anatomical structures. In order to handle both issues, a full
adaptative workflow is necessary. However, its implementation requires consider-
able automation for a practical usage in clinical practice, typically characterized
by tight clinical workflows. Automation is not straightforward, as it requires the
generation of reliable new contours and a new plan, together with their associ-
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ated verification and approval. The lack of automation is one of the key reasons
preventing the deployment of online adaptive on a wide scale [155, 214].

As an alternative, dose distortions caused by density changes could be com-
pensated by restoring the clinically approved planned dose. This approach, called
‘dose restoration’' (DR), was first introduced for online adaptation of prostate can-
cer [34], and later tested for head-and-neck and one lung tumors [33]. DR aims at
reproducing the planned dose using density information from the new (repeated)
CT, by generating a new (restored) plan with updated proton beam energies and
spot weights, thereby removing the need for contour deformations. In such ap-
proach, automation was facilitated. Differences in dose distributions can indeed
be quantified without qualitative evaluation by an expert, which is not the case
for auto-segmentation. However, the clinical value and robustness of DR in lung
remains to be assessed on a larger patient cohort. In this study, we evaluated the
clinical value of the restoration workflow for 14 lung IMPT patients. Limitations
with respect to a full adaptive workflow, where changes in relative positions and
shapes of anatomical structures are considered, were also addressed.

2.2 Materials and methods

2.2.1 Lung patients data base

Fourteen lung cancer patients treated with photons were re-planned retrospec-
tively using IMPT. A 4D-planning-CT and two repeated 4D-CTs (rCT1, rCT2)
acquired systematically after 2 and 4 weeks of radiotherapy were available for
each patient. For patient 9, rCT2 was missing. Patients were representative of
a patient population with different tumor sizes (79-433 cm?) and motion ampli-
tudes (1.1-11.1 mm), more characteristics can be found in the Appendix A, Table
A.1. A joint ethical committee of Cliniques Universitaires St. Luc and UCLouvain
approved the collection of the retrospective data used in this study.

2.2.2 Initial treatment planning strategy

Following the European Oganization for Research and Treatment of Cancer
(EORTC) protocol [215], a 5 mm expansion was applied to the GTV (Gross Tumor
Volume) to create the CTV, and corrected to account for anatomical boundaries.
The treatment planning system (TPS) RayStation 8A (RaySearch) was used to
perform 4D worst-case robust optimization against breathing motion, setup and
range errors. Robust parameters of 5 mm and 3% for setup and range errors,
respectively, were used and extracted from literature [212, 216, 217]. Motion was
modelled by using 3 images: the mid-position-CT (MidP-CT), used as planning
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CT, together with the end-inhale and end-exhale breathing phases [218]. This
combination of motion, setup and range errors led to 63 optimization scenarios : 7
(setup: £5mm in x,y,z directions plus nominal scenario) x 3 (density: +3%,0%)
x 3 (three breathing-phases).The treatment plans were optimized using pencil
beam dose engine (v4.2) and setting robust maximum and minimum objectives
on the CTV. TPS calculations/optimizations were run on 2 Intel(R) Xeon(R)
CPU-E5-2643-v3 3.40 GHz processors with 64 GB of RAM. A relative biological
effectiveness (RBE) of 1.1 was assumed. The prescribed dose (Dp) to the CTV
was 66 Gy (33x2 Gy).

2.2.3 Our proposal: the dose restoration (DR) workflow

Figure 2.1 illustrates the proposed adaptive workflow, including the online adap-
tive branch with automatic DR that did not require re-contouring on rCTs. The
dose restoration approach used here was the “isodose volume dose restoration”,
introduced by Bernatowicz et al. [33]. For preparing the DR, an additional step
was performed during the planning stage compared to a regular planning proce-
dure (see section 2.2.4). Online DR must be automatic, fast (patient is lying on
the couch) and accurate (generates high quality plans that minimize the physician
approval step). It is important to remember that DR only addressed distortions
due to density changes. DR can account for tumor shrinkage for example, while
for large tissue deformations and geometrical reorganization of the anatomy, an
offline adaptation is necessary.

2.2.4 The isodose based optimized plan

First, a set of isodose volumes was constructed from the initial dose distribu-
tion obtained using the method described in section 2.2. Isodose volumes were
created every 2 Gy within 95%—-107% of the prescription dose and 5 Gy outside.
Subsequently, an isodose-based optimization (IBO) was performed using a pair of
minimum and maximum objectives for each isodose volume. Finally, the objective
weights were manually adjusted in order to match IBO and initial plan DVHs. The
objectives at isodoses corresponding to dose prescription were set as robust, using
the initial robustness parameters (5 mm/3%/3phases). The resulting weighted
objectives were saved in a patient-specific template, which served later to opti-
mize the restored plan. Hence, each patient had two plans at the planning stage:
the initial and the IBO plan. We assumed the IBO dose as the approved and de-
livered reference dose since the IBO and initial dose distributions were equivalent
i.e. they both met clinical goals and presented overlapping DVHs.
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Figure 2.1: Example of the proposed adaptive workflow, which combines offline and online-
adaptive strategies including dose restoration to perform optimal IMPT proton treatment. Three
different stages are presented in this workflow: planning, adaptation and delivery day. If online
adaptation strategy is chosen, the adaptation stage is performed on the delivery day. (*): The
Isodose Based Optimized (IBO) plan is the key that automatizes dose restoration re-optimization.

2.2.5 DR on the treatment day: image registration, contour map-
ping and re-optimization

Bony-anatomy based rigid registration was performed between planning MidP-
CTs and repeated MidP-CTs for patient positioning. Bony matching has been
historically used in PT clinical routine to reproduce the relative position of bones
with respect to protons [219, 220]. Using the registration matrix, contours (iso-
doses, OAR and target) were mapped from the planning MidP-CT to the repeated
MidP-CTs. Afterwards, the previously calculated IBO template was used to re-
optimize the plan.

2.2.6 Evaluation metrics

The impact of density changes was analysed by evaluating the treatment plans
on two repeated 4D-CTs (rCT1, rCT2). The reference plans (IBO-plans), were
recalculated on repeated-CTs. Not adapted dose distributions were compared
to restored doses using dose-volume parameters such as D95%(CTV) (dose re-
ceived by 95% of the target volume), and the homogeneity index HI = (D95%-
D5%),/D50%). Clinical limit for target coverage was defined at 95% of the pre-
scribed dose, i.e. D95%(CTV) > 95%Dp (66 Gy) = 62.7 Gy.
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For robustness evaluation, the reference (IBO), restored and not adapted plans
were re-computed in the same 63 scenarios used for optimization (5 mm, 3%,
3 breathing phases) using RayStation dose perturbation tool. The DVHs from
the 63 simulated uncertainty scenarios were grouped into DVH-bands. The band-
width served to measure the robustness level. Propagation of the robustness level
through DR was analysed. For each DVH-metric (D95%(CTV), D2%(SpinalCord)
or mean dose in OAR) nominal and worst-case scenarios values were reported. Dif-
ferences respect to the reference dose were compared for not adapted and restored
plans.

Dose-volume parameters and robustness were evaluated in the rigidly mapped
contours (RS,4p) and in the contours (OAR and targets) recontoured by an expe-
rienced radiation oncologist. This last set will from this point onward be denoted
as ‘real” structures (RS,q;). Evaluations were performed for the two repeated-CTs
(rCT1,rCT2).

Dice similarity coefficient (DSC) was calculated between CTV,;,4, and CTV, .y
to quantify the accuracy of the rigid registration between planning and repeated-
CTs (Appendix A, Table A.2). This statistical tool which measures the similarity
between two data sets X,Y (2| X NY|/(|X|+ |Y])) is often used to evaluate the
accuracy of segmentation methods.

To ensure a reliable and accurate dose mimicking, we also analysed local dif-
ferences respect to the reference (IBO) dose in four different dose level regions
(prescribed, high, medium and low dose) following Bernatowicz et al.(2018)[33].
Subtractions between the evaluated (not adapted/adapted) and reference doses
were performed. Absolute dose difference at 2% of the volume was reported for
each region (for instance DE(vol = 2%) = 5 Gy means that only 2% of the volume
may have a dose difference superior to 5 Gy). This metric characterized the near
maximum absolute dose error.

Analysis were performed using boxplots calculated with values of the 14 patients.
Medians [interquartile range(IQR)] from not adapted versus restored doses in rCT1
and rCT2 were reported and compared using Wilcoxon signed-rank test (paired
difference test), in order to assess the statistical significance. Differences between
not adapted and restored metrics where considered statistically significant for a
p-value < 0.05.
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2.3 Results

2.3.1 DR improves target coverage and homogeneity index

Figure 2.2 presents D95%(CTV) and homogeneity index (HI) values evaluated
in the nominal scenario, which represents the scenario without added uncertainty.
Even in this case, 35% (5/14) in rCT1 and 23% (3/13) in rCT2 of patients would
have benefit from adaptation to ensure clinical acceptable target coverage.

As observed in Figure 2.2, reference plans were significantly distorted without
adaptation, leading to CTV underdosage and higher HI in both repeated-CTs.
Both metrics were improved after restoration, showing that DR can deal with
over/under-dosages.
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Figure 2.2: D95%(CTV) (dose received at 95% of the CTV) and HI values from nominal sce-
nario are represented using boxplots. The nominal scenario stands for doses without any simulated
uncertainty, which means without robust assessment. Each boxplot contains the 14 patient’s in-
formation for a certain plan (not adapted/restored) evaluated on different images: planning CT
and two repeated-CTs. The clinical limit is achieved if dose received at D95%(CTV) is higher
than 95%(Dp(66 Gy)) = 62.7 Gy. Abbreviations: Dp=Prescribed dose, HI=Homogeneity index,
pCT=planning CT, rCT1=first repeated CT , rCT2=second repeated CT.

Without adaptation, in RS;,q,, Median(D95%(CTV)) was reduced from 65.2[0.5]
Gy to 63.7[1.39] Gy (rCT1) and to 64.2[1.28] Gy (rCT2). For the RS,¢q;, Me-
dian(D95%(CTV)) fell to 63.6[3.4] Gy (rCT1) and 63.6 [1.4] Gy (rCT2). After
restoration, target coverage was also re-established increasing Median(D95%(CTV))
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to 65.1[0.4] Gy (rCT1) and to 65.0[0.5] Gy (rCT2) in RS, and to 64.5 [2.0] Gy
(rCT1) and to 64.7[1.3] Gy in RS,c4. In all restored cases (RS;,qp and RS,cqr),
D95%(CTV) values were maintained within clinical limits, except for RS,q; in
patient 6. In this case, the rigid registration failed due to substantial differences
in the anatomy. As a result, the RS,,; did not match RS;;,4;, (DSC of 0.36 (rCT1)
and 0.32 (rCT2)), and the initial dose was reproduced in the wrong location. Only
in this case, offline adaptation was absolutely needed to ensure CTV coverage.

2.3.2 DR increased also robustness levels

Figure 2.3 shows the deviations from the reference dose for not adapted and
restored plans in nominal and wort-case scenarios for D95% (CTV), D2% (Spinal-
Cord) and MeanDose (Lung/Heart/Esophagus).
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Figure 2.3: Differences respect to the reference dose in nominal and worst-case metrics re-
ported from DVH-bands were represented using boxplots. The median calculated among four-
teen patients is shown by the horizontal line within boxes. Results were evaluated for both
repeated-CTs(rCT1,rCT2) in: mapped contours (RSmap) a),b) and real contours (RS;car) c),d).
Abbreviations: nom = nominal, wec = worst case, MD = mean dose, D2 = D2% dose received
at 2% of the volume; PRV SC = Spinal Cord.
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After adaptation, median values were closer to zero, indicating that the repro-
duction of the initial dose was improved. Some OAR (e.g. spinal cord) even
got lower doses. Adapted plans also showed improved results in worst-case DVH-
metrics.

Larger variabilities were observed in RS;.,; (Figure 2.3.c and .d) compared to
RSyap (Figure 2.3.a and .b). However, in both contour sets, all restorations
improved target coverage and recovered OARs metrics closer to original values.
The number of outliers increased in RS,..q;, with most outliers corresponding to
patient 6, who had significant CTV underdosage and heart overdosage.

Outliers representing an overdosage in the esophagus on rCT2 (Figure 2.3.d)
were associated to the entrance of the esophagus into a high dose region, caused by
tumor shrinkage. Underdosage in the CTV and overdosage in D2(PRV SC) worst-
case in rCT2 (Figure 2.3.d) correspond to patient 8. In this case, the robustness
level was not achieved in rCT2, being translated into a wider CTV DVH-band.
This is probably due to contour miss-alignment characterized with a DSC of 0.67.

There was no significant dose difference for lung, heart and esophagus between
not adapted and restored plans (p > 0.05). However statistical significance (p <
0.05) was observed in target coverage and maximum dose (D2%) in the spinal
cord, for nominal and worst-case values (see Table 2.1).

Mapped contours (RS,,,,;,) Real contours (RS,..)
p (rCT1) p (rCT2) p (rCT1) p (rCT2)

D95(CTV)-nom 0.0001 0.0010 0.0002 0.0005
D95(CTV)-wc 0.0005 0.0024 0.0295 0.0029
MD(Lung-GTV)-nom  0.6533 0.9063 0.8325 0.6914
MD(Lung-GTV)-wc 0.9679 0.6328 0.9883 0.8926
D2(SpinalCord)-nom 0.0166 0.0134 0.0580 0.0269
D2(SpinalCord)-wc 0.1465 0.2163 0.0906 0.2930
MD(Heart)-nom 0.1328 0.0811 0.2251 0.3955
MD(Heart)-wc 0.1851 0.1230 0.2578 0.2490
MD(Esophagus)-nom 0.9863 0.6563 0.7494 0.7764
MD(Esophagus)-wc 0.9604 0.3696 0.8394 0.5049

Table 2.1: Summary of Wilcoxon's signed rank test p-values in the two contours sets : mapped
contours (RS_maps) and real contours (RS_real) for both repeated-CTs(rCT1, rCT2). Abbrevi-
ations : D95(CTV) = dose received at 95% of the CTV, MD = mean dose, D2(SpinalCord) =
dose received at 2% of the volume of the spinal cord, nom = nominal, rCT = repeated CT, wc
= worst-case.
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Figure 2.4 shows an example (Patient 9) of CTV underdosage close to clinical
limit, causing the robustness test to fail. After DR, target coverage was improved
and robustness level was recovered close to initial values.

——CTV(T+LN)
Esophagus
Heart
Lungs-GTV
PRV SC
95%Dp

= = 105%Dp

- = 95%Volume
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Figure 2.4: Patient 9. DVH-bands resulting from the robustness tests are presented together
with their corresponding nominal dose distributions. The continuous line represents the nominal
scenario while the band collects the information from the evaluated uncertainty scenarios. The
dashed lines represent the clinical limits (D95%> 95%Dprescribed). The pair of results (dose
distribution/DVH-bands) are shown for the initial IBO plan (in the planning CT), the not adapted
and the restored plans (in the first repeated-CT). Abbreviations: pCT = planning-CT, rCT1 =
first repeated-CT, rCT2 = second repeated-CT; CTV(T + LN) = CTV(tumor and nodes); PRV
SC = Spinal Cord; Dp = Prescribed dose.

2.3.3 Local dose differences were reduced using DR

Figure 2.5 presents near maximum dose errors (DEvol = 2%) in four different
regions: prescription (>95%Dp), high (65-95%Dp), medium (35-65%Dp) and
low (<35%Dp) dose levels. DR could reproduce the dose with high accuracy and
precision in the whole patient volume, with Median(DEvol = 2%) < 4 Gy in all
dose level volumes. Dose differences between not adapted and restored doses were
statistically significant (p < 0.05) in all regions for both rCTs. Median(DEvol =
2%) of the entire dose region was decreased from 9.2[5.2] Gy (rCT1) and 8.2[4.7]
Gy (rCT2) in the not adapted plans to 3.1[2.3] Gy (rCT1) and 2.9[1.7] Gy (rCT2)
in the restored plans. Additionally, DR precision, represented by the IQR, was
decreased by a factor two respect to not adapted plans.
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Figure 2.5: Absolute dose error respect to the reference dose in small volumes DE(vol = 2%)
represented in boxplots for 4 different regions corresponding to prescription, high, medium and
low dose levels. Abbreviations: rCT1 = first repeated-CT, rCT2 = second repeated-CT.

2.4 Discussion

In this study, the clinical value of the DR tool for lung IMPT accounting for inter-
fractional density changes, in order to reduce the need of offline adaptation was
evaluated. We observed that introducing DR reduced offline adaptation rate from
36%(5/14) to 7%(1/14).

Fast and accurate DR will be sufficient for the majority of the clinical cases.
However, issues such as (1) changes in the relative positions of anatomic structures
or (2) poor quality registrations may cause an imperfect overlap between rigidly
mapped and real contours. In such cases, the positive effects of DR will be less
noticeable despite a successful reproduction of the initial dose, since it will be
reconstructed in the wrong location. The first issue is not unique to PT, it could
be solved as in XT, using a more comprehensive offline adaptation including re-
contouring. For online adaptation, extensive quality assurance (QA) of tools as
auto-contouring [183, 221] or automated planning techniques [222, 223] would be
needed. A possible solution for (2) could be other registration strategies such as
soft-tissue or carina-based positioning [224]. Bony registration could be preferred
in current practice for ensuring correct alignment of the bones with respect to
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proton paths and avoid dose distortions. However, soft tissue or carina based
positioning could be implemented safely due to inherent corrections brought by
restoration.

Based on local dose differences analysis, regions of prescribed dose consistently
showed better performance with the lowest Median(DEvol = 2%) = 1.7 Gy in
restored plans. These results, together with the Median(DE(2%vol)) < 4 Gy for
entire dose region, were consistent with Median(DE(2%vol)) < 5 Gy obtained by
Bernatowicz et al. [33].

Uncertainty sources such as motion, setup and range errors were included in
the DR robust re-optimization. DR could improve nominal and worst-case DVH-
metrics in RS,,q, as well as in RS,.4; respect to no adaptation. Lower differences
in worst-case values from the DVH-bands of restored plans indicated that adapted
plans were more robust than not adapted plans.

Interplay effect was not addressed in this study since it is not a problem specific
to DR but to IMPT for mobile-targets in general. Issues associated to inter-
play have been studied and well known solutions such as re-scanning have been
proposed in the literature to compensate this effect [217, 225, 63, 62].

As investigated in Van Der Voort et al. [211] for oropharyngeal cancer, the
magnitude of range and setup robustness parameters can be approximated as a
function of systematic and random uncertainties. Hence, by increasing the initial
plan robustness, less adaptation should be required. The implementation of an
online adaptive workflow with DR opens the possibility to reduce margins and/or
decrease robustness parameters, compared to non-adaptive workflows. However,
the relationship between the robustness parameters and the adaptation rate must
be studied carefully on a suitable patient cohort.

Using DR, the initial plan was adapted to the new patient density. The original
plan was preserved (beam arrangement, target volumes) whilst re-optimization
allows for modifications in proton energies and spot weights in order to reproduce
the original dose. Keeping the reference dose distribution unchanged is the key
to minimize the physician’s approval step in a fully online adaptive workflow.
However, despite restoring the approved planned dose, online adaptation requires
modification of the pre-treatment patient-specific QA procedure. For instance,
a previous QA could be performed using a fast-independent dose calculation,
followed by a more extensive analysis using machine log files after delivery [104,
102, 151]. Both procedures (pre/post treatment) could identify patients that
require offline adaptation because of anatomical changes DR cannot account for.
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Clinical implementation of DR, will mostly impact the workload at the planning
stage since the IBO plan needs to be optimized. Pencil Beam dose engine was
used to speed up the workflow since Monte Carlo optimization was not needed to
prove the suitability of the method, which focused more on the clinical feasibility of
automating the process than on speed. DR workflow was able to generate plans of
acceptable quality (accounting for density changes), in around 30 min [28 min 20 s
— 31 min 21 s]. Since re-optimization is the most time demanding step, advanced
optimization techniques, as scenario selection [98] and added computational power
can make the time scale compatible with typical online treatment settings.

By routinely acquiring high quality patient volumetric images (e.g. in-room
CT on rails), systematic setup errors can be mostly mitigated, allowing DR to
deal primarily with the range errors. However, on-board CBCT could also be
considered, but this requires advanced image quantification features in order to
use CBCT information for dose computation [142, 226, 143].

Dose differences between not adapted and restored plans were statistically sig-
nificant (p < 0.05) in all dose regions, the target volume and the spinal cord. No
statistical signification was found for heart, lung and esophagus. However, this is
not surprising since dose deviations between not adapted and planned dose distri-
butions were in general small in organs-at-risk. In addition, it must be noted that
patients who did not need adaptation were also included in our statistical analysis.
More statistically significant results could have been achieved if we had included
only patients that needed adaptations. Yet, we achieve statistical significance for
target volumes, all dose regions, and the spinal cord.

Finally, performing fast and accurate DR improved CTV coverage for all patients
in comparison with no adaptation. DR key objective was to meet the planning
criteria set by the radiation oncologists which were judged as clinically relevant.
Since restoration allowed to get closer to the validated initial plan, and sometimes
reestablish the planning criteria, this improvement is, by definition, clinically rel-
evant. ldeally, DR could be considered as standard clinical practice, in the same
way as daily registration based on volumetric images.

In conclusion, most of the investigated lung cases would benefit from DR. This
online adaptive workflow (based on rCTs) did not require new contour segmenta-
tion nor deformation. DR was validated in rigidly mapped contours as well as in
the real delineated contours by the physician. DVH-metrics and robustness were
improved by DR in the new patient anatomy compared to no adaptation.
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Chapter 3

Clinical value of online dose
restoration for head and neck cancer

The content presented here comes from the published article: Evaluation of the
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Summary

Background and porpuse: Intensity modulated proton therapy (IMPT) is highly
sensitive to anatomical variations which can cause inadequate target coverage
during treatment. This study compares not-adapted (NA) robust plans to two
adaptive IMPT methods - a fully-offline adaptive (FOA) and a simplified automatic
online adaptive strategy (dose restoration (DR)) to determine the benefit of DR,
in head and neck cancer (HNC).

Methodology: Robustly optimized clinical IMPT doses in planning-CTs (pCTs)
were available for a cohort of 10 HNC patients. During robust re-optimization,
DR used isodose contours, generated from the clinical dose on pCTs, and patient
specific objectives to reproduce the clinical dose in every repeated-CT(rCT). For
each rCT(n = 50), NA, DR and FOA plans were robustly evaluated.

Results: An improvement in DVH-metrics and robustness was seen for DR and
FOA plans compared to NA plans. For NA plans, 74%(37/50) of rCTs did not
fulfill the CTV coverage criteria (D98%>95%Dprescription). DR improved target
coverage, target homogeneity and variability on critical risk organs such as the
spinal cord. After DR, 52%(26/50) of rCTs met all clinical goals. Because of
large anatomical changes and/or inaccurate patient repositioning, 48%(24/50) of
rCTs still needed full offline adaptation to ensure an optimal treatment since dose
restoration was not able to re-establish the initial plan quality.

Conclusion: Robust optimization together with fully-automatized DR avoided
offline adaptation in 52% of the cases. Implementation of dose restoration in
clinical routine could ensure treatment plan optimality while saving valuable human
and material resources to radiotherapy departments.

Highlights

e An online adaptive strategy was compared to not-adaptation of robust clin-
ical plans and offline adaptation.

e Not-adapted robustly optimized plans achieved adequate target coverage in
up to only 26% of repeated-CTs.

e Dose restoration yielded adequate target coverage in 52% of repeated-CTs

e Dose restoration reduced the dose to most organs-at-risk compared to not-
adaptation of robust clinical plans.

e Full offline adaptation was still required in 48% of repeated-CTs.
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3.1 Introduction

Intensity-modulated proton therapy (IMPT) has shown the potential to reduce the
dose to the organs at risk (OAR), while keeping a similar target coverage com-
pared to intensity-modulated radiation therapy (IMRT) [227, 228] and volumetric
modulated arc therapy (VMAT) [228, 229] in head and neck cancer (HNC). Lower
dose levels in critical OAR translates into reduced radio-induced toxicities such as
xerostomia, dysphagia, or tube feeding dependence [230, 231, 50, 232, 233]. How-
ever, IMPT is highly sensitive to patient anatomical changes due to the nature
of proton interaction with tissues. The initially planned Bragg Peak positions can
be altered by density changes along the beam path caused by tumor shrinkage,
weight loss, positioning errors, or shifts in tumor and organ locations. Fraction
after fraction, these uncertainties can cause distortions on the approved clinical
plan and compromise plan quality [15, 16, 17].

Different techniques have been proposed to mitigate the distortion of the initial
plans due to inter-fractional density changes and anatomical deformations: ro-
bust treatment planning, offline and online adaptive IMPT. Robust optimization
(RO) strategies include uncertainties during spot weight optimization and lead to
dose distributions that are resilient to specific uncertainties, classically systematic
setup and range errors [77]. More sophisticated approaches, such as anatomical
RO, also include anatomical scenarios during plan optimization [124, 234, 125].
Nevertheless, it remains difficult not to compromise the optimality of the IMPT
plan while trying to cover a wide range of possible anatomical changes. RO can
provide robustness against some density and anatomical changes but it is not the
ultimate solution, treatment plan adaptation is still required [229, 17, 200, 235].

A typical full offline adaptation can take several days in the clinical workflow
since it requires re-contouring, re-planning, treatment plan approval and additional
quality assurance. In the meanwhile new anatomical changes could occur. In order
not to delay treatment delivery, another possibility is to perform an online plan
adaptation while the patient is on the treatment couch. Implementation of full
online adaptation is very challenging since it requires completing the adaptation
workflow steps in a very short time. Ideally, re-contouring would rely on automatic
contour propagation based on artificial intelligence tools and/or deformable im-
age registrations but for the moment they cannot be used independently without
human intervention [236], and would therefore still require approval by the doctor.

As an alternative, online adaptive strategies based on the restoration of the dose
have been proposed [33, 34]. The idea is to keep the planned dose distribution
stable in every fraction by generating a new (restored) plan with updated proton
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beam energies and spot weights. The advantage of these strategies is that they
do not require new contour delineation prior to re-optimization, contours from the
planning-CT are instead rigidily mapped. Promising results illustrate the potential
to mitigate inter-fractional dose distortions while maintaining target coverage for
lung [237] and prostate cancer [238].

This study compares a not adapted robust planning strategy (RO) with two
active adaptive IMPT strategies: a fully-offline adaptive (FOA) strategy and a
robust automatized online adaptive strategy based on dose restoration (DR). The
added clinical value and/or limitations of dose restoration in HNC patients with
respect to a full adaptive workflow, including the impact of changes in relative
positions and shapes of anatomical structures, are investigated.

3.2 Materials and methods

3.2.1 Patient data and dose prescription

This study included data of ten HNC patients (see Table 3.1), with a planning
CT scan (pCT) and four to six repeated CT scans (rCTs) per patient. Clini-
cal treatment plans were generated at the Department of Radiation Oncology of
Maastricht University Medical Center (MAASTRO Clinic, Maastricht, The Nether-
lands) and delivered using the MEVION S250i Proton Therapy System with HY-
PERSCAN Pencil Beam Scanning [239]. Institutional review board approval was
granted for this study. The patients were treated with a prescription dose of 70
GyRBE to the high-dose clinical target volume (CTV) and 54.25 GyRBE to the
low-dose CTV in 35 fractions, using a constant relative biological effectiveness
(RBE) factor of 1.1. The spinal cord, parotids, submandibulars and the oral cav-
ity were defined as OAR. Target and OAR delineations performed by experienced
radiotherapy oncologists were available on all pCTs and rCTs.

3.2.2 Treatment planning strategies

Three different planning strategies aiming at clinically acceptable doses in each
rCT were compared. Robust optimization (RO) planning without treatment adap-
tation and two active adaptation strategies: online dose restoration (DR) and full
offline adaptation (FOA), were applied and evaluated as described in Figure 3.1.
All dose calculations were run in RayStation 10A (Raysearch Laboratories, Stock-
holm, Sweden) using the Monte Carlo algorithm in a 3.0 x 3.0 x 3.0 mm? dose
grid.
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Days after pCT for each rCT

Patient Adaptation Location N_beams 1rCT 2rCT 3rCT 4rCT 5/CT 6rCT
1 Y Nasopharynx 7 20 27 34 41 48 55
2 Y Larynx 4 25 33 39 47 - -
3 Y Oropharynx 5 17 23 30 36 44 -
4 N* Oropharynx 5 16 23 30 37 44 -
5 Y Oropharynx 5 15 22 28 35 41 44
6 Y Oropharynx 4 24 29 38 44 50 -
7 Y Hypopharynx 4 26 34 40 43 - -
8 N* Nasopharynx 9+ 21 28 35 42 49 -
9 Y Hypopharynx 5 18 22 29 36 43 54
10 Y Oropharynx 5 10 17 24 31 - -

Table 3.1: Characteristics of the head and neck IMPT patient data-base. Abbre-

viations: Y = Yes, N = No, pCT = planning-CT, rCT =
not being adapted during treatment but with clinical goals
the fractions. +Due to the limited field size two different
for this patient.

1.a) Planning strategies

Robust optimization
(RO)

Dose restoration (DR)

Classical robust planning
21 scenarios:
7 setup error (SE)
3 range error (RE)

Isodose based optimized (1BO) plan

- Isodose generation from RO plan
- Robust planning 21 scenarios
(SE =3mm, RE = 3%)
- Manual adjustment of the weights for min
and max objectives on isodose contours
- Save patient specific IBOtemplate

Pre - treatment
(planning CT)

(SE =3 mm, RE =3%)

repeated-CT, *Patients
not achieved in some of
isocenters were needed

Full offline adaptation (FOA)

Full offline re-optimization

- Manual re-contouring

- Manual tuning of objective's weights

- Additional objectives if needed

- Robust re-optimization 21 scenarios
(SE =3mm, RE = 3%)

- E Fully automated dose restoration
o5 5 g - Automatic rigid registration pCT-rCT
5 E 5e - Rigid mapping of isodoses, CTVs, OARs
= E S£3 - Load IBOtemplate
= g,‘ - Robust re-optimization 21 scenarios
= (SE =3mm, RE =3%)
1. b) Evaluation strategy

Not adapted plan (NA) ‘ ’ Restored plan (DR)

Fully offline adapted plan (FOA)

Robust evaluation on rCTs
re-calculation on rCTs for

28 (14 x 2) perturbed
scenarios

Setup errors (SE = 1 mm)
(+SE, 0, 0)
(0, +SE, 0) 6
(0, 0, £SE)
(+SEN3,+SEN3,+SEA3) 8

0
c
80
=g
]

ER
]
s a
w g
=

14 (6 + 8)
SE scenarios

{

Range errors (RE = 3%)

2 RE scenarios

(+RE, - RE)

Figure 3.1: Summary of 1.a) the three planning strategies compared in this study and 1.b) the

robustness evaluation.
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3.2.3 Method 1: Robust treatment planning

A robustly optimized (RO) treatment plan was created on the pCT applying
classical worst-case robust optimization (setup error (SE) = 3 mm, range error
(RE) = 3%). SE scenarios included patient shifts in the three axes of the space
x,y,z (£SE, 0, 0), (0, +£SE, 0), (0, 0, £SE) and the nominal scenario (0,0,0).
Range robustness was also included to account for uncertainties in the conversion
from CT numbers to proton stopping power ratios. RE scenarios were modeled
by scaling the mass density by + 3%. The nominal scenario (i.e. 0%) was also
included. The combination of seven SE scenarios and three RE scenarios lead to
an optimization with twenty-one (7x3) error scenarios.

Robust optimization was followed by a robust evaluation using the same robust-
ness parameters (SE = 3 mm, RE = 3%). RO plans satisfied, in nominal and
worst-case scenarios, the following clinical goals for both the high- and low-dose
target volumes: D98% 95% and D2% 107% of the prescription dose, where
D98% and D2% are the doses received at 98% and 2% of the target volume,
respectively. For the OAR, the constraints were: D0.03 cm? < 45 Gy in the spinal
cord, Dmean < 26 Gy to both parotids, both submandibular glands and the oral
cavity.

3.2.4 Method 2: Dose restoration (DR)

The dose restoration approach used in this study was the isodose volume dose
restoration, an in-house developed workflow introduced by Bernatowicz et al. [33]
and further investigated by Borderias et al. [237]. Dose restoration was fully-
automatized using RayStation scripting but required the generation of an addi-
tional pre-treatment plan compared to a regular planning procedure (see Figure
3.1).

First, isodose contours were constructed from the clinical dose in the original
plan on the pCT (every 2 Gy within 95%-107% of the prescription dose and 5 Gy
outside). Later, still at the planning stage, optimization parameters (i.e., a set
of weighted minimum and maximum objectives) were manually tuned in order to
generate the so-called isodose-based optimized (IBO) plan, which reproduces the
planned isodose distributions. Robust objectives were set for the isodoses corre-
sponding to prescription dose levels (70 and 54.25 Gy) and the CTVs. The isodose
levels and optimization parameters of the IBO plan were saved in a patient-specific
template (IBO template) to be further used for fully-automatized dose restoration
on rCT as follows.
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After the acquisition of the rCT, automatic rigid registration based on the bony
anatomy was performed between the pCT and the rCTs. Then, the previously
generated isodose contours and the delineated CTVs and OAR on the pCT were
rigidly mapped to the rCT. The clinical plan on the pCT was used as a warm-
start for adaptation. The same beam configuration, beam computation settings,
robustness parameters and spot position initialization were used for re-optimization
together with the patient-specific IBO template generated on the pCT. Restored
plans were characterized by updated spot weights and energies.

3.2.5 Method 3: Full offline adaptation

Instead of using rigidly mapped contours, FOA plans were manually and ro-
bustly re-optimized based on manually delineated contours available on the rCTs.
The same optimization objectives as in the clinical plans on the pCT were used.
Objective weights were manually adjusted to meet the clinical goals and extra
optimization objectives were added if necessary.

3.2.6 Robust evaluation of the methods

The clinical plan, which is robustly optimized on the pCT, the DR plan, and the
FOA plan were robustly evaluated on the rCTs. Robust evaluation was performed
simulating 28 uncertainty scenarios (14 SE scenarios x 2 RE scenarios) for each of
the plans. As described in Figure 3.1.b, the sampling of the setup error scenarios
included the 6 principal directions (6 red dots) and the diagonals from the center
to the vertices (8 green dots) as suggested in Korevaar et al. [101]. From this
point on, we will refer to the evaluation (i.e. re-calculation) of the clinical plan
on rCTs as the non-adapted (NA) plan, as this plan was not actively adapted.
Plan parameters such as energy layers, number of spots or spot weights were not
modified when recomputing the dose for this plan on the rCTs.

3.2.7 Evaluation metrics

D98% and D2% were the dose-volume parameters evaluated for both the high-
and low-dose target volumes, while D0.03 cm3 was used for the spinal cord and
mean doses for the other OAR. Since our main objective was to assess the repro-
duction of the clinical dose on the rCTs, we did not focus on absolute dosimetric
values. For each metric, we instead analyzed the differences of the NA, DR and
FOA plans with respect to the clinical dose for the nominal and the worst-case
scenarios.

The nominal and worst-case values of the clinical dose were extracted from the
robustness evaluation (SE = 3 mm, RE = 3%) of the RO plan on the pCT. Nomi-
nal (SE = 0 mm, RE = 0%) and worst-case values (SE = 1 mm, RE = 3%) out of
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all scenarios of NA, DR and FOA plans were reported on the manually delineated
contours. Median values and interquartile range (IQR) of the differences with
respect to the clinical dose were calculated for each metric over the 50 rCTs.

Wilcoxon signed-rank tests were performed to assess the statistical significance
of the differences between dose metrics for each strategy. We were interested
in the performance of adaptation workflows (DR and FOA), especially when the
not-adapted plans were distorted (i.e., not meeting the clinical goals on the rCTs).
Hence, for cases where the not-adapted plan differed less than 0.5 Gy with respect
to the clinical plan on the pCT were not included in the significance tests. A p-
value < 0.05 was considered statistically significant.

The Dice similarity coefficient (DSC) was calculated between the manually de-
lineated and rigidly mapped contours on the rCTs to quantify the accuracy of the
rigid registration between the pCT and the rCTs.

3.3 Results

3.3.1 Analysis of DVH-metrics

For the NA plans, the clinical goals for the target coverage (i.e., D98% 95%) in
the nominal scenario were only met in 26% (13/50) of the rCTs. After performing
DR, the percentage was increased to 52% (26/50). All plans met all clinical goals
when full off-line adaptation was applied.

Figure 3.2 shows the differences in DVH-metrics between the approved clinical
plan on the pCT and the NA, DR, and FOA plans in the OAR and CTVs with two
prescription levels: high-dose CTV and low-dose CTV. Target coverage (D98%)
of the high-dose CTV was significantly lower for NA plans compared to the DR
and FOA plans (both p < 0.0001, Appendix B.1, Table B.1), with median values
of the difference with respect to the clinical plan of 0.8 (IQR = 1.3) Gy, 0.1 (IQR
= 1.0) Gy and 0.1 (IQR = 0.2) Gy, respectively.

The over-dosage of the high-dose CTV, characterized by D2%, showed a similar
trend, with median values of the difference with respect to the clinical plan of 0.53
(IQR = 1.34) Gy, 0.19 (IQR = 0.56) Gy and 0.03 (IQR = 0.36) Gy for the NA,
DR and FOA plans, respectively. Once again, differences between DR and FOA
with respect to NA were significant (both p < 0.0001, Appendix B.1, Table B.1).

Target coverage (D98%) of the low-dose CTV was lower than for the clinical
plan for both NA and DR plans with the same median values but with a lower
variability for the DR plans: differences of 0.7 (IQR = 2.3) Gy for NA and 0.7
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(IQR = 1.2) Gy for DR. Analyzing only distortions greater than 0.5 Gy in NA
plans, significant differences were found for DR plans compared to NA plans in
nominal scenarios (p = 2.1 -107% ). Differences in the worst-case D98% values
between NA and DR were also significant for both CTVs (p = 7.8 -10~* and p =
3.8 -10~* for low-risk and high-risk CTVs, respectively).

Regarding critical OAR, such as the spinal cord, the DR plans offered a signif-
icant sparing, in comparison to the NA plans, for both the nominal scenario and
worst-case scenario. Dose differences in the right submandibular gland and the oral
cavity were not significant between the three methods in nominal or worst-case
values.

3.3.2 DR can compensate for dose distortions

Figure 3.3 illustrates three patient examples where DR corrected the distortions
in NA plans. Patient 3, who experienced a reduction of the lateral neck diame-
ter, and patient 8, with a suboptimal re-positioning of the shoulders, presented
significant under-dosages for the low-dose and high-dose CTV in the NA plan,
respectively. DR was able to recover isodose 95% of the prescribed doses in both
cases, improving dose conformality and robustness.

3.3.3 Limitations of DR for non-rigid deformations

However, outliers, showing critical under-dosage in CTVs (D98%) or increased
dose in the spinal cord D0.03 cm?, highlighted the limitations of DR to improve
plan quality in some cases. Dose distributions associated with two of these patients
are shown in Figure 3.4.

For patient 1, cold spots were visible in the low-dose CTV of both the NA and
DR plans in the second rCT. In this case, DR did reproduce the dose distribution
on the rCT, but not at the correct location since the rigid registration between
pCT and rCT could not compensate for the non-rigid deformations on the lower
part of low-dose CTV due to an inaccurate shoulder repositioning (Appendix B,
Figure B.1). This led to a sub-optimal overlap between the delineated and rigidly
mapped low-dose CTV characterized by a DSC coefficient of 0.78. As shown
for patient 2 (Figure 3.4.b), anatomical deformations involving relative movement
between targets and OAR are also a cause of poor alignment between manual and
rigidly mapped contours. High-dose CTV shrinkage of 11.5% together with a shift
in the cranio-caudal direction and a more pronounced neck curvature in the rCT
led to the spinal cord moving into the dose distribution (the DSC score between
the manually delineated and the rigidly mapped spinal cord contour was 0.56 for
this rCT). Furthermore, some part of the high-dose CTV moved slightly outside
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Figure 3.2: Differences in DVH-metrics with respect to clinical plan on the planningCT for
not-adapted (NA), restored (DR) and fully offline adapted (FOA) plans for the nominal dose
distribution (green, yellow and purple) and worst-case values (red, blue and orange) were reported
for 50 rCTs. Abbreviations: D98% = dose received by 98% of the volume, D2% = dose received
by 2% of the volume, Dmean = mean dose, D0.03 cm®> = dose received by a volume of 0.03
cm®, Nom = nominal, WC = worst-case.
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Clinical plan (pCT) Not adapted plan (rCT) Restored plan (rCT) FOA plan (rCT)

1)
-

Patient 3

Patient 6

a)
—

Patient 8

Figure 3.3: Nominal dose distributions in three representative patients for which dose restora-
tion ensured target coverage but no adaptation did not. Red arrows highlight regions of over-
or under-dosage. Isodoses are represented with different colors as a percentage of the prescribed
dose, the yellow isodose is 95%(70 Gy) and the white isodose is 95%(54.25 Gy).

the high-dose region (the DSC score for the high-dose CTV was 0.74). For both
these patients, a full offline adaptation was required to achieve an optimal target
coverage.
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a) Patient 1
Clinical plan (pCT) Not adapted plan (rCT) Restored plan (rCT) FOA plan (rCT)

b) Patient 2

Clinical plan (pCT) Not adapted plan (rCT) Restored plan (rCT) FOA plan (rCT)

Figure 3.4: Nominal dose distributions in two representative patients where DR was not suf-
ficient to ensure full target coverage. Red arrows highlight regions of over- or under-dosage.
Isodoses are represented with different colors as a percentage of the prescribed dose, the yellow
isodose is 95%(70Gy) and the white isodose is 95%(54.25Gy). a) The yellow contour is the rigidly
mapped low-dose CTV and the magenta contour is the manually delineated low-dose CTV. b)
The orange contour is the manually delineated high-dose CTV.

3.4 Discussion

Two adaptive strategies, (1) online dose restoration and (2) full offline adaptation,
were compared in this study against not-adapted robustly optimized plans. Both
strategies used robust optimization and aimed at mitigating dose distortions of
IMPT plans induced by inter-fractional anatomical changes in a set of 50 rCTs
for ten HNC patients.

It was shown that online dose restoration had the potential to reduce the need for
offline adaptation of robustly optimized plans from 74% (37/50) to 48% (24/50).
Three main findings can be extracted from our results.

First, robust optimization with the used parameters did not ensure adequate
robustness levels against most anatomical changes observed in this study mak-
ing the implementation of adaptive strategies indispensable. However, although
many centers wish to implement adaptation workflows, they face barriers of hu-
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man/material resources and technical limitations [160]. Dose restoration can be
easily implemented for any tumor location and planning strategy. 4D-robust dose
restoration was tested in lung cancer patients with a PROTEUS1 (IBA, Belgium)
beam model [237] and thanks to the flexibility of the scripting module of RaySta-
tion, the workflow was adapted without difficulty to HNC patients treated with
a MEVION beam model. Moreover, the simplicity of dose restoration allows its
implementation in other treatment planning systems. Therefore, we believe dose
restoration is accessible to any group interested in adaptive IMPT.

Second, as it has already been shown for other locations, such as lung tumors
by Borderias et al. [237] or prostate by Jagt et al. [238], online dose restoration
strategies using spot intensity re-optimization have the potential to automatically
and successfully restore the clinical plan on rCTs. Hence, the clinical implemen-
tation of dose restoration could ensure target coverage for patients where robust
treatment plans tend to be distorted. This result agrees with the results found
by van de Water et al. [124], where superior target coverage and OAR spar-
ing were shown for daily online dose restoration compared to robust optimization
approaches in cases with an artificially generated nasal cavity filling.

Third, our study highlighted the intrinsic limitations of dose restoration which
are especially remarkable in HNC. For a specific subset of patients, both robust
and restored plans could not compensate for large anatomical changes which
compromised the target coverage, making a cumbersome full offline re-planning
still mandatory. Challenging shoulder repositioning seems to be especially critical
for low-dose CTV coverage [240, 241] while the reduction of the neck diameter or
drastic non-rigid deformations can affect both low and high-dose CTVs. Lalonde
et al. [126] proposed an alternative online adaptation strategy using non-rigidly
deformed contours which showed a higher efficiency with respect to classical and
anatomical robust optimization. However, the use of this technique comes at the
cost of the need for contour verification and doctor approval.

The selection of patients who would benefit from dose restoration is crucial
since highly sensitive action levels towards offline adaptation may result in frequent
adaptation with little clinical gain at the cost of high stress on human resources.
Our study suggests potential DSC thresholds that could be defined for patient
selection. It was found that low DSC coefficients (< 0.75) between rigidly mapped
and manually delineated contours seemed to properly trigger cases where DR could
not ensure sufficient target coverage. On the contrary, for high DSC coefficients
(> 0.90) all restored plans had optimal target coverage (Appendix B, Figure B.2).
However, further investigation is needed in a larger cohort of patients to assess
the usability of DSC coefficient as a trigger for the use of DR. For intermediate



CHAPTER 3. CLINICAL VALUE OF ONLINE DOSE RESTORATION FOR
80 HEAD AND NECK CANCER

cases (0.75 < DSC < 0.90), a fast-independent dose calculation could also help
to select the appropriate adaptation strategy and as a pre-treatment patient-
specific QA procedure. Since the manually delineated contours are not available
immediately after a rCT is acquired, deformable image registration or automatic
segmentation tools [242] could be used in this evaluation step. Other parameters
such as the degree of weight loss and reduction in lateral neck diameter could also
be monitored as predictors of patients receiving the greatest benefit of adaptation
[243]. In any case, online adapted plans should be followed by an extensive and
fast, patient-specific quality assurance including machine log files after delivery
[104] together with independent Monte Carlo dose engine calculations [154, 244,
245].

As previously mentioned, the two key points of dose restoration are (1) no need
for manual re-contouring and (2) maintenance of unchanged dose distribution on
rCTs to minimize the physician’s approval step. However, we have seen that there
are limitations to this approach. Emerging commercial solutions for conventional
radiation therapy using CBCT based workflows can already create plans with com-
pletely new dose distributions adapted to a new anatomy in a few minutes [194].
Similarly, an ideal IMPT adaptive workflow could use, for example, deep learning
models for automatic contour segmentation [246, 247] followed by dose predic-
tion [248, 223] and a dose mimicking optimization algorithm [35, 249]. However,
quality assurance processes required to verify completely new plan designs may
make online adaptation cumbersome for clinical implementation.

A re-computation of the final doses with a smaller dose grid (2.0 x 2.0 x 2.0
mm3) is recommended to not underestimate the values of DVH metrics in smaller
OAR, such as the optical structures. The dose to these organs can be a limiting
factor to achieve the prescribed dose to the target, especially for nasopharynx
tumors. Although this was not an issue in our study, it could be for many other
nasopharyngeal cases.

In our study, the total time for plan adaptation ranged between 11.9 and 23.1
min, with a median of 17.4 min. The median time distribution was 6.2 min for
the first step including pCT-rCT rigid registration, contour mapping and loading
spot information and 11.2 min for spot intensity robust re-optimization. This time
could be different for other treatment machines than the proton therapy and dose
calculation algorithm used in our study (MEVION S250i) which requires Monte
Carlo dose computation of all error scenarios during robust optimization due to
the use of the multi-leaf collimator. Using interpolation during optimization in
RayStation can reduce the optimization time by a factor of three. In any case,
the time lost was purely computational, and therefore its reduction should be
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addressed via hardware investment or the improvement of optimization algorithms.

In conclusion, automatic online dose restoration could reduce the offline adapta-
tion rate in HNC IMPT treatments, saving valuable human and material resources
to radiotherapy departments. Unfortunately, full offline adaptation was still nec-
essary for 48% of the cases and only a reduced group of patients suffering specific
density changes could benefit from dose restoration.
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Chapter 4

Robustness in automatic IMPT
planning: impact of post-processing
and dose-mimicking

The content presented in this chapter comes from a manuscript submitted to Me-
dial Physics under the title: "Machine learning-based automatic proton therapy
planning: impact of post-processing and dose-mimicking in plan robustness” and
which is at the moment under revision. This work was carried out in close col-
laboration with the Machine Learning department from RaySearch Laboratories,
Stockholm (Sweden).
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Summary

Background and purpose: Automated treatment planning strategies are being
widely implemented in clinical routine to reduce inter-planner variability, speed up
the optimization process, and improve plan quality. This study aims to evaluate
the feasibility and quality of intensity-modulated proton therapy (IMPT) plans
generated with four different knowledge-based planning (KBP) pipelines fully in-
tegrated into a commercial treatment planning system (TPS).

Methodology: A data set of 60 oropharyngeal cancer patients was split into 11
folds, each containing 47 patients for training, 5 patients for validation and 5
patients for testing. A dose prediction model was trained on each of the folds,
resulting in a total of 11 models. Three patients were left out in order to assess
if the differences introduced between models were significant. From voxel-based
dose predictions, we analyzed the two steps that follow the dose prediction: post-
processing of the predicted dose and dose mimicking (DM). We focused on the
effect of post-processing (PP) or no post-processing (NPP) combined with two
different DM algorithms for optimization: the one available in the commercial
TPS RayStation (RSM) and a simpler isodose-based mimicking (IBM). Using
55 test patients (5 test patients for each model), we evaluated the quality and
robustness of the plans generated by the four proposed KBP pipelines (PP-RSM,
PP-IBM, NPP-RSM, NPP-IBM). After robust evaluation, dose-volume histogram
(DVH) metrics in nominal and worst-case scenarios were compared to those of
the manually generated plans.

Results: Nominal doses from the four KBP pipelines showed promising results
achieving comparable target coverage and improved dose to organs at risk (OARs)
compared to the manual plans. However, too optimistic post-processing applied
to the dose prediction (i.e. important decrease of the dose to the organs) com-
promised the robustness of the plans. Even though RSM seemed to partially
compensate for the lack of robustness in the PP plans, still 65% of the patients
did not achieve the expected robustness levels. NPP-RSM plans achieved the best
trade-off between robustness and OAR sparing.

Conclusions: PP and DM are crucial steps to generate acceptable robust and de-
liverable IMPT plans from ML-predicted doses. Before the clinical implementation
of any KBP pipeline, the PP and DM parameters predefined by the commercial
TPS need to be modified accordingly with a comprehensive feedback loop in which
the robustness of the final dose calculations is evaluated. With the right choice
of PP and DM parameters, clinically acceptable IMPT plans could be generated.
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4.1 Introduction

Radiation therapy (RT) treatment planning in clinics is currently a time-consuming
process involving tedious manual operations. Automated treatment planning
workflows are being widely implemented in clinical settings to reduce inter-planner
variability, speed up the optimization process, and improve plan quality [250].

Various approaches have recently been developed that use prior knowledge (e.g.,
knowledge from libraries of previously treated patients) to automate treatment
planning (knowledge-based planning, or KBP)[251]. In one of its forms, KBP
can be described as a two-stage pipeline. In the first stage, a trained machine
learning (ML) model uses binary volumes of the regions of interest (ROIls) to
predict the dose that should be delivered to each voxel of the patient. In the
second stage, the dose prediction from the first stage is used in an optimization
process to generate a deliverable treatment plan. After the user has chosen a beam
configuration, the optimization process begins. The optimization step is crucial
because it determines the machine parameters required to deliver the desired dose
distribution. In the case of intensity-modulated proton therapy (IMPT) delivered
with pencil beam scanning (PBS), the optimization will compute the number of
energy layers needed to cover the tumor in-depth, the spot positions for each layer,
and the spot weights for each beam.

Dose mimicking (DM) is one of the optimization processes that can follow the
dose prediction step in the KBP pipeline [35, 249]. The optimization used for DM
is the same as in regular treatment planning, with algorithms like gradient descent
for optimization and analytical or Monte Carlo methods for dose calculation. Ba-
bier et al. [252] compared different combinations of two prediction models (a
generative adversarial network and a random forest) and two optimization mod-
els (inverse planning and dose mimicking) in head and neck IMRT. According to
the findings of this research, the performance of an automated KBP pipeline is
determined by how well the prediction and optimization models work together.

Significant research has been conducted to advance KBP, with a primary em-
phasis on improving ML models like ResNet or UNet [253, 222, 254]. Most
of the research has focused on photon radiation therapy techniques such as
intensity-modulated radiation therapy (IMRT) and volumetric modulated arc ther-
apy (VMAT), with only a few studies addressing proton therapy in the pelvic
[255, 256] and abdominal [248] regions.
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Optimization models, on the other hand, have received far less attention in the
literature than dose prediction models. They are, however, particularly important
in proton therapy to ensure the robustness of the generated treatment plans. Pro-
ton dose distributions are more sensitive to treatment uncertainties than photon
doses [15, 16]. This means that the robustness of proton dose distributions is not
solely dependent on the dose shape, rendering the margin strategy suboptimal for
IMPT. Robust optimization strategies have been proposed as a more appropriate
strategy for the generation of high-quality proton plans [77, 72, 73, 257, 258].

Automated planning workflows are not always flawless. An ML model may
predict suboptimal dose distributions, such as an overdose of an organs at risk
(OAR), insufficient target coverage of the clinical target volume (CTV), or an
unrealistic trade-off between OAR sparing and CTV coverage. These effects could
be compensated for by post-processing the predicted dose and/or tweaking the
setup of the dose mimicking problem to improve the deliverability of the final dose.
The commercial treatment planning system (TPS) RayStation 11B includes an ML
module for automatic IMPT treatment planning including both post-processing
and dose mimicking. Before the plan optimization, an in-built post-processing
step with pre-configured clinic-specific settings for each protocol runs in their
KBP pipeline. The post-processing is applied to the predicted dose aiming to
ensure enough target coverage and improve OAR sparing. Such post-processing,
together with the configuration of the dose-mimicking parameters, are crucial to
the KBP pipeline. This is particularly important for KBP pipelines in proton
therapy, since post-processing and mimicking parameters might play an important
role in the robustness of the generated IMPT plan. The robustness of a similar
KBP pipeline introducing several predicted-scenario doses was explored by Eriksson
and Zhang for prostate patients [258]. However, to our knowledge, no study has
evaluated the combination of a post-processing step with dose mimicking so far,
while it seems vital before ML-based KBP pipelines can be implemented in the
clinic. This is especially important in head and neck regions, where the presence
of multiple nearby OAR that are preferably spared as much as possible makes the
implementation of these automated planning strategies even more complex and
challenging.

In this paper, we studied four complete KBP pipelines for IMPT plan generation
in oropharyngeal cancer. The steps following dose prediction were the focus of
this research. We investigated the effect of post-processing (PP) or no post-
processing (NPP) on the final dose distribution when combined with two different
dose mimicking algorithms: the one available in RayStation (RSM) and a simpler
isodose-based mimicking (IBM). Overall, the four proposed KBP pipelines (PP-
RSM, PP-IBM, NPP-RSM, and NPP-IBM) were built and benchmarked against
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the corresponding clinical plans using DVH-based metrics. The analysis of the
robustness of the final treatment plans in the four settings is also given special
attention.

4.2 Material and methods

4.2.1 Patient cohort and planning strategy

Our dataset included 60 patients with bilateral oropharyngeal cancer which were
manually planned by the same dosimetrist using a treatment planning protocol
to ensure consistency (Appendix C, SM1, Table C.1). Local ethics committee
approval was obtained for the use of all patient data. The prescribed dose (Dp)
was 70 GyRBE to the high-dose CTV and 54.25 GyRBE to the low-dose CTV in
35 fractions with a constant relative biological effectiveness (RBE) factor of 1.1.
The parotids, submandibular glands (SMGs), the pharyngeal constrictor muscles
(PCMs), the oral cavity, the spinal cord and the brainstem were defined as the
main OAR. Target and OAR delineations performed by experienced radiotherapy
oncologists were available on all planning-CTs.

The same beam configuration was used for all patients: two anterior beams at
(602,102), and (1202,102%) and two posterior beams at (2402, 350°) and (3002,
3509) for gantry and couch angles, respectively. For each patient, a robustly
optimized treatment plan was created using Monte Carlo dose calculation and
classical worst-case robust optimization (setup error (SE) = 4 mm, range error
(RE) = 2.6%). Although 3% of range uncertainty is generally used in the clinic,
when applying the 1.6% sigma to range uncertainty, as quantified by Paganetti
[18], to Van Herk’s margins formula at a 90% confidence level [66], the resulting
range uncertainty can be estimated as 1.6%*1.64 = 2.6%.

SE scenarios included patient shifts along the three space axes x,y,z (+SE, 0,
0), (0, £SE, 0), (0, 0, £SE), and the nominal scenario (0,0,0). Range robustness
was also included to account for uncertainties in the conversion of CT numbers
to proton stopping power ratios. RE scenarios were modelled by scaling the mass
density by + 2.6%. The nominal scenario (i.e. 0%) was also included. The
combination of seven SE scenarios and three RE scenarios resulted in a 21 error
scenario optimization (7 SE scenarios x 3 RE scenarios). Robust optimization
was followed by a robust evaluation using the same robustness parameters (SE
= 4 mm, RE = 2.6%). The robust evaluation was performed by simulating 42
uncertainty scenarios (14 SE scenarios x 3 RE scenarios). According to Korevaar
et al. [101], the 6 principal directions (£SE, 0, 0), (0, £SE, 0), (0, £SE, 0),
(0, SE, 0) and the 8 diagonals from the center to the vertices (SE/\/§, SE/\/g,
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SE/+/3) in combination with 0, RE% were the sampled error scenarios. Plans were
manually adjusted until they met the list of clinical goals as closely as possible in
both the nominal and worst-case scenarios. The resulting plan meeting the clinical
goals included in the planning protocol was considered the ground truth of the
study and will be referred to as the clinical plan from this point.

4.2.2 Dose prediction model

Spatial dose prediction is available in RayStation 11B using a UNet architecture
that takes as input 3D binary matrices from the delineated volumes. The network
is trained in a supervised manner to learn how to predict a dose value for each
voxel. More information concerning the specifications of the prediction model
can be found in Cicek et al. [259]. In order to get the most out of the patient
dataset containing 60 patients, 11 dose prediction models were trained using 47
patients for training, 5 patients for validation, and 5 patients for testing. Three
patients (check set) were left out to determine whether the differences introduced
by the different models were significant or negligible. The partition of the dataset
is explained in Figure 4.1.
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Figure 4.1: Database partitioned into training, validation, test, and check sets. The check set
consists of 3 left-out patients to assess the difference between the 11 generated models. With
this dataset partition a total of 55 test patients were obtained for this study. Abbreviations: m
(model), c (check set), T (test set), V (validation set), t (training set).
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4.2.3 Post-processing of the prediction

Before setting up the dose mimicking problem, the predicted spatial dose dis-
tribution of the UNet model goes through a post-processing (PP) phase. This
phase is designed to ensure that the deliverable (mimicked) dose adheres to a set
of pre-defined clinical goals. The post-processing is implemented in RayStation as
a set of ROIl-specific alterations of the DVHs of the predicted dose distribution,
after which the spatial dose is resampled to fit the new DVHs. This step serves to
drive the dose mimicking optimization towards a deliverable dose which is more
clinically preferable than the raw UNet prediction.

The parameters of the post-processing step were chosen to be the same as
the ones from the ML model ‘RSL-IMPT-Oropharynx-7000-SIB (3.0)’, which was
trained and configured for a clinical protocol similar to the one of this study [260].
The parameters are presented in Appendix C (SM2, Table C.2)and their detailed
specifications can be found in the guide “RayStation 11B — Scripting Environments
for Machine Learning”. Once the post-processing settings are chosen for a specific
clinic and protocol, the ML model will then be available for use in all subsequent
patients without the need for manual tuning.

4.2.4 Dose mimicking strategies

The information of the predicted dose (with or without PP) was given as the
dose to mimic to two different dose mimicking strategies. The IBM uses isodose
volumes generated from the dose to mimic while RSM aimed at minimizing the
difference with the dose to mimic by including voxel-wise-based functions as opti-
mization objectives. The two mimicking methods used the RayStation worst-case
robust optimization (see the Appendix C, SM3). The robust functions used in
RSM and IBM are conventional objective functions such as minimum dose and
maximum dose to the target volumes. The robustness parameters were 2.6% for
the range error and 4 mm for the setup error as described in section 4.2.1. Both
methods were fully integrated into the commercial TPS RayStation 11B. The im-
plementation and parameters of each mimicking method are described in the next
paragraphs:

Isodose based dose mimicking

Isodose Based Mimicking (IBM) used isodose volumes generated from the pre-
dicted dose every 2 Gy within 95%—107% of the prescription dose and 5 Gy outside
as suggested by Bernatowicz et al. [33] for isodose volume dose restoration. Op-
timization was performed using minimum and maximum dose objectives on the
CTVs and on each isodose volume.
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Maximum and minimum dose objectives were set for isodoses above 70% of
the prescribed dose, while isodoses below 70% of the prescribed dose only had a
maximum objective. This allows placing the spots in a restricted area around the
CTV to prevent the optimizer from setting spots in the whole patient volume. A
total of 11 dose objectives were set as robust in order to ensure target coverage
and avoid hot spots caused by treatment uncertainties. Contrary to other stud-
ies using IBM where the optimization objectives are patient-specific [33, 261], a
single optimization template was generated. The weights of the objectives were
empirically chosen after manual tuning in the subset of the three left-out patients
taking as a starting point the experience described in [261]. The final parameters
were saved as the template that was used later to run the optimization (i.e. dose
mimicking) for all patients. The IBM optimization objectives are detailed in the
Appendix C (SM4, Table C.3). IBM took around 10 minutes to complete the
optimization step for the 21 robust scenarios.

RayStation dose mimicking

RayStation Mimicking (RSM) is the dose mimicking method integrated in the
ML model ‘RSL-IMPT-Oropharynx-7000-SIB (3.0)". It is formulated as a voxel-
wise least squared error (LSE) minimization problem. The voxel weights are de-
termined based on the geometric position of the voxel in relation to the ROls, as
well as by the assigned dose value of the voxel in the post-processed dose distri-
bution. The LSE objective function is divided into two one-sided terms, enabling
different weights depending on whether the optimized dose is greater or less than
the post-processed reference dose — like the max and min dose strategy in IBM.
For OAR, voxels with dose values lower than the reference dose are not penal-
ized. In addition to the voxel-wise LSE objective, an additional term is added to
the optimization problem. This term consists of a weighted sum of conventional
radiotherapy objective functions, as implemented in RayStation 11B.

Similar to the post-processing parameters, the settings of the dose mimicking
optimization only need to be configured once per ML Model. For this study, these
settings were based on the ‘RSL-IMPT-Oropharynx-7000-SIB (3.0)" model, with a
change in the relative importance of the brainstem. Details on the used parameters
are found in Appendix C (SM5, Table C.4). The optimization procedure consists of
two separate runs, between which the clinical dose is calculated accurately. These
two runs consist of 125 and 80 iterations respectively, and the full optimization
procedure is completed in approximately 20 minutes for the 21 robust scenarios.
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4.2.5 Automatic planning strategies

In collaboration with RaySearch, 11 prediction models were generated and im-
ported into the ML module. The four KBP pipelines (PP-RSM, PP-IBM, NPP-
RSM, and NPP-IBM) shown in Figure 4.2 were fully integrated into RayStation.
They could be easily run by the user with a single mouse click. PP-RSM and
NPP-RSM could also be launched directly from RayStation’'s GUI, while scripting
was necessary for PP-IBM and NPP-IBM methods. The same robustness evalua-
tion described in 4.2.1 for the clinical dose was applied to the dose distributions
automatically generated using the proposed KBP pipelines. All dose calculations
were run in RayStation 11B, using the Monte Carlo algorithm on a 3.0 x 3.0 x 3.0
mm? dose grid.
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Figure 4.2: Overview of the automated knowledge-based planning pipelines evaluated in our
study.

4.2.6 Evaluation metrics

Clinically relevant DVH-parameters of OAR and CTVs were compared between
the four KBP pipelines and the clinical plan. Differences with respect to the
clinical dose in D98 values (dose received by 98% of the volume) were calculated
for low-dose and high-dose CTVs, while differences in Dmean (average dose) were
reported for the OAR. These metrics, evaluated on the 55 patients, were displayed
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using boxplots. The median and interquartile range (IQR) values from the boxplots
illustrate how much these metrics differ from the clinical dose for each KBP
method. For low-dose and high-dose CTV, nominal scenario (with no uncertainty)
and worst-case scenario values were calculated from the 42 uncertainty explored
scenarios (SE = 4mm, RE = 2.6%) during robustness evaluation as described in
section 2.1. Only nominal values for the OAR average dose were reported.

Grouped data were tested for statistical significance using two-sided Wilcoxon-
Mann-Whitney tests using SciPy version 1.5.2. The differences were considered
statistically significant for p-values < 0.05.

4.3 Results

4.3.1 Nominal target volume coverage

For the four KBP pipelines, the clinical goals for target coverage (i.e., D98% >
95%) in both high-dose and low-dose CTVs were met for all the patients in the
nominal scenario. Figure 4.3 shows the difference in DVH-metrics between the
clinical dose and the four investigated methods. High-dose CTV target coverage
decreased by less than 0.50 Gy in median for the four strategies. PP-IBM plans
presented the largest decrease (i.e lowest D98 values) with a reduction in the
median value of -0.42 (igr = 0.27) Gy. NPP-RSM plans achieved the best coverage
with an increase in the median value of 0.05 (igr = 0.20) Gy with respect to the
clinical dose. For the low-dose CTV, D98 values were closer to no difference or
even higher than clinical D98 values. All KBP methods had less than a 0.12
Gy reduction in the median target coverage. The difference in D98 values for
the low-dose CTV between the PP-IBM and clinical plans was not statistically
significant.

4.3.2 Worst-case target volume coverage

In contrast to the nominal scenario, in the worst-case scenario, not all the clin-
ical goals were met for all patients. Especially in the high-dose CTV, plans where
post-processing was applied, PP-RSM and PP-IBM, experienced a significant drop
in target coverage with -1.75 (iqr = 1.24) Gy and -2.35 (iqr = 1.65) Gy, respec-
tively. 65% (35/55) and 82% (45/55) of patients failed to achieve high-dose
CTV coverage in the worst-case scenario for PP-RSM and PP-IBM, respectively.
Without post-processing, only 5% (3/55) and 11% (6/55) of patients failed to
meet the robustness criteria for NPP-RSM and NPP-IBM, respectively. A patient
example of the robustness loss in the high-dose CTV can be found in Appendix
C (Figure C.1). While all scenarios achieved sufficient high-dose CTV coverage
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in the initial clinical plan, NPP-RSM and NPP-IBN plans, only 83% and 31%
of the 42 evaluated scenarios provided enough target coverage for PP-RSM and
PP-IBM, respectively.

A higher robustness level was observed for the low-dose CTV. All patients
achieved target coverage in the worst-case scenario for PP-RSM and NPP-RSM
plans. For PP-RSM, there was no statistically significant difference in the worst-
case scenario values with respect to clinical plans. However, PP-IBM and NPP-
IBM did not meet adequate low-dose CTV coverage in the worst-case scenario in
5% (3/55) and 10% (6/55) of the patients.

« Lower CTV coverage | Higher CTV coverage —
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Figure 4.3: The differences in target coverage (D98 - dose received by 98% of the CTV) between
the evaluated KBP pipelines and the clinical plans in nominal and worst-case scenarios. Negative
differences imply that the clinical plan was better than the KBP method for that metric. The
boxes indicate the median and interquartile range (IQR). The whiskers extend to a minimum of
1.5 times the IQR, and diamonds represent the outliers. Abbreviations: KBP = Knowledge-Based
Planning, PP = Post-processing, NPP = No Post-Processing, IBM = Isodose-Based Mimicking,
RSM = RayStation Mimicking.
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Failure of the clinical goal for each plan:

Clinical goal absolute number (% of total 55 patients)

DIS(CTV) <95%Dp  “"°  pp_RSM  PP-IBM NPP-RSM NPP-IBM
CTV70 Nominal 0 0 0 0
CTV54.25 0 0 0 0
CTV70 35 (63%) 45 (82%) 3 (5%) 6 (11%)
CTV54.25 Worst-case  — % 16 (29%) 0 1 (2%)

Table 4.1: For each of the evaluated KBP pipelines, nominal and worst-case scenarios, the
number of patients out of the 55 that fail at achieving clinical goals. The number of patients
is reported in absolute value and as a percentage of the total 55 patients . The KBP pipelines
using post-processing compromise the robustness of the high-risk CTV in more than 50% of the
cases.

4.3.3 Nominal dose to organs at risk

Figure 4.4 presents the difference in the average dose received by the OAR be-
tween the clinical dose and the four studied KBP methods. For all OAR metrics,
the differences with respect to the clinical plan and between methods were statis-
tically significant. In most of the cases, the plans generated with KBP pipelines
achieved superior OAR sparing than the clinical plans. Median values of the aver-
age doses were lower than in the clinical plan for most OAR. The few exceptions
were the esophagus in NPP-RSM plans and the SMGs in NPP-IBM plans. As
expected, OAR sparing on the oral cavity, the parotids, and PCMs was especially
aggressive for plans including post-processing according to the pre-defined set-
tings. PP-RSM and PP-IBM plans saved with respect to the clinical plan median
values of more than 6 Gy to the oral cavity, more than 5 Gy to the parotids, and
between 4.5 and 5 Gy to the PCMs. An illustrative example is shown in Figure
4.5.

The number of patients failing at achieving OAR clinical goals with a higher
value than the clinical plan is reported in Table 4.2. Some clinical goals were very
difficult to be respected even for the initial clinical plan. When comparing the
results of the KBP pipelines, the clinical goals were met in most of the cases, or
at least the dose to OAR was improved with respect to the clinical plan, especially
in PP-RSM and PP-IBM plans. In the same way, as observed in Figure 4, NPP-
IBM was the KBP pipeline with higher doses to OAR being the SMGs and the
superior and medium PCMs the most challenging to be spared.



CHAPTER 4. ROBUSTNESS IN AUTOMATIC IMPT PLANNING: IMPACT
OF POST-PROCESSING AND DOSE-MIMICKING 95

«— Lower dose to OARs | Higher dose to OARs —

Esophagus ’. "i‘Q.
OralCavit
y ¢ .
¢
Parotid L —
¢
o ParotidR Y —
1) ¢
3 i
c  swoL oy =%
O ®© * j
r 2 :
¥ = sumer %._
LU
= - u .
o PCMSup
<
@ :
PCMMid
PCMInf
Spinal Cord
3 .
o Brainstem
Q
8 Body

-20 -15 -10 -5 0 5 10 15
Difference respect to clinical plan [Gy]

I PP-RSM s PP-IBM I NPP-RSM I NPP-IBM

Figure 4.4: The differences in terms of clinical planning criteria for the OARs between KBP
plans and the clinical plans Negative differences imply that the KBP plan was better than the
clinical plan for that metric (i.e., less dose to the OARs). The boxes indicate the median and
interquartile range (IQR). The whiskers extend to a minimum of 1.5 times the IQR and diamonds
represent the outliers. Abbreviations: KBP = Knowledge-Based Planning, PP = Post-processing,
NPP = No Post-Processing, IBM = Isodose-Based Mimicking, RSM = RayStation Mimicking,
SMG = Submandublar Gland, PCM = Pharyngeal Constrictor Muscle
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Figure 4.5: Different steps of the proposed KBP pipelines in a patient example. The image on
the left (a) shows the differences between the raw predicted dose (NPP) and the post-processed
predicted dose (PP): light blue (- 4 Gy), dark blue (-7 Gy), and turquoise blue (-15 Gy). In the
middle (b) the isodose contours generated from the PP and NPP doses that are used during
isodose based mimicking are presented. Specifically, a zoomed image of the oral cavity region is
shown. On the left (c), the final result of the four proposed KBP workflows for this patient can
be seen. The delineated contours are high-dose CTV (magenta), low-dose CTV (turquoise blue)
and the oral cavity (yellow). The isodoses characterizing the dose distributions are represented
with different colours as a percentage of the prescribed dose of 70 Gy: light blue (25%), dark
blue (50%), orange (74%), dark red (81%), yellow (90%), green (95%) and red (105%). The
green isodose corresponds to 95%(70 Gy) and the white isodose is 95%(54.25 Gy).
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Number of patients out of 55 that failed at achieving

L 8 .
Clinical goals for the clinical goal (% of total 55 patients)

the organs at risk Priority Initial plan KBP pipelines
PP-RSM PP-IBM NPP-RSM  NPP-IBM
DO0.03cc(BrainStem) >54 Gy 1 0 0 0 0 0
DO0.03cc(SpinalCord) >45 Gy 1 0 0 0 0 0
Dmean(PCMSup) >40 Gy 3 54(98.2%) 0 3(54%) 6 (10.9%) 10 (34.5%)
Dmean(PCMMid) >40 Gy 3 31(56.4%) 1(1.8%) 2(3.6%) 13 (23.6%) 16 (29.1%)
Dmean(PCMInf) >40 Gy 3 10 (18.2%) 0 0 1 (1.8%) 0
Dmean(Parotid L) >26 Gy 3 27 (49.1%) 0 0 1(1.8%) 5 (9.1%)
Dmean(Parotid R) >26 Gy 3 20 (36.4%) 0 1(1.8%) 3 (54%) 7 (12.7%)
Dmean(SMG L) >40 Gy 3 51(923%) 4(7.3%) 10 (18.2%) 10 (18.2%) 37 (67.3%)
Dmean(SMG R) >40 Gy 3 47(85.5%) 2 (3.6%) 7 (12.7%) 9 (16.4%) 34 (61.8%)
Dmean(Oral Cavity) >35 Gy 3 36 (65.5%) 0 0 2 (3.6%) 6 (10.9%)
Dmean(Esophagus) >35 Gy 3 3 (5.5%) 0 0 5(9.1%) 2 (3.6%)

Table 4.2: For each of the evaluated KBP pipelines, the number of patients out of the 55 that
fail at achieving the organ at risk clinical goals with a higher value than the initial clinical plan.
Reported values correspond to the evaluation of clinical goals only on nominal dose distributions.
Abbreviations: KBP = Knowledge-Based Planning, PCM = Pharyngeal Constrictor Muscles,
SMG = Submandibular Glands

4.4 Discussion

Automated KBP pipelines for IMPT planning necessitate a comprehensive evalu-
ation of all the steps included in the workflow for a safe clinical implementation
[252]. In this study, the clinical IMPT plans of 55 oropharyngeal patients were
compared to automated IMPT plans generated using four different KBP pipelines
(PP-RSM, PP-IBM, NPP-RSM, and NPP-IBM). The impact of a post-processing
strategy combined with two different robust dose mimicking strategies was ana-
lyzed. These two steps of the KBP pipelines, coming after the dose prediction
(post-processing and dose mimicking), have not been fully addressed in the liter-
ature, yet they are essential to judge robustness and the clinical acceptability of
automatically generated IMPT plans.

The four proposed KBP pipelines, generated nominal dose distributions meeting
all the clinical goals. In many cases, they even achieved superior quality in the
OAR sparing compared to manually planned clinical doses, especially both KBP
pipelines that use post-processing before dose mimicking: PP-RSM and PP-IBM.
The potential of reduction of the dose to OAR in HNC patients is especially
important in order to reduce radiation-induced side effects, in particular xerostomia
and dysphagia, which have a major impact on quality of life [13, 49].

On the other hand, a dosimetric gain in the OAR can come at the cost of losing
robustness. The results show that in some cases, our post-processing parameters
compromise the robustness of the plans, especially for the high-dose CTV. This is
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probably due to the reduction of the dose to the OAR during the post-processing
step. In particular, the dose reduction of 20% to the oral cavity from the predicted
value, combined with the push for target homogeneity in the high-dose CTV, gen-
erates unrealistic dose gradients where both regions of interest meet (Figure 5a.
and 5c.). These unrealistic dose gradients are then propagated to the isodose
volumes, which end up being very close to each other (Figure 5b.). In such cases,
the optimization problem becomes extremely challenging for PP-IBM plans. IBM
could not compensate for the loss in robustness in the high-dose CTV but was
able to maintain correct target coverage for the low-dose CTV, where the dose
gradients were not so steep. A more sophisticated mimicking process, such as
RSM, seemed to partially recover the robustness. However, PP-RSM still failed
to satisfy high-dose CTV robustness in 65% of the cases. The lack of robustness
in the target coverage could be translated into cold spots (i.e underdosage) dur-
ing the treatment delivery, which could lead to a drastic reduction of the tumor
control probability [262]. In an automatic planning study by Kierkels et al. dose
mimicking is combined with a reduce-dose step to generate a robust proton plan
from a previously optimized photon dose distribution [263]. Robustness in their
automatic planning pipeline failed when the dose to mimic presented an under-
dosed target volume. In our KBP, it is not the presence of an underdosage in the
dose to mimic (predicted dose) but rather an unrealistic dose gradient yielding a
not feasible physical dose due to the post-processing step.

It was shown that the construction of a KBP pipeline, including post-processing
and dose mimicking, is an iterative process that requires adjustment of the settings
provided by the commercial solution. With the current parameters of our study,
NPP-RSM plans seem to achieve the best trade-off between robustness and OAR
sparing. They present comparable target coverage as in the reference clinical
plan and higher OAR sparing, except for the esophagus. In order to improve the
generated plans using NPP-RSM, specific objectives aiming at reducing the dose
to the esophagus could be introduced in the mimicking step. Another interesting
option would be to adjust the post-processing parameters for PP-RSM plans to
maximize the potential of the OAR sparing.

It should be pointed out that the post-processing parameters were not configured
specifically for this study, but were taken from another (similar) model which might
have been less strict in the desired robustness. It is likely that one would find a
good set of post-processing parameters for this study as well, if iterated a few
times. Therefore, it would be worth exploring if less aggressive post-processing
can maybe still improve OAR sparing while not compromising so much on the
robustness of the plans. In any case, these results highlight the difficulty of
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generating universal KBP strategies (combining dose prediction, post-processing
and dose mimicking) that are interchangeable between clinical protocols, even if
they are similar. Although the same prediction model could be used, the post-
processing and dose mimicking parameters would highly rely on specific clinical
preferences.

The only input to the ML dose prediction used in our proposed KBP pipelines
was the contours. Recent studies about dose prediction for radiotherapy have
explored the use of auxiliary information (e.g., non-modulated beam doses) to
improve the robustness of the ML model [223, 264]. Assuming that the robustness
of a dose distribution relies on the IMPT plan, another option would be to directly
predict those plan parameters (e.g. energy layers, spot positions and spot weights).
Approaches suggesting the latter have been described in the literature using fluence
map prediction to generate photon plans [265, 266, 267] but still need to be
investigated for protons. However, even if ML models are excellent methods for
fast, automatic, and free-of-any human intervention tasks, they are also well known
for their low interpretability [185]. For the moment, there is no evidence suggesting
that ML methods could also outperform the already available, fast, automatic and
well-studied analytical computing models for specific tasks like dose calculation or
treatment plan optimization. Therefore, with the current technology, ML models
might not be suitable to replace every step in the treatment planning workflow,
but they are excellent tools to ease and automate most manual steps.

Eleven dose prediction models were used in our study to increase the number of
testing patients instead of a single model. Therefore, a bias towards each model
for each subgroup of five testing patients could be derivated from this procedure.
Nevertheless, the difference between models in the three left-out patients seem to
be insignificant in the target volumes and most of the OAR and in any case not
higher than 7 Gy for any structure (Appendix C, Figure C.2). In some cases, it
might be that for some OAR (e.g the PCMs) the differences shown with respect
to the ground truth were also influenced by the prediction model.

It is also important to mention the wide range of applications for automatic RT
planning. First, RT plans could be inferred in a few minutes for different treatment
modalities (e.g., IMPT versus conventional RT), in order to refer the patient to the
most optimal treatment [255, 248, 268]. Second, automatically generated plans
could be also used to reduce inter-planner and inter-center variability. Moreover,
this approach could be used to inform the planner about where there is room for
improvement [269]. Third, the planning workflow which can take several hours or
even days, could maybe take an automatically generated plan as a starting point
and apply fine-tuning if necessary. Finally, automatic planning could allow for
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wide implementation of online adaptive IMPT on high-quality daily images (e.g
repeated CT images or corrected CBCT images [140, 270, 271]). In all previously
mentioned scenarios, automatic planning allows for huge time savings, efficient
resource usage, or improved plan quality.

In conclusion, this study highlights the crucial necessity of finding the appro-
priate combination of post-processing settings and dose mimicking strategy to
achieve robust deliverable IMPT doses when using automatic planning in oropha-
ryngeal cancer. We stress the importance of a comprehensive robust evaluation of
the final dose calculations in the feedback loop to configure a KBP pipeline with
the desired clinical specifications.
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Summary

Purpose: This study compares a not adapted (NA) robust planning strategy with
three fully automated online adaptive proton therapy (OAPT) workflows based on
the same optimization method: dose mimicking (DM). The added clinical value
and limitations of the three proposed OAPT methods are investigated for head
and neck cancer (HNC) patients.

Methodology: The three OAPT strategies use DM applied to different reference
dose distributions in order to compensate for inter-fractional anatomical changes
by re-optimizing new dose distributions on corrected cone beam CT images (cor-
rCBCTs). Order by complexity the OAPTs were: (1) online adaptation based on
dose restoration (OADR) where the approved clinical dose on the planning-CT
(pCT) was mimicked, (2) online adaptation using DM of the deformed clinical
dose from the pCT to corrCBCTs (OADEF), and (3) online adaptation applying
DM to a ML predicted dose on corrCBCTs (OAML). Adaptation was only applied
in fractions where the target coverage criteria was not met (D98% < 95% of the
prescribed dose). For 10 HNC patients, the accumulated dose distributions over
the 35 fractions were calculated for NA, OADR, OADEF and OAML strategies.
DVH metrics and the adaptation rate over the treatment were investigated.

Results: Higher target coverage was observed for all OAPT strategies compared
to no adaptation. OADEF and OAML outperformed both NA and OADR and
were comparable in terms of target coverage to initial clinical plans. All OAPT
methods were able to correct for hotspots. However, only OAML provided compa-
rable NTCP values to those from the clinical dose without statistically significant
differences. When evaluating the NA initial plan on corrBCTs, 51% of fractiones
needed adaptation. The adaption rate was reduced to 25% when selecting the
last adapted plan with any of the OAPT strategies as the scheduled plan. The
reduction was even more important (down to 12%) when the schedule plan was
the best plan over all previously delivered ones.

Conclusion: The implementation of the three OAPT strategies provided superior
target coverage compared to no adaptation, higher OAR sparing and reduced the
number of needed adaptations.
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5.1 Introduction

Intensity-modulated proton therapy (IMPT) offers excellent dose conformity and
healthy tissue sparing. lts application is especially interesting in head and neck
cancer (HNC) where an important amount of organs at risk (OAR) are in the close
vicinity of the tumor. Overdosage to these organs can cause radiation-induced
side effects, in particular xerostomia and dysphagia, which negatively impact the
quality of life [13, 49]. Unfortunately, IMPT is highly sensitive to uncertainties
in patient setup, CT values, and patient anatomy due to displacements of the
steep Bragg peak fall-off. Fraction after fraction, changes along the beam path
can alter the initially planned Bragg peak causing dose distortions in the approved
clinical plan and compromising treatment plan quality [17, 235, 15].

In current clinical practice, robust optimization (RO) for IMPT planning is gen-
erally preferred to planning target volume (PTV) optimization. Standard RO usu-
ally includes pre-defined setup and range errors during spot weight optimization
to generate dose distributions resilient to these specific uncertainties. However,
changes in patient anatomy during treatment are harder to address. More sophis-
ticated approaches for RO, such as anatomical RO, explore the incorporation of
anatomical scenarios during plan optimization [124, 125, 151]. Nevertheless, it
remains difficult to keep the optimality of an IMPT plan while including a wide
range of possible anatomical deformations [272].

Although RO can provide a certain level of robustness, it is not the ultimate
solution, and treatment plan adaptation is still required in many cases [17, 235,
229, 200]. Usually, offline adaptation triggered by weekly control repeated-CTs
(rCTs) or visual inspection of daily CBCTs is used to accommodate for anatom-
ical changes. During offline adaptation recontouring, replanning, treatment plan
approval, and additional quality assurance are required in a clinical offline adap-
tation workflow. As a result, offline adaptation can take several days. In order
not to delay treatment delivery and to avoid new anatomical changes during of-
fline replanning, another possibility is to perform online plan adaptation while the
patient is on the treatment couch. Since the complete adaptation workflow must
be completed in a very short time, online adaptive proton therapy (OAPT) is ex-
tremely challenging but it is ideally suited to deal with inter-fractional anatomical
changes.

Anatomical changes could be divided into two different types: (1) density
changes and (2) non-rigid anatomical changes. A good example of density change
in HNC is cavity filling. The anatomy of the patient remains mainly in the same
position but it experiences residual rigid translations with an increased density
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inside the cavity (from air to mucus). On the other hand, non-rigid anatomical
changes imply modifications in the relative position between the OAR and the
target volumes. This is the case of complex re-organisations of the anatomy or
some tumor shrinkages where the free space left by the reduction in volume is
replaced by an OAR that enters the prescription dose region.

Previous studies have shown the potential of dose restoration (DR) strategies to
mitigate inter-fractional density changes while maintaining target coverage in lung
[237] and prostate cancer [238]. DR is an OAPT strategy that aims at keeping
the planned dose distribution stable in every fraction by generating a new (re-
stored) plan with updated proton beam energies and spot weights. Unfortunately,
when addressing non-rigid anatomical deformations in HNC, DR is not the most
appropriate strategy due to the intrinsic limitations of the method [261].

This study compares a not-adapted (NA) robust planning strategy with three
fully automated robust OAPT workflows. The three OAPT methods use dose-
mimicking (DM) to generate adapted dose distributions on repeated images. Or-
dered by complexity the three OAPT strategies are: (1) online adaptation based
on dose restoration (OADR) where DM is applied to the reference clinical dose on
the planning-CT (pCT), (2) online adaptation using DM on the deformed clinical
dose from the pCT to the repeated image (OADEF), and (3) online adaptation
using a machine learning (ML) predicted dose on the repeated image followed by
DM (OAML). The added clinical value and limitations of the three robust OAPT
workflows are compared with respect to no adaptation and between methods in
simulated IMPT treatments.

5.2 Material and methods

5.2.1 Patient cohort and treatment planning strategy

Ten bilateral oropharyngeal patients treated with photons were replanned for
IMPT delivery to run this study. The prescribed dose (Dp) was 70 GyRBE to the
high-dose clinical target volume (CTV) and 54.25 GyRBE to the low-dose CTV in
35 fractions, using a constant relative biological effectiveness (RBE) factor of 1.1.
The parotids, submandibular glands (SMGs), the pharyngeal constrictor muscles
(PCMs), the oral cavity, the spinal cord, and the brainstem were defined as the
main OAR. Target and OAR delineations performed by experienced radiotherapy
oncologists were available on all pCTs.
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Robustly optimized IMPT treatment plans were semi-automatically planned us-
ing the ML model RSL-IMPT-OROPHARYNX-7000-SIB (3.0)*. First, a dose
prediction model with UNet architecture [259] provided the predicted IMPT dose
distribution. Second, post-processing was applied in order to obtain steep dose
volume histograms (DVHs) in the target and spare the OAR (i.e., increase and
homogenize the dose to the target while reducing the dose to OAR). Third, robust
DM optimization using voxel-wise and regular objective functions was performed.
Until this point, all the described steps were fully automated in RayStation 11B
and one single click was required to run the optimization. Plans were created using
Monte Carlo dose calculation and classical worst-case robust optimization (setup
error (SE) = 4 mm, range error (RE) = 3%). SE scenarios included patient shifts
in the three axes of the space x,y,z (£SE, 0, 0), (0, £SE, 0), (0, 0, £SE) and
the nominal scenario (0,0,0). Range robustness was also included to account for
uncertainties in the conversion from CT numbers to proton-stopping power ratios.
RE scenarios were modeled by scaling the mass density by +3%. The nominal
scenario (i.e., 0%) was also included. The combination of seven SE scenarios and
three RE scenarios led to an optimization with twenty-one (7x3) error scenarios.

Finally, automatically generated plans were evaluated against the same robust-
ness parameters used during optimization (SE = 4 mm, RE = 3%). Objective
weights were manually adjusted and/or extra optimization objectives were added
if necessary until target coverage and OAR clinical goals (see Table 5.1.) were
satisfied, in nominal and worst-case scenarios.

The same beam configuration was used for all patients: two anterior oblique
beams at (602,102), and (1202,102) and two posterior oblique beams at (2409,
3509) and (3002, 3509) for gantry and couch angles, respectively. For each patient,
the resulting plan from this workflow was considered the reference initial treatment
plan.

5.2.2 Anatomy of the day and CBCT correction

CBCT images were acquired with a Halcyon machine (Varian Medical Systems,
Palo Alto, CA) during the 35 treatment fractions. Halcyon CBCT images have
excellent quality [273] and have been validated for photon dose calculation [274].
Unfortunately, it is well known that artifacts in CBCT images cause unreliable
relationships between CBCT intensities and electron densities, especially problem-
atic in IMPT planning. Therefore, correction algorithms are required to enable
accurate proton dose calculations [275]. To obtain a more accurate representation
of the patient’'s anatomy of the day, corrected CBCT images (corrCBCTs) were
generated in RayStation 11B. The CBCT correction iterative algorithm calculates
a correction map and a conversion function for the CBCT based on the pCT.
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Priority Region of interest (ROI) Clinical goal
Target volume clinical goals
1 Low-risk CTV D98% >51.54 Gy (95%Dp = 54.25 Gy)
1 High-risk CTV D98% >66.50 Gy (95% Dp = 70 Gy)
1 High-risk CTV D0.03 cm3 >74.90 Gy (107% Dp = 70 Gy)
2 Low-risk CTV D98% >53.17 Gy (98% Dp = 54.25 Gy)
2 High-risk CTV D98% >68.60 Gy (98% Dp = 70 Gy)
Organs at risk clinical goals
1 Body D0.03 cm3 >74.90 Gy (107% Dp = 70 Gy)
1 Spinal Cord D0.03 cm3 <45 Gy
1 Brain Stem D0.03 cm3 <54 Gy
3 PCMSup/PCMMid/PCMInf Mean dose <40 Gy
3 Parotids (left and right) Mean dose <26 Gy
3 SMGs (left and right) Mean dose <40 Gy
3 Oral cavity Mean dose <35 Gy
3 Mandible D0.03cm3 <70 Gy
3 Glottic area Mean dose <40 Gy
3 Esophagus Mean dose <35 Gy
3 Cochlea (left and right) Mean dose <30 Gy

Table 5.1: List of clinical goals from the planning protocol used in this study to
generate the initial treatment plans .D98% and D2% are the doses received at
98% and 2% of the target volume, respectively. Abbreviations: CTV = Clinical
Target Volume, PCM = pharyngeal constrictor muscles, Sup = Superior, Mid =
Mid = Middle, Inf = Inferior, SMG: submandibular glands

In other words, the correction algorithm removes the low-frequency artefacts
and converts CBCT intensities to HU. To compensate for the limited CBCT field
of view (FOV), the areas outside the FOV are filled in by deformably mapping
intensity values from the pCT. More information about the method of CBCT
correction can be found in section 2.8 of the Reference Manual from RayStation
11B.

Two different contours sets were available in all corrCBCTs: rigidly mapped
contours and deformably mapped contours from the pCT to the corrCBCT using
rigid registration (RIR) and deformable image registration (DIR), respectively. The
DIR algorithm was the ANACONDA algorithm available in RayStation 11B [276].
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5.2.3 Adaptive strategies

Dose mimicking

The three proposed OAPT strategies used RayStation dose mimicking (RSDM)
as the optimization method to generate online adapted plans in the corrCBCTs.
The RSDM used in this study corresponds to the mimicking method integrated
with the ML model RSL-IMPT-OROPHARYNX-7000-SIB (3.0) [260].

RSDM is formulated as a voxel-wise least squared error (LSE) minimization
problem. The LSE objective function is divided into two one-sided terms, enabling
different weights depending on whether the optimized dose is greater or less than
the reference dose given as input. For OAR, voxels with smaller dose values than
the reference dose are not penalized. In addition to the voxel-wise LSE objective,
a weighted sum of conventional radiotherapy objective functions is added to the
problem, as implemented in RayStation 11B.

RSDM procedure consists of two separate runs, between which the clinical dose
is calculated accurately. These two runs consist of 125 and 80 iterations respec-
tively, which in our study were completed in between 13 to 17 minutes for the
21 robust scenarios. Optimizations were run on a GPUO Quadro P5000, 15 GB,
WDDM.

For the moment, proton dose computation on corrCBCTs is not available clin-
ically, but only in research versions. In collaboration with RaySearch, the RSDM
model was adapted to run on corrCBCT instead of pCT and to receive as input
not only an ML predicted dose but any other given dose distribution. When using
RSDM, the contours of the ROlIs to which the optimization objectives are applied
also need to be specified.

5.2.4 Online adaptation strategies

Three OAPT workflows were fully automated using the RayStation scripting
interface. The ROIs and reference doses given as input to the RSDM to run new
plan optimizations on the corrCBCTs are shown in Figure 5.1.

e Online Adaptation using Dose Restoration (OADR). The initial refer-
ence dose and manually delineated contours on the pCT were rigidly mapped
to the corrCBCT and given as input to the RSDM.

¢ Online Adaptive using Deformable image registration (OADEF) . The
initial reference dose and manually delineated contours on the pCT were
mapped to the corrCBCT using DIR and given as input to the RSDM.
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e Online Adaptive using a Machine Learning predicted dose (OAML).
Manually delineated contours on the pCT were deformably mapped to the
corrCBCT. The deformed contours were given as input to the ML model
to predict a new dose distribution on the corrCBCT. Later, the RSDM was
applied to the predicted dose using the deformed contours.
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Figure 5.1: Summary of the workflow to compare the not adaptive (NA) strategy with the
three proposed online adaptive methods based on dose mimicking: OADR, OADEF and OAML.
Abbreviations: corrCBCT = corrected CBCT, DIR = Deformable Image Registration, fx =
fraction, ML= Machine Learning, NA = No Adaptation, OADR = Online Adaptive based on
Dose Restoration, OADEF = Online Adaptation based on DEFormed dose, OAML = Online
Adaptation based on ML predicted dose, pCT = planning-CT.

5.2.5 Adaptation schedule

The objective was to simulate online adaptation only in the fractions where it
was needed rather than to explore a daily adaptation schedule for each strategy.
To trigger the adaptation, initial plans were recomputed on the corrCBCT and
the target coverage was evaluated on the propagated (i.e deformed) contours
from the pCT to the corrCBCT. A fraction was flagged as requiring adaptation
when the target coverage criteria (i.e D98%CTV < 95% Prescribed dose (Dp))
was not met for high-risk and/or low-risk deformed CTVs. From the 10 patients,
7 needed adaptation in more than 15 fractions (from 33 to 16), while 3 required
only adaptation in 1 to 10 fractions.



CHAPTER 5. DOSE MIMICKING FOR ONLINE ADAPTATION OF HEAD
AND NECK CANCER 109

5.2.6 Evaluation strategies

For not adapted treatments (NA), the dosimetric effects of anatomical and setup
uncertainties were calculated by recomputing the initial plans on the corrCBCTs.
The adapted doses in each fraction were simulated by optimizing a new adapted
plan on the daily image (corrCBCT), using the different OAPT methods (OADR,
OADEF and OAML) as described in Figure 5.1.

With 35 fractions per patient and a total of 10 patients, 350 fractions were avail-
able to evaluate target coverage on the deformed CTVs for NA, OADR, OADEF
and OAML strategies. ldeally, the evaluation of the OAPT strategies should be
performed on manually delineated contours on the corrCBCTs for each fraction.
However, the re-delineation of 350 corrCBCTs would imply an unreasonable work-
load for the clinical staff at our institution. As an alternative, we decided to use
dose accumulation on the pCT in order to simulate a complete treatment delivery
(see Figure 5.1). A verification on a subset of 2 corrCBCT per patient, corre-

sponding to 20 treatment fractions, was performed on re-contoured targets and
OAR.

Evaluation on accumulated doses

According to the initial plan adaptation schedule (section 5.2.5) for each patient,
NA, OADR, OADEF and OAML plans were computed on the 35 corrCBCTs to
simulate the final delivered dose by each method. Using DIR (from the pCT
to corrCBCT), each fraction dose was warped back to the pCT. The 35 warped
fraction doses were summed up to four different accumulated dose distributions
per patient (NA, OADR, OADEF and OAML summed doses), and compared to
the initial reference dose. It is important to keep in mind that daily adaptation was
not performed. Therefore, OADR, OADEF and OAML summed doses contained
NA doses in the fractions where adaptation was not required (i.e target coverage
criteria were already met by using the initial clinical plan without adaptation for
that specific treatment fraction). Since all the doses were warped back to the
pCT, the metric evaluation was performed on the manually delineated contours
on the pCT.

For each summed dose, differences with respect to the clinical dose in D98
values (dose received by 98% of the volume) were calculated for low-dose and high-
dose CTVs. Differences in Dmean (average dose) were reported for the parotids,
SMGs, PCMs and the oral cavity while differences in maximum doses (i.e dose
received at 0.03 centimeters cube (D0.03cc)) were calculated for the spinal cord,
brainstem and the body. These metrics were evaluated for NA, OADR, OADEF
and OAML accumulated doses and compared to the initial dose distribution values.
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Median, minimum and maximum values of the differences, Median (Min, Max),
were reported to illustrate how far the NA and OAPT doses were from the initially
planned dose distribution. Normal Tissue Complication Probability (NTCP) values
were also calculated from the OAR metrics using the formulation proposed by
Langendijk et al.[277].

Evaluation on corrected contours in corrCBCT

The dose accumulation method previously described has limitations since the
DIR used to deform the contours from the pCT to the corrCBT was also used
(inversely) to map the NA, OADR, OADEF and OAML dose distributions in each
corrCBCT to the pCT. It could be that inaccuracies in the DIR used for contour
mapping would have been underestimated because of the posterior inverse dose
mapping to the pCT. In this case, OADEF and OAML strategies would have biased
evaluations giving too optimistic results.

To overcome the DIR limitations we asked experienced radiation oncologists to
correct CTV and OAR volumes in two fractions per patient. Fractions with low
target coverage in the deformed CTVs were selected: one fraction before the first
half of the treatment and another one towards the end of the treatment. CTV and
OAR contours were deformably mapped and manually corrected when necessary.
With two fractions for each of the 10 patients, 20 fractions with manually corrected
contours were available for direct evaluation of each OAPT strategy.

Evaluation of different treatment schedules

The scheduled plan is defined as the plan that should be delivered to a patient
at a specific n treatment fraction (n < 35). In this study, we evaluated for each
of the OAPT strategies the number of fractions needing adaptation depending on
different scheduled plans for each fraction n:

e Initial plan (IP): The IP optimized on the pCT was the scheduled plan for
fraction n.

e Last adapted plan (LAP): From all the previous fractions, the plan corre-
sponding to the last adapted fraction X is the scheduled plan for fraction n
(X < n).

e Best adapted plan (BAP): The plan with the highest target coverage
after the re-computation of all previously adapted plans on the corrCBCT
of the fraction n is chosen as the BAP. The BAP corresponding to a previous
fraction Y (Y < X < n) is the scheduled plan for fraction n.
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5.2.7 Statistical significance

Grouped data were tested for statistical significance using two-sided Wilcoxon-
Mann-Whitney tests using SciPy version 1.5.2. The differences were considered
statistically significant for p-values < 0.05.

5.3 Results

5.3.1 Target coverage in corrected CBCTs

Median values of target coverage across the 350 corrCBCT (including adapted
and not adapted fractions) are given as a percentage of the prescribed dose in Table
5.2.a) for low and high-risk CTV. With NA strategy relying on the robustness of
the initial plan, 52%(181/350) of the fractions required adaptation since target
coverage criteria (D98% > 95%Dp) was not fulfilled for one or both CTVs. When
applying OADEF or OAML to these fractions, target coverage was ensured in
all corrCBCT. This was not the case with OADR, which could not ensure target
coverage in 9% and 5% of the cases for low-risk and high-risk CTV, respectively.
For all strategies, NA, OADR, OADEF and OAML coverage of low-risk CTV was
lower than high-risk CTV. OADR improved median target coverage in 0.9 Gy
compared to NA plans. While OADEF had the highest performance with less
than 0.2 Gy difference with respect to OAML.

5.3.2 Target coverage in accumulated doses

Table 5.2.b contains the median values of D98 metrics for both CTVs accross
the 10 accumulated dose distributions (one per patient). Without any adapta-
tion, low-risk CTV did not receive the prescribed dose in 3 patients (30%). When
implementing OADEF and OAML to the selected fractions for adaptation, accu-
mulated dose distributions recovered target coverage in all patients. For OADR,
the low-risk CTV of patient 3 received only 93.46% of the prescribed dose, be-
ing the only patient for which the method was not able to compensate for the
anatomical changes.

Differences in D98% values of NA, OADR, OADEF and OAML strategies with
respect to the initial plan are shown in Figure 5.2 Whether the differences with
respect to the initial dose and between models are statistically significant (p <
0.05) or not statistically significant (n.s, p > 0.05) was reported in Table 5.3.

NA plans presented statistically significant degradation in target coverage with
respect to the initial plan. In the high-risk CTV the median value of the difference
for D98 metrics NA plans was -0.84 (-1.21, 0.11) Gy Gy. On the contrary, when
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a) Evaluation on deformed CTVs for the 350 corrCBCTs
Median (Min - Max) % of prescribed dose

Planning Low risk CTV Fail cases  High risk CTV Fail cases
strategy (Dp = 54.25 Gy) Abs (%) (Dp = 70.00 Gy) Abs (%)
NA initial plan 95.21 (60.77 - 96.79) 151 (43%) 96.11 (73.38 - 97.89) 117 (33%)
OADR 96.13 (74.35 - 97.24) 34 (9%) 97.04 (84.39 - 98.20) 18 (5%)
OADEF 96.54 (95.01 - 97.43) 0 (0%) 97.52 (95.08 - 98.22) 0 (0%)
OAML 96.43 (95.01 - 97.27 0 (0%) 97.38 (95.08 - 98.10) 0 (0%)

b) Evaluation of the 10 accumulated dose distributions on the planning contours
Median (Min - Max) % of prescribed dose

Planning Low risk CTV Fail cases High risk CTV Fail cases
strategy (Dp = 54.25 Gy) Abs (%) (Dp = 70.00 Gy) Abs (%)
NA initial plan 96.07 (92.73 - 97.42) 3 (30%) 96.47 (96.20 - 97.89) 0 (0%)
OADR 97.30 (93.46 - 98.01) 1 (10%) 97.61 (96.58 - 98.14) 0 (0%)
OADEF 97.87 (97.04 - 98.24) 0 (0%) 98.03 (96.52 - 98.84) 0 (0%)
OAML 97.82 (97.10 - 98.07) 0 (0%) 97.90 (97.07 - 98.57) 0 (0%)

c) Evaluation on manually delineated CTVs for 20 selected corrected CBCTs
Median (Min - Max) % of prescribed dose

Planning Low risk CTV Fail cases High risk CTV Fail cases
strategy (Dp = 54.25 Gy) Abs (%) (Dp = 70.00 Gy) Abs (%)
NA initial plan 93.74 (59.76 - 95.99) 16 (80%) 95.05 (89.13 - 97.52) 9 (45%)
OADR 95.83 (90.18 - 96.94) 4 (20%) 97.36 (86.66 - 98.10) 3 (15%)
OADEF 96.70 (95.96 - 96.91) 0 (0%) 97.80 (92.54 - 98.19) 1 (5%)
OAML 96.50 (96.12 - 96.89) 0 (0%) 97.66 (90.48 - 98.04) 1 (5%)

Table 5.2: Median, minimum and maximum values for low-risk CTV and high-risk
CTV target coverage for three different evaluation strategies: (a) evaluation on
deformed CTVs over the 350 fractions (10 patients with 35 fractions per patient),
(b) evaluation on the manually delineated contours on the planning-CT after dose
accumulation of the 35 fractions on the planning-CT (one dose distribution per
patient, so 10 accumulated dose by strategy) and (c) evaluation on the corrected
CTVs on a subset of 20 selected fractions. The number of cases where the target
coverage criteria failed (D98 <95%Dprescribed) is also reported in absolute value
(Abs) and as a percentage of the number of total evaluated data points: 350 for
(a), 10 for (b) and 20 for (c). Abbreviations: Abs = Absolute, CTV = Clinical
Target Coverage, NA = Not adapted, Min = Minimum, Max = Maximum.
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applying OAPT strategies median differences were not statistically significant with
respect to the initial plan with 0.01 (-1.17, 0.62) Gy for OADR, 0.29 (-1.22, 0.94)
Gy for OADEF and 0.16 (-0.83, 0.61) Gy for OAML.
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Figure 5.2: The differences in terms of target coverage (D98% - dose received by 98% of
the CTV) between accumulated doses from OAPT strategies and the clinical plans. Negative
differences indicate an underdosage of the CTV with respect to the clinical plan while higher
target coverage is linked to positive differences. The boxes indicate the median and interquartile
range (IQR). The whiskers extend to a minimum of 1.5 times the IQR and diamonds represent
the outliers.

For the low-risk CTV (i.e union between both left and right nodes) differences in
D98 values experience a drop in target coverage of -0.50 (-2.34, 0.20) Gy for NA
plans. On the contrary, when applying OAPT strategies, low-risk target coverage
was increased even to greater values than the ones from the reference plan, with
a median D98 values of 0.32 (-1.95, 0.78) Gy for OADR, 0.59 (0.25, 0.82) for
OADEF and 0.51(0.25, 0.71) for OAML. For OAML and OADEL the differences
with respect to the clinical dose were statistically significant.



CHAPTER 5. DOSE MIMICKING FOR ONLINE ADAPTATION OF HEAD

114 AND NECK CANCER
D98(Low risk CTV) D98(High risk CTV)
NA OADR OADEF OAML NA OADR OADEF OAML
Clin 0.008 n.s 0.002 0.002  0.004 n.s n.s n.s
NA 0.010 0.002 0.002 0.019 0.006 0.002
OADR 0.003 n.s 0.019 0.027
OADEF n.s n.s

Table 5.3: Statistical significance of the different strategies (NA, OADR, OADEF
and OAML) compared to the reference clinical dose and between them. Statis-
tically significant (s.s) implies p <0.05. Pink cells represent the values for which
no statistically significant difference (n.s.s) was reported (p >0.05).

Analysing the performance between methods, OADEF provides the highest tar-
get coverage overall but with an outlier for patient 10 for which only one fraction
was adapted. OADEF and OAML perform very equally, ensuring target coverage
for all accumulated dose distribution. The differences in target coverage with re-
spect to the initial dose for both low-risk and high-risk CTV between OADEF and
OAML were not statistically significant.

5.3.3 Target coverage for re-delineated contours

Median values of target coverage across the 20 re-delineated corrCBCT were re-
ported as a percentage of the prescribed dose in Table 5.2.¢) for both CTVs. When
the initial plan was delivered without any correction, adaptation was required in
80% and 45% of the 20 fractions to ensure target coverage for low-risk and high-
risk CTV, respectively. In some cases, the target coverage was extremely low, not
even achieving 60% of the prescribed dose for one outlier. With no adaptation,
the median value of D98% metric for the low-risk CTV was below 94% of the
prescribed dose. When applying OADR to this subset of fractions, median D98%
was recovered above 95% of the prescribed dose for low-risk CTV and increased
from 95% to 97% of the prescribed dose for high-risk CTV. However, some of
the fractions still did not reach the clinical goal (D98% > 95%Dp). Although
OADEF and OAML strategies increased target coverage for both CTVs, none of
the methods could ensure coverage of the high-risk CTV for one of the fractions
when evaluating the real (i.e corrected) structures.
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5.3.4 OAR sparing and toxicity on accumulated doses

The differences with respect to the initial dose in the OAR and NTCP evalu-
ation metrics were displayed in Figure 5.3 and Figure 5.4, respectively. Median
values of the differences in the OAR metrics were in most of the cases less than
1 Gy. A bigger variability was shown in the PCMs, especially on the superior and
medium PCMs. Overdosage to the PCMs was translated into a higher probability
of dysphagia in grades 2 and 3, especially for NA plans. When applying OADR and
OADEF, NTCP values were reduced close to the initial values. The lowest NTCP
values were achieved by OAML doses, with no statistical significance compared to
NTCP values from the initial plans.
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Figure 5.3: The differences in DVH metrics (Dmean and D0.03cc) between accumulated doses
of NA, OADR, OADEF and OAML, and the clinical plans. Differences greater than zero indicate
an overdosage to the OAR while values below zero indicate OAR sparing. The boxes indicate
the median and interquartile range (IQR). The whiskers extend to a minimum of 1.5 times the
IQR and diamonds represent the outliers.
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Two outliers were observed in the spinal cord for NA plans with overdosages
of 6.8 Gy and 14.5 Gy. Both were compensated with the implementation of
any of the OAPT strategies. Maintaining target coverage came at the cost of a
slightly increased dose to the brainstem and the spinal cord for OADR and OADEF
strategies, although always within clinical limits. Moreover, an increased dose to
the parotids in OADR dose distributions was translated into a median increase
of 0.5% probability for xerostomia grade 2. The NTCP values never exceeded
more than 1.2% for xerostomia nor 3.9% for dysphagia. Moreover, in the case
of dysphagia, NTCP values were always lower when applying any of the OATP
strategies than with no adaptation.
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Figure 5.4: Difference in NTCP values respect to the clinical plan NTCP values, ANTCP =
NTCP(OAPT strategy) - NTCP(clinical plan). The higher the difference in the NTCP values, the
bigger the deviation from NTCP from the clinical plan and the higher probability of developing
secondary effects associated with toxicity (for values above 0).
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5.3.5 Analysis of adaptation rates

In Table 5.4. the adaptation rates for three different scheduled plans: initial plan
(IP), last adapted plan (LAP) and best adapted plan (BAP) were reported. More
than half of the fractions (51%) required adaptation to ensure target coverage
criteria when the initial plan was chosen to be delivered without any adaptation.
On the contrary, when LAP was selected as the scheduled plan, the need for
adaptation was reduced by more than half for any of the OATP strategies: 25%
of adaptation required for OADR, 16% for OADEF and 21% for OAML. The
adaptation rate decreased, even more, using the BAP as the scheduled plan. In
this case, when applying 20% of adaptation was achieved for OADR, 14% for
OAML and in the best case scenario, only 12% of the 350 fractions (instead of
51%) was required when OADEF was chosen.

Number of adapted fractions

Last adapted plan (LAP) Best adapted plan (BAP)

Initial plan

Patient (IP) OADR OADEF OAML OADR OADEF OAML
1 33 28 14 21 20 11 14
2 32 13 12 14 9 8 10
3 26 20 7 7 19 5 7
4 22 5 5 5 4 4 4
5 20 5 4 5 5 4 4
6 18 4 3 11 3 3 4
7 16 5 5 5 5 2 2
8 10 5 4 5 3 3 4
9 2 2 2 2 2 2 2
10 1 1 1 1 1 1 1

0,

oTotal 51% 25%  16%  21%  20%  12%  14%

of the 350 fractions

Table 5.4: The number of adapted fractions per patient according to the target
coverage criteria (D98% >95% Prescribed dose) evaluated in each fraction. Since
manually delineated contours were not available in every fraction, the recompu-
tation of the schedule plans for that fraction (i.e the initial plan (IP), the last
adapted plan (LAP) or the best adapted plan (BAP)) was evaluated on the de-
formed target volumes.
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5.4 Discussion

Three robust IMPT planning strategies based on dose mimicking were fully au-
tomated and integrated into the commercial TPS RayStation 11B. The three
methods, OADR, OADEF and OAML, increased target coverage compared to no
adaptation while reducing the need for offline adaptation. It was shown that the
adaptation rate could be reduced from 51% for NA plans, to less than 25% when
using LAP as the scheduled plan, and below 12% for BAP. BAP is computationally
more expensive than LAP since it requires more than one proton dose recalcula-
tion. However, the workflow could be easily parallelized to quickly evaluate all
previously adapted plans.

Due to the proximity of small OAR to the CTVs in HNC, maintaining the target
coverage during all fractions slightly increased the dose to the parotids and PCMs.
This was translated into increased NTCP with respect to the initial plan, especially
for OADR and OADEF strategies. However, for dysphagia, the increase in NTCPs
was always lower for any OATP strategies than for NA, while for xerostomia it
never exceeded more than 2%. This could seem an acceptable tradeoff in exchange
for a higher target coverage and tumor control probability (TCP). Overall, OAML
dose distributions showed the best performance, maintaining or even improving
target coverage and OAR sparing and with no statistical significance in NTCP
values with respect to the initial plan for all toxicities and grades. Moreover, all
three OAPT strategies were also able to correct hot spots.

Previously presented robust dose restoration strategies required an additional
manual step in the planning phase for each patient [237, 261, 33]. This approach
could make difficult the usability of the method in a clinical setting due to the
increased workload [146]. On the contrary, in our proposed OADR, the manual
configuration of the mimicking parameters is performed once during the commis-
sioning of the ML model. Once the mimicking settings are chosen for a specific
protocol (i.e tumor location, beam configuration, robustness parameters etc.), the
mimicking model can be used for all subsequent patients without manual tuning.

Manual contour delineation of the new patient anatomy is the most time-
consuming step in the adaptive workflow and probably one of the bottlenecks
hampering online adaptive implementation [278]. The advantage of the three
proposed OAPT strategies is that they do not require new contour delineation
before re-optimization, contours from the pCT are instead (a) rigidly or (b) de-
formably mapped to the corrCBCT.
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When (a) rigid mapping is applied, we gain stability in the dose shape compared
to the initial clinical plan, which facilitates plan approval and quality assurance
(QA). Only addressing density changes, the offline adaptation rate was not zero
but it was reduced by more than 50%. To cover a wider range of anatomical
deformations, including non-rigid deformations, other adaptive strategies includ-
ing deformed contours (b) were required. These results are in agreement with a
previous study by Borderias-Villarroel et al. [261] where offline adaptation was
necessary to correct the dose distortions that dose restoration could not compen-
sate for. The proposed OADEF and OAML strategies could be alternatives to
offline replanning in such cases to avoid increased workload and treatment delays.
Ideally, the re-contouring (i.e volume segmentation) could be performed automat-
ically by artificial intelligence models [242, 246]. These tools have been proven
very effective on CT image quality data sets but would need to be adapted to
be used on low-quality CBCT images [279, 280] or synthetic CTs [271]. Unfor-
tunately, nowadays both DIR and automatic segmentation cannot be relied on
blindly, without human verification [236]. Therefore, contour modification and
approval by the doctor are still required, as is the case in the Ethos System from
Varian or the MRLinacs [194, 136].

Although the benefit of adaptation is already seen with only some of the fractions
being adapted, it could be that its main advantages, such as higher OAR sparing,
are diluted by the non-adapted fractions. A bigger difference between NA plans
and OAPT plans would have probably arisen from a comparison with a daily
adaptation schedule. However, with the current technology daily online adaptation
is still a cumbersome task that will increase the workload and the time spent by
the patient on the treatment couch. This could be detrimental for the patient due
to increased setup error uncertainties in fractions where adaptation is not needed
to achieve the clinical goals. On the other hand, higher adaptation rates open the
path to decreasing robustness parameters accounting for setup and range errors
that could be translated into OAR sparing and reduced toxicities.

The feasibility of fully integrated and automated adapted proton plans using
Monte Carlo optimization on corrected CBCT images in less than 20 minutes,
brings OAPT one step closer to its clinical implementation. However, some of the
limitations of our study still need to be addressed.

First, the CBCT image quality was out of the scope of the study since our
main objective was the comparison between adaptive strategies all computed on
the same corrCBCT. Nevertheless, it is an important field of research in OAPT
since an improved CBCT image quality would enable more accurate evaluation,
optimization and proton dose calculation [140, 281, 171].
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Second, the DIR algorithm introduces uncertainties during contour mapping,
dose warping and accumulation especially when important anatomical changes
occur and when reporting small volume dose metrics (i.e parotids or SMGs) in
steep dose gradients [282, 283, 158]. In our study, NTCPs were calculated with
OAR median doses taken directly from the DIR-based deformed contours. How-
ever, differences in NTCPs between DIR-based and manual contouring should be
within the range caused by inter-observer variability as reported by Gan et al.
[284]. It was also shown the evaluation on deformed contours can be suboptimal
to estimate the real delivered dose to the patient leading to an underestimation of
the adaptation need. The evaluation of OAPT strategies directly on a subset of
fractions with manually corrected contours attempted to mitigate the limitations
of the DIR-based dose accumulation. However, this probably came intrinsically
with the introduction of inter-observer variabilities. Moreover, with the introduc-
tion of DIR-mapped contours in automatic proton treatment re-planning, there is
a crucial necessity to develop automatic tools able to identify when propagated
contours are likely to be incorrect, acting as a flag for manual review of these
contours [285].

Third, depending on the available tools and medical staff OADR, OADEF,
OAML or offline adaptation could be chosen as adaptive strategies. A fast-
independent Monte Carlo dose calculation could help in the decision-making and
as a pre-treatment patient-specific QA procedure [286]. Parameters such as the
degree of weight loss, reduction in lateral neck diameter or Dice Similarity Co-
efficient (DSC) between rigidly and deformably mapped contours could also be
monitored to trigger patients receiving the greatest benefit of adaptation and ap-
propriate candidates for each of the OAPT [261, 243]. In any case, all online
adapted plans should be followed by an extensive and fast, patient-specific quality
assurance including machine log files after delivery [104]. Finally, it would be
interesting to evaluate the three OAPT methods compared to reference clinical
plans manually generated instead of fine-tuned automated ML plans.

In conclusion, all adapted plans provided closer DVH metrics to the validated
initial plan compared to no adaptation, sometimes reestablishing or even improving
the initial plan. OAML had the overall better performance in target coverage,
OAR sparing and NTCPs, closely followed by OADEF. The three methods have
the potential to be integrated into an online adaptive clinical setting to generate
adapted plans which can compensate for inter-fractional anatomical changes and
reduce the need for offline adaptation. This is key to deliver the most personalised
treatment plan to the patient while avoiding an unaffordable increased workload
to the radiation therapy department.
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Chapter 6

Conclusion and outlook

Chapter 6 concludes this work and presents the outlook and perspectives for
future work.
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The Bragg peak is the main advantage of proton therapy, but it is also its
main challenge. In contrast to the low sensitivity of photon treatments, proton
dose distributions are distorted in the presence of treatment uncertainties due to
range errors. Online APT can be implemented to compensate for inter-fractional
anatomical changes and realize the full potential of proton therapy. This thesis
aims at this objective by exploring fully automated robust planning strategies in a
commercial TPS. The contributions from the author can be summarized as:

e An efficient method for fully automated online APT based on dose restora-
tion was successfully implemented and validated in several patients with
inter-fractional anatomical changes. First, dose restoration was investi-
gated for lung cancer patients, including robustness against breathing mo-
tion (Chapter 2). Later, the dose restoration workflow was modified to be
applied to HNC patients (Chapter 3). Dose restoration managed to re-
construct the prior approved dose distributions as made for the pCT scans
despite density changes on rCTs. Thus, the aim of replicating the static
dose cloud approximation valid for photons was also achieved in proton
treatments by compensating for proton range errors. The need for offline
plan adaptation was reduced when implementing the dose restoration adap-
tive approach.

e The feasibility of fully automated IMPT plans combining post-processed pre-
dicted doses and dose mimicking optimization was investigated in Chapter
4. A particular focus was put on the post-processing and mimicking steps
since they are essential to ensure the accuracy and robustness of the auto-
matically generated plans. From comparing four different variations of the
planning workflow, information could be extracted to derive the appropriate
combination of post-processing and dose mimicking settings that provided
the most accurate and robust IMPT plans.

e Three automatic IMPT planning strategies using dose mimicking were de-
veloped to be applied on HNC repeated CBCTs (Chapter 5). Each strategy
received a different dose to mimic to generate an adapted dose: the initial
clinical dose (OADR), the deformed clinical dose (OADEF) or a completely
new reference dose generated via machine learning dose prediction (OAML).
Although the proposed strategies differ in the requirements for their clinical
implementation and their range of application, all demonstrated their poten-
tial to perform successful treatment plan adaptation in different anatomical
changes scenarios. These automatic planning methods could be used in an
online adaptive setting to generate adapted IMPT plans to the anatomy-of-
the-day.
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The proposed methods may benefit cancer patients through more accurate, ro-
bust, and patient-specific proton therapy treatment delivery using online APT.
More accurate since online APT has the potential to ensure that what was ini-
tially planned is indeed delivered without delays during the treatment course.
More robust because treatment uncertainties can be taken into account during
re-optimization of the adapted plans. Finally, more patient-specific due to the
possibility of daily treatment plan adaptation to compensate for patient anatomi-
cal changes at every treatment fraction. However, there is still room for improving
the presented methods, as well as there are other related topics not treated here
that should be further investigated. In this chapter, we will review the remaining
issues and limitations of the developed methods, followed by a discussion of the
opportunities and challenges in their clinical implementation and the future of
online APT.

6.1 Potentials and limitations of the proposed online
APT methods

Dosimetric improvements

In agreement with the proof of concept of isodose-based dose restoration in two
HNC patients and one lung cancer patient by Bernatowizc et al. [33], we also found
improved DVH metrics of the restored plans with respect to no adaptation for
larger patient cohorts of lung and HNC. As discussed in Chapter 2 for lung cancer
patients, target coverage and OAR sparing were always improved (i.e., closer to
initial planning values) when applying dose restoration compared to no adaptation.
However, dose restoration was not that effective in the investigated HNC cohort
(Chapter 3). Although dose restoration yielded adequate target coverage in 52% of
rCTs, full offline adaptation was still required in 48% of rCTs to achieve acceptable
dose levels. Changes in the relative positions of anatomic structures due to non-
rigid deformations or poor quality registrations caused imperfect overlap between
rigidly mapped and the real position of the regions of interest (CTV and OAR).
In such cases, although dose restoration successfully replicated the initial dose
distribution on the rCT, the dose was restored in the wrong location. In the
presence of such non-rigid anatomical changes, dose restoration could even be
detrimental compared to no adaptation. Therefore, it is crucial to (1) identify
such situations and (2) to find more appropriate adaptive strategies to suit them.

To address (1), the Dice Similarity Coefficient (DSC) between rigidly and de-
formably mapped target volumes or other anatomical indicators (e.g., neck di-
ameter) were proposed in Chapter 3. Nevertheless, further research is required
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to define a mechanism capable of identifying patients for whom dose restoration
would be inadequate. Alternatives using deformably mapped contours and dose
mimicking for automatic IMPT planning were investigated in Chapter 5(2) to
overcome the intrinsic limitations of the dose restoration approach. These online
APT strategies using deformed contours (e.g OADEF and OAML) provided su-
perior dosimetric scores than the restored and not adapted plans for both target
coverge and OAR sparing. Nevertheless, the use of contour deformation comes
at the cost of contour verification, requiring the presence of the doctor in the
treatment room. This point will be discussed further in this section.

Offline adaptation rate reduction

Nowadays, proton clinics rely on rCTs to trigger offline adaptation to handle
anatomical changes. Evans et al. highlighted the importance of weekly verification
rCTs for HNC since they frequently influenced clinical decision-making to perform
re-planning (~ 50%) [25]. As previously mentioned, offline adaptation implies
delays in the treatment delivery to the patient and an increased workload in the
radiation therapy department. Launching the complete offline APT workflow from
scratch can take several days. Although some automation efforts based on DIR
have achieved timing reductions below 24 hours [287], the more this cumbersome
task can be reduced, the better. The better for the patient who will receive the
treatment initially planned without delays, and the better for the radiation therapy
service, which can spare time and human resources.

When analyzing the offline adaptation rate based on target coverage, it was
demonstrated in Chapters 3 and 5 that dose restoration techniques could account
for a high number of dose distortions reducing the need for offline APT. Only one
out of 14 patients required offline adaptation in the lung patient cohort. In the
investigated HNC cohort, dose restoration reduced the need for offline adaptation
in 50% of the cases. However, although dose restoration could reduce offline
adaptation rates to numbers more typical of conventional photon therapy, it is
not the ultimate solution for DAPT since it can not properly handle some non-
rigid anatomical changes. Therefore, once the proton-specific problem of range
errors has been mainly solved by dose restoration, the residual adaptation rate
associated with wide non-rigid anatomical changes is a challenge shared between
photon and proton radiation therapy.

In Chapter 5 we saw that the residual need for adaptation could be handled
by the strategies using non-rigidly mapped contours (i.e OADEF and OAML).
OADEF and OAML did not need offline APT when evaluating accumulated doses
in the investigated HNC patient cohort. The only exception was a single rCT (out
of 20) in which clinical goals for target coverage were not achieved in manually



CHAPTER 6. CONCLUSION AND OUTLOOK 127

delineated contours. These results highlighted the ability of these methods to
properly cope with dose distortions induced by a wide range of inter-fractional
anatomical changes. Moreover, they opened the path to replace, or at least
minimize, the need for offline adaptation. Finally, they contribute to the previous
literature [198, 288, 238] to fill the gap towards the clinical implementation of a
DAPT workflow, which is of growing interest for proton therapy [135].

Accuracy, ensuring target coverage

While developing the adaptation methods described in this thesis, the focus was
on making the workflow fully automated and free from human intervention. To
this end, we aimed for a success rate of 100% in the adapted plans (i.e., meeting
all clinical goals). This entails making the adapted plans clinically acceptable
without user alterations, thereby reducing the need for review. Therefore, strict
criteria for target coverage were applied while lower priority was given to the OAR
sparing. The dose restoration method achieved this aim using higher optimization
weights in the isodoses corresponding to the dose prescription region. For dose
mimicking strategies, ensuring target coverage relied on the post-processing of
the mimicked dose and high optimization weights on target structures during dose
mimicking process.

However, slightly lower target coverage could be clinically desirable in some
instances, as critical OAR could be better spared. If this holds for the entire treat-
ment course, one could generate several models based on dose mimicking with
different post-processing and mimicking settings that would push to spare specific
OAR. Depending on the treatment fraction, different models could be chosen by
the medical doctor when triggering the adaptation. However, as shown in Chap-
ter 4, this could highly compromise the robustness of the plans. This approach
should be, therefore, further investigated for safe implementation. Following the
same reasoning for the isodose-based dose restoration method, additional patient-
specific templates could be created offline at the planning stage to spare specific
OAR. However, the additional workload that this would imply does not seem
reasonable in a clinical setting.

6.2 Application of online APT strategies

Potential for margin reduction

We have seen that treatment uncertainties are often handled using margins,
robust optimization, and treatment plan adaptation. The more uncertainties we
consider upfront during the initial treatment planning, the more robust our plan
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will be, and less adaptation will be required. However, the higher robustness of the
initial plan comes at the cost of a larger irradiated volume which can undermine
the potential benefits of proton therapy. As shown by Van de Water et al. [289],
reducing the amount of robustness, especially for the setup error, could reduce
NTCP in oropharyngeal cancer patients.

Ideally, with the clinical implementation of DAPT, the degree of included ro-
bustness/margins could be further reduced as the initial plan no longer has to
account for all possible shapes and locations of the target. Furthermore, this re-
duction could be translated into an even more conformal proton dose distribution
with a higher sparing of the healthy tissue and, therefore, into reduced toxicity.
Nenoff et al. [198] demonstrated that DAPT mitigated daily positioning errors,
allowing for a substantial reduction of PTV margins, thus decreasing integral dose
while preserving target coverage throughout the treatment. Wagenaar et al. also
demonstrated the feasibility of a reduced 2 mm setup margin for HNC [290]. How-
ever, the clinical implementation of such approaches would benefit from a DAPT
strategy that could be safely applied in case of unexpected dose distortions during
the treatment course. When combining online APT with other novel techniques,
such as dual-energy CT, the robustness setting reduction could be even higher
[291].

A recent proof-of-concept study by Dohopolski et al. compared daily ART
treatments of 1 mm PTV margin to the conventional 5 mm PTV margin in the
Ethos emulator. They concluded that the reduced margin significantly improved
critical OAR dosimetry, which may lead to improved quality of life while preserving
or improving tumor coverage [292]. A similar study for anal cancer by Astrom et
al. also demonstrated the feasibility of margin reduction with online ART [293].
Other ART strategies have been demonstrated also effective for margin reduction
in HNC [294]. These first pieces of evidence indicate that reducing PTV margins
can be safely applied in online ART. Future research should address the feasibility
of an equivalent approach for IMPT plans optimized with reduced robustness
parameters in the online APT context.

Compared to the PTV margin, the possible reduction of the CTV margin during
treatment plan adaptation due to tumor shrinkage remains controversial [295].
Even if tumor regression can be imaged, it is not clear how tumor regression is
translated at the microscopic level [133]. Hamming et al. showed that adapting
to primary tumor GTV shrinkage on MRI mid-treatment was potentially unsafe
[296].
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Potential for dose escalation

Higher radiotherapy dose intensity has been associated with improved local-
regional control and patient outcome [297, 298]. However, dose escalation should
be performed while maintaining at least the same dose to the OAR to avoid
a higher toxicity [299]. Therefore, dose escalation studies should be carefully
addressed. The randomized trial (RTOG-0617) demonstrated that lung cancer
patients who received an escalated dose (74 Gy) to the target had worse survival
than patients who received the standard dose of 60 Gy [300]. A single institution
analysis of 251 NSCLC patients showed that keeping the heart V50 Gy below 25%
was associated with a nearly 20% absolute improvement in 2-year overall survival
[301]. The more the dose to healthy tissue can be spared, the more room for dose
escalation. Integrating proton planning and online APT to ensure adequate daily
doses opens the path to safely increase local control rates for patients with high
loco-regional failure risk [302, 303].

Enabling soft tissue repositioning

Rigid registration between daily images and the pCT is often performed for pa-
tient repositioning based on anatomical structures [304] like bony anatomy (e.g.,
vertebrae) [79, 305]. This technique is convenient because bone anatomical struc-
tures can be easily matched due to their high contrast in CT, CBCT, and orthog-
onal X-ray images. Moreover, they ensure a correct alignment of the bones with
respect to proton beam paths which prevents dose distortions caused by critical
density changes. Alternatively, soft-tissue re-positioning has also been suggested
for image-guided radiotherapy. Moller et al.[306] demonstrated that the imple-
mentation of soft-tissue repositioning combined with adaptive IMRT decreased
the dose to the lungs. This gain could be even higher when using IMPT instead
of IMRT. However, soft-tissue image guidance in proton therapy is theoretically
more challenging due to proton range errors. For instance, Maeda et al. evaluated
image-guided proton therapy (IGPT) using an in-room CT. They reported that
prostate matching reduced the dose to the rectum and improved target coverage
compared to bone matching. However, an adaptive approach was desirable to
maintain better dose coverage of the seminal vesicles [128]. Depending on the re-
positioning strategy, differences in target coverage and adaptation rates were also
found for esophageal cancer treated with IMPT [307]. Online (D)APT could facili-
tate IGPT independently of the registration method (soft-tissue or bony anatomy)
used for patient re-positioning. The change of densities in the beam path, such
as the entrance of a bone structure, and the daily anatomical information would
be considered during plan re-optimization on the image of the day.
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6.3 Towards the clinical implementation

Several questions arise when considering the future implementation of online APT.
In this section, the ones estimated as more relevant will be addressed.

How much of a priority it is for clinicians?

The POP-ART study interviewed 177 radiation therapy centers across 40 coun-
tries to retrieve information about the status of clinical practice regarding ART
[160]. Several of the centers interviewed by the POP-ART survey wished to in-
crease their use of ART or change their technique for the two locations addressed
in this thesis, head and neck (19%) and lung (13%) cancer. In addition, 14% and
12% of respondents were not applying ART but wished to implement it as a prior-
ity for head and neck and lung cancer, respectively. The main barriers hampering
the implementation reported in this study were the lack of human and material
resources and the technical limitations. One could assume that the demand is
expected to be even higher for IMPT due to its increased need for treatment plan
adaptation. Therefore, the proposed online APT solutions fully automated on a
commercial TPS could bring a promising opportunity to ease the workload of the
adaptive workflow and expand the use of APT. The reduction of offline APT and
the promises of DAPT could even impact the deployment of proton therapy itself.
For instance, clinics with limited resources could be interested in such approaches
to expand the locations they are able to treat with protons.

When treatment plan adaptation should be triggered?

Some patient groups and treatment schedules can be expected to benefit more
from online adaptation. It is the case of hypo-fractionated treatments, as there
is less chance for random daily errors to be averaged out in other treatment frac-
tions. Moreover, a higher daily dose delivered per fraction increases the need for
healthy tissue protection. Treatment sites for which density changes frequently
occur (e.g., thoracic region) could also benefit more from online APT. Online APT
is also an attractive option for pediatrics. Due to their longer survival, children
are at a higher risk of secondary cancers caused by doses to the healthy tissues.
Online APT can reduce the dose to OAR and thereby reduce the risks. Another
possibility would be to use NTCP model-based selection to identify the patients
that would benefit the most from online adaptation. Besides establishing whether
a patient will benefit from plan adaptation, the need and optimal adaptation fre-
quency should also be determined. A recent study from the Mayo Clinic, analyzed
711 patients treated at their institution with robustly optimized IMPT plans and
2196 verification CTs [26]. Malignancies representing the largest proportion of re-
planning were HNC (54%) and lung or chest (58%). However, re-planning rates
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vary a lot across studies. Moreover, how the need for adaptation is linked to the
planning strategy, clinical experience, and other treatment uncertainties remains
under research.

In a recent work by Scandurra et al. [123], only 2 out of 25 nasopharyngeal
patients (~ 8%) required offline plan adaptation when robustly optimized against
setup (5mm and 3mm) and range errors (3%). On the contrary, other studies
reported much higher adaptation rates for robustly optimized (3mm, 3.5%) IMPT
plans in HNC patients. For instance, Gunn et al. [308] found 19 out of 50 (38%)
robustly optimized (3mm, 3.5%) oropharyngeal patients to require adaptive re-
planning because of weight loss and tumor volume changes. Using the same
robustness parameters, Yang et al. reported also that 40% of all head and neck
patients treated at their institution needed at least one plan adaptation and 10%
more than one [125]. Other small cohort studies have reported inadequate target
coverage with no adaptation, 60% by Lalonde et al. [126] and 25% by Cubillos-
Mesias [234]. Our findings with 10 oropharyngeal patients robustly optimized
(4mm, 2.6%) fit within these intervals. As discussed in Chapter 5, we found that
deformed target volumes did not achieve adequate target coverage in 51% of the
corrCBCTs. When evaluating the not adapted accumulated doses, the need for
adaptation was 30% (3 out of 10 patients). Moreover, when analyzing fraction
by fraction, the need for adaptation was reduced at least by half when applying
online APT strategies in the fractions where target coverage was not achieved.
From these diverse results, it seems unclear and somewhat unpredictable which
HNC patients may require plan adaptation and at which point it should occur
during their treatment. Therefore, the possibility of performing online APT in a
fully automated way could help to adequately deliver IMPT treatments without
needing tedious offline APT.

A similar situation is found in lung cancer patients. A 61% was the adaptation
rate reported by Hoffman et al. [22] when using a 6mm PTV margin. Szeto
et al. [30] found that 50% (8/16) of their lung cancer patient cohort needed
adaptation. In a group of 18 patients, Van der Laan et al. [130] evaluated robustly
optimized IMPT plans (6mm,3%) on weekly average 4D-CTs and detected 8 (~
45%) patients with re-planning indication, of which 5 patients needed re-planning
once and 3 patients more than once. On the contrary, when using the same
robustness parameters, Ribeiro et al. [79] reported a lower adaptation rate with
only 2 out of 10 (20%) lung cancer patients being re-planned. Similar rates were
found in a clinical trial of combined high-dose protons with chemotherapy where 9
out of 44 (~ 20%) patients benefit from APT. According to our study in 14 lung
cancer patients planned with robustly optimized IMPT (5mm, 3%, 3 breathing
phases), 35% (5/14) required treatment plan adaptation when evaluating rCTs.
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The dose distortions could be compensated with dose restoration to ensure target
coverage for all patients except for one presenting non-rigid anatomical changes.

Bobic et al. reported that DAPT could mitigate random delivery errors more
effectively than weekly APT on a fraction-per-fraction basis. However, for treat-
ment sites with small day-to-day variations but significant weekly changes, weekly
plan adaptation could be sufficient and would reduce the clinical workload [200].
Combinations of different mitigation approaches could also be considered, such as
daily dose restoration combined with weekly full (offline) treatment plan adapta-
tion.

Another question that arises is whether DAPT is necessary, even if feasible.
Should we perform daily adaptation just because we can? For instance, as reported
by Scandurra et al. [123], clinical goals were achieved with robustly optimized
IMPT plans and relatively low offline adaptation rates. The current studies with
low offline adaptation rates, therefore, question the necessity of DAPT unless it
comes with increased dose conformity (e.g., reduction of robustness parameters or
CTV-PTV margins). To determine whether DAPT s truly necessary, we need to
evaluate if the dosimetric improvements provided by DAPT are clinically relevant
for specific planning strategies. Relevant clinical information will arise from the
clinical experience with MR-Linacs and the Ethos system, for the moment DAPT
has not been clinically implemented. In Chapter 5, we reported improved NTCP
values compared to not adaptation for both dysphagia and xerostomia already
when applying OAML only to fraction were adequate target coverage was not
correct. Higher benefits (lower NTCP and reduced toxicities) could be observed
in oropharyngeal patients when combining DAPT and margin reduction or when
applying APT based on OAR constraints. Moreover, Nennof et al. [309] compared
TCP and NTCP in not adapted plans to DAPT plans for a small lung cancer
cohort of 6 patients. Two patients showed substantial TCP reductions up to 33%
without adaption. The study concluded that most patients would have benefited
from DAPT, either by recovering the TCP or reducing NTCP. With DAPT, one
patient showed improvement in predicted 2-year survival based on heart toxicity.

How to trigger online treatment plan adaptation?

Instead of DAPT, an adaptive workflow in which only some fractions would
be adapted could be proposed for the first introduction of online APT. Such
a workflow requires a strategy to trigger fractions needing adaptation, avoiding
false negatives properly. A false negative would mean missing a treatment plan
adaptation when actually necessary. On the contrary, If DAPT does not have
a significantly increased workload, false positives (adapting when not necessary)
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could be tolerated in an ideal DAPT workflow.

In order to trigger treatment plan adaptation, Traffic Light Protocols (TLP)
have been developed to recognize and react to anatomical changes. TLP involves
Radiation Therapists (RTTs) alerting the radiation oncologists (RadOncs), who
should provide the final decision based on the handed-over findings. TLPs have
been clinically implemented for offline ART for the locations explored in this thesis:
lung [310] and head and neck [117]. However, the TLP workflow can be quite
labor-intensive for the RadOncs and the RTTs if the full workflow is triggered
even if final action is not required. Alternatively, Buijs et al. [311] proposed
the Take Action Protocol (TAP). In this protocol, the RTTs not only had a role
in detecting anatomical changes but also decided on the appropriate action and
follow-up, resulting in a significant shift in responsibility. These protocols could
be combined with dosimetric evaluations on deformed contours as Taasti et al.
proposed for offline APT [287] to help decision-making in an online setting.

One of the natural steps forward for this thesis should be to develop a trigger-
ing protocol that not only indicates when to adapt but also which online APT
technique to use. The design of the protocol would be directly linked to the ob-
jective of the treatment plan adaptation. Following the terminology described by
Heukelom et al. [146] and detailed in Table 6.1, dose restoration techniques could
be used for ARTcz—qequo and ART o 4R aiming at maintaining target coverage and
keeping (or even reduce) the dose to OAR. Alternatively, when seeking to escalate
the dose to the target volume or to maintain the dose in a shrunken target volume,
full online re-planning relying on deformed contours (e.g., OADEF and OAML)
would be necessary for ART ypiior ART reduco and ARTotq1c-

What the role of the radiation oncologist will be?

The presence of the RadOnc in the room at the moment of adaptation is a
central point of discussion of the adaptive workflow. In the past, due to the low
availability of RadOncs, researchers focused on the complete automation of the
adaptive workflow. The claim was that there was no physical time to review and
correct the planning contours in an online setting. Following this reasoning, the
online APT methods described in this thesis focused on developing fully auto-
mated workflows to generate clinically acceptable plans without user alterations.
Thus, the proposed solutions aim to avoid or at least minimize the two main
actions requiring RadOnc actions: (1) the manual contour delineation at every
fraction and (2) the usual physician-physicist loop for plan improvement, review,
and approval. Additionally, all the proposed strategies were fully integrated and
automated in a commercial TPS.
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Name Technique Tumor dose OAR dose

ART Serial plan verification to _ _
CUTACQUO stabilize initial plan parameters a a

Conserve CTV coverage _
ARToAr and reduce OAR dose o !

Increased dose to the tumor

ART ampio isotoxic OAR dose T -
“Shrinking CTV" for _

ART reduco on-treatment responders N !

ARTotale Increased dose to a shrunken CTV T 1

Table 6.1: Adaptive radiotherapy terminology as proposed by Heukelom et al.
[146]

Dose restoration was initially proposed to tackle (1) and (2) simultaneously. The
use of not corrected rigidly mapped contours, together with the reconstruction of
an already clinically approved dose distribution, aimed at minimizing the involve-
ment of the medical doctor. One could imagine that a trained RTT could verify
the restored dose (i.e., the initial dose) on the repeated image. With the arrival of
ART clinical tools such as the Ethos system, there has been a paradigm shift in
online ART. The emphasis is no anymore on reducing the presence of the RadOncs
in the treatment room but on assisting them at the machine. The correction of
automatically generated contours by the RandOnc was the compromise that made
possible the integration of online ART in commercial solutions for their clinical
usability. This approach, a full new treatment plan based on daily generated (and
verified) contours, is the state-of-the-art for online ART as clinically implemented
in the Ethos system and MR-Linacs. The disadvantage of this method, and our
proposed methods OADEF and OAML, is that they require daily contour veri-
fication. Al tools for auto-segmentation have demonstrated higher performance
than DIR-based automatic propagation [284]. However, manual checks prior to
plan adaptation, and in many cases, minor modifications are still required today
[194, 137]. In order to optimize the workflow, a smarter Al contouring protocol
was proposed by Chavez-de-Plaza et al. to enable targeted inspection providing
Al uncertainty and clinically relevant features (e.g., the proximity of the OAR to
the target) [312]. If such methods can be run in a limited time, then applying full
online APT could be feasible as it was demonstrated in this thesis.
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RadOncs will play a key role in designing the adaptation protocols they want
and can clinically implement. This decision will depend on the available tools and
human resources. We provided several tools among which physicians, physicists,
and RTTs can decide, depending on their clinical objectives and possibilities.

Dose restoration solutions seem to be appropriate tools for clinics aiming to re-
duce offline adaption specific to protons but lacking resources to implement more
complex online APT solutions. For instance, they could apply dose restoration for
fractions with density anatomical changes and reserve offline adaptation for criti-
cal non-rigid anatomical changes. Another possibility to implement DAPT could
be combining dose restoration with full online APT (i.e., OADEF or OAM) for
fractions with challenging anatomical changes. Although in Chapter 5 OAML re-
ported the best OAR sparing, this strategy depends on site-specific dose prediction
models. The ability to build consistent databases for training and commissioning
ML models also needs to be considered. Initially, this might discourage some clin-
ics that prefer generic solutions closer to tools they already master, such as DIR.
In those cases, online APT using OADEF could be an interesting alternative.

The role of the RTTs will play a crucial role in the efficient implementation of
online APT. An RTT-led staffing model seems the more reasonable pathway to
overcome the barrier of RadOncs availability in the adaptive workflow [313, 314].
In the Netherlands, Daal et al. [315] (Ethos system) and Willigenburg et al. [316]
(MR-Linac) described the clinical implementation of practices to enable RTT-
led online ART in prostate cancer. Physicians can mentor RTTs through tradi-
tional tasks previously reserved for the RadOncs, such as contouring (target and
OAR volumes) and plan approval achieving comparable outcomes [317]. However,
this responsibility shift from the RadOncs towards the RTT should come with a
clear definition of competencies. For this purpose, a new figure known as RTT
advanced-adapter has been proposed for online ART [314]. Comprehensive RTT
training programs have already been developed [313, 314], incorporating anatomy
contouring and planning training using both emulated environments and real-time
on-couch treatments. They indicate that trained RTTs could independently treat
prostate patients after the first few fractions. The RadOnc was present for the
first week to oversee potential clinical issues and remained on-call for the rest of
the fractions. A similar strategy could be easily adapted to implement RTT-led
online APT. However, legal constraints may differ across countries hampering or
easing the clinical implementation depending on how strict legislation is and how
fast it could be adapted to the clinical needs. For instance, nowadays in Belgium,
a RadOnc and a medical physicist are required to give their approval every time
a new adapted plan is generated on the Ethos system.
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Are we fast enough?

Reported median times for treatment plan adaptation for the Ethos system in
the pelvic region are around 20 minutes [194, 137] with some fractions going up
to 40 minutes and even close to one hour for MR-Linacs [191]. Such timing
intervals between in-room imagining acquisition and treatment delivery could be
even higher for more challenging locations with a larger number of OAR, such as
the head and neck location. Moreover, online APT density changes during the
treatment plan preparation span could also have a greater impact undermining the
benefit of adaptation. The proposed strategies in Chapter 5 provided an adapted
plan in around 20 minutes. However, this time accounts only for treatment plan
optimization and no-contour verification. This process should be even faster to
be applied in a realistic clinical setting. The use of GPUs and the increased
computational power that is a reality in the radiation therapy field would very
likely ease the timing restrictions. Additionally, the use of analytical algorithms,
no correction of deformed structures, or scenario reduction are option to speeding
up the process.

Uncertainties in the dose distribution due to anatomical changes have been
shown to outweigh differences between analytical and Monte Carlo dose calculation
[198]. Moreover, Nenoff et al. also demonstrated in a set of 5 lung cancer
patients that DAPT was beneficial even if optimized on uncorrected propagated
structures [318]. For an efficient DAPT workflow, another possibility to speed
up the plan generation would be to exclude the setup error scenarios from the
robust optimization. With a high-quality image of the day (such as in-room CT)
and repositioning techniques, this approach could improve speed and OAR sparing
due to increased dose conformity. However, Berget et al. demonstrated in a plan-
library online APT approach that intrafraction anatomic changes in cervical cancer
had a substantial dosimetric effect on target coverage with reduced PTV margins.
They suggested that compensation for the uncertainties was still required by using
margins or robust optimization for patients with large uterus motions [319].

6.4 Future innovations for online adaptive IMPT

Daily adapted IMPT plans obtained from scratch are expected to become avail-
able with further improvements in imagining techniques, dose calculation, and
optimization speed. Running the calculations on a GPU and making certain as-
sumptions and simplifications, Matter et al. showed that a simple treatment plan
could be generated within 10 seconds [197]. The integration of Al solutions for
synthetic CT generation, auto-contouring, and auto-planning on commercial soft-
ware will play a key role, as discussed in this thesis and demonstrated on the
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Ethos system. Nevertheless, for an efficient implementation of online APT, the
competencies and organization of the radiation therapy departments will need to
be adjusted.

Moreover, DAPT could substantially reduce treatment uncertainties. New daily
plans could be adapted to inter-fractional and even intra-fractional anatomical
changes to achieve real-time image-guided adaptive treatment delivery. Some re-
maining uncertainties will still need to be considered in the robust optimization.
For instance, the delineation errors, the HU conversion uncertainties (although re-
duced by dual-energy CT), or some residual setup errors could not be completely
removed using APT. However, the uncertainty reduction could enable tighter PTV
margins (or reduces robustness parameters), higher dose conformity to the tumor,
better healthy tissue sparing, and reduced toxicities. The integration of MRI with
proton therapy delivery has been foreseen to be the next major advancement in
proton therapy practice [320]. An integrated approach could bring together the
excellent real-time soft tissue imaging of MRI with the superior proton dose con-
formity to accurately compensate inter- and intra-fractional variations. For liver
tumors, Moteabbed et al. [321] found that the benefits of MR-integrated proton
therapy in liver tumors (e.g., 40% margin reduction and a clinically significant
decrease in NTCP) exceed those of currently available image-guided techniques
such as MR-linacs, CBCT-guided and offline MR-guided proton therapy.

Although this thesis addressed IMPT delivery, new proton delivery techniques
are being explored. Currently, a popular research field for this application is flash
therapy which aims at treating tissue with a very high dose rate to induce into
the healthy tissue the protective so-called ‘Flash-effect’ [322, 323]. Current pre-
clinical tests are using a ridge filter to create a spread-out Bragg peak for a single
beam energy. However, the ridge filter in a flash therapy plan will be much more
challenging to adapt online than a multi-layer proton plan, as it needs to be 3D
printed. Other novel proton therapy delivery techniques relying on multi-energetic
Bragg peaks would still benefit from online APT. It is the case of proton mini-
beams [324], proton grid therapy [325], and also proton arc therapy [326].

Regarding treatment fractionation, part of the radiation therapy field is moving
towards hypo-fractionated treatments, being the most common treatment sites
prostate, lung, and liver [11]. In hypo-fractionated treatments, higher daily doses
are delivered to the patient in fewer fractions. The reduced number of fractions
can minimize patient burden and treatment costs, while higher doses can be more
effective against radio-resistant tumors. The protective effect of proton therapy
on normal tissue could increase the toleration for hypo-fractionation. However,
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distortions in proton doses induced by anatomical changes are more critical when
only a few fractions are delivered. Thus, a higher necessity for APT is expected
for very conformal IMPT hypo-fractionated treatments.

Treatment plan adaptation could be also considered in the future not only to
compensate anatomical changes but also to account for additional biological infor-
mation. Functional imaging techniques, including positron emission tomography
(PET) combined with CT or MRI, can be used non-invasively to retrieve infor-
mation about biomarkers such as hypoxia, cell proliferation and apoptosis [327].
These biologic markers can be monitored during the treatment course to guide
treatment plan adaptation not only according to anatomical changes but also to
the tumor response [328]. This has the potential to advance radiation therapy
treatments towards a high level of personalized medicine, with the realistic aim of
improving cancer treatment.

In conclusion, this thesis adds to the growing literature indicating that online
APT is within reach and that the transition to clinical implementation is feasible
in the near future. Ultimately, the broad deployment of online adaptation should
meet the objective of reduced radiation-induced side effects and improved quality
of life of the treated patients.
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Nodal CTV tumor Tumor motion

Patient Location involvement size [cm3] amplitude [mm]
pCT AlCT A2(CT R-L A-P S-I

1 RML N 152.6 15.8 -16.1 42 21 3.1
2 LUL Y 165.1  -24.2 -26.5 1.1 11 2.0
3 RML Y 3312 -112.4 -133.1 04 05 1.9
4 RUL Y 146.4  -86.1 -0.7 1.2 07 1.6
5 RUL Y 343.4 -3.9 -58.6 04 14 0.5
6 LLL Y 1776  -52.8 -61.0 35 3.0 3.4
7 RUL Y 79.1 12.4 4.0 1.3 35 0.7
8 RUL Y 1337  -39.0 -32.2 09 05 2.9
9* LUL Y 4425 -141.8 Nodata 0.7 0.8 0.3
10 LUL Y 130.2 -49.4 -47.6 0.8 0.9 1.5
11 RUL N 109.6  -125 -29.6 22 138 6.6
12 RLL Y 294.4 -5.1 -32.2 21 25 106
13 RML Y 218.1  -29.0 -44.6 1.0 3.2 49
14 RUL Y 268.1  -70.5 -1149 43 238 3.0

Table A.1: Patient characteristics. Size evolution on

repeated images (A1rCT,

A2rCT) is given respect to the initial volume. Tumor motion amplitude is given
in absolute value. Abbreviations: LLL = left lower lobe; LUL = left upper lobe;
RLL = right lower lobe; RML = right middle lobe; RUL = right upper lobe; Y =
Yes; N= No; pCT = Planning CT; rCT = Repeated CT; R-L = Right-Left; AP
= Anterior-Posterior; SI = Superior-Inferior; *Only one repeated 4D-CT (2rCT is

missing); X=CTV4p; Y=CTV,¢cqi.
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Dice Similarity Coefficient (DSC)

Patient 20X NY|/(| X+ Y]

1IrCT 2rCT
1 0.86 0.85
2 0.74 0.80
3 0.75 0.71
4 0.82 0.73
5 0.83 0.88
6 0.36 0.32
7 0.81 0.82
8 0.70 0.67

9(*) 0.82 No data

10 0.71 0.67
11 0.84 0.80
12 0.78 0.79
13 0.76 0.77
14 0.70 0.68

Table A.2: Dice coefficients between mapped CTVs and real CTVs where calcu-
lated for all patients in both repeated-CTs. Dice coefficient equal to 1 correspond
to perfect overlapping between structures. which is impossible because of tumor
growing/shrinkage. However. the closer the Dice coefficient to zero. the less
structures are overlapping. meaning a lower performance of the registration strat-
egy. Abbreviations: (*)Only one repeated 4D-CT (2rCT is missing); X=CTV,,4p;
Y=CTV,eq; 1rCT = first repeated CT; 2rCT = second repeated CT.
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a) Patient 1 ' R CTV54.25_map
Coronal view ta

b) Patient 2
Sagital view

Figure B.1: Views of rigid registrations between planning-CT (pCT) and 5th-repeated-CT for
patient 1 (a) and between planning-CT and 3rd-repeated-CT for patient 2 (b). Rigidly mapped
contours from pCT to repeated-CTs (rCTs) are represented with solid lines while delineated
contours on rCTs are shown with dotted lines. pCTs and rCTs are blue and orange colored,

respectively.
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NOMINAL scenario

ROI(Metric) NA/DR NA/FOA DR/FOA
CTV54.25 (D98%) | 2,12E-04 2,51E-11  3,70E-13
CTV70 (D2%) 1,32E-04 829E-06 1,82E-02
CT70 (D98%) 2,76E-07 7,60E-13  4,19E-02

Parotid_R(DMean)  7,28E-01 1,45E-01  1,40E-01
Parotid_L(DMean) 4,22E-01 @ 6,88E-03  3,46E-02
Right Submandibular o o1 e 07 9 60E.01  6,90E-01
(DMean)
Left Submandibular "3 0ce 00 372E.01  8.14E-01
(DMean)
SpinalCord (D.03cm3) @ 5,27E-04 4,14E-04 6,87E-02
Oral Cavity(DMean)  4,60E-01 8,12E-01 3,61E-01

WORST-CASE scenario

ROI(Metric) NA/DR NA/FOA DR/FOA
CTV54.25 (D98%) | 7,80E-04 8,86E-05  1,20E-04
CTV70 (D2%) 3,31E-03 1,32E-04  7,66E-02
CT70 (D98%) 3,78E-04 4,01E-05 2,00E-01

Right Parotid (DMean) 4,90E-02 8,00E-01  8,64E-02
Left Parotid (DMean)  5,89E-02 4,71E-01 4,51E-01
Right Submandibular 5 »3p 07 4 6ap01  827E-01

(DMean)
Left Submandibular ) Jor 07 4 9ap01  6,15E-01
(DMean)

Spinal Cord(D0.03cm3) = 1,10E-06 1,03E-04 7,43E-01

Oral Cavity(DMean) 1,31E-01 2,86E-01 1,46E-01

Table B.1: P-values for each clinical goal for the significant Wilcoxon ranged
paired test between the three compared plans: not-adapted robustly optimized
clinical plans (NA), restored plans (DR) and fully offline adapted plans (FOA).
Statistically significant values (p < 0.05) are colored in green. Metrics with no
statistically significant values for any of the plan combinations are highlighted in

grey.
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Figure B.2: Target coverage of the CTV in % of its prescribed dose plotted against Dice
Similarity Coefficient (DSC) between rigidly mapped and manually delineated CTV. Optimal
(green) and sub-optimal (red) target coverage correspond to high DSC coefficient (>0.90) and
low DSC coefficients (<0.75) respectevely.
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SM1. Proton therapy Pencil Beam Scanning (PBS) for HN cancer
(PROKET-MIROVS)

Sixty local oropharynx cancer patients were consistently planned by the same ra-
diation therapy technician (RTT). Average high-risk clinical target volume (CTV)
and low-risk CTV volumes were 133 cc (range: 10-300 cc) and 392 cc (range:
274-708 cc), respectively. The prescribed doses were 70Gy to the primary tumor
(high-risk CTV) and pathological lymph nodes, and 54.25Gy to the elective nodal
areas (low-risk CTV), to be delivered in 35 fractions. The plans were generated
through multiple robust optimization iterations (range error = 2.6%, setup error
= 4 mm) with 21 (3x7) uncertainty scenarios and a final Monte Carlo (MC) dose
calculation with an uncertainty of 1%. The dose grid was 3x3x3 mm?>. Below we
detail the steps followed to generate the plans:

e First optimization round focusing on the CTV coverage with 150 iterations
and 5000 ions per spot

e Robustness evaluation run on 2 (range error) x 14 (setup error) = 28 scenar-
ios, accounting for +2.6% proton range error and +4mm systematic error
in the 3 directions of the space (6 points) and the diagonals (8 points).

e Then, OAR clinical objectives were included: First focus on clinical goals
with priority 1 and 2, body Dmax for the hotspots and robustness in target
coverage.

e Re-evaluation of the robustness of the plan and fine tuning to avoid hotspots

o Refining the iterations by considering all OARs, especially the ones with
Dmean constraints

e For the final plan, final robust evaluation including a third discretization
point for the range uncertainty (3x14 = 42 scenarios)

The list of clinical goals to accomplish with their priority is detailed in Table C.1
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Priority  Region of interest (ROI) Clinical goal
1 Low-risk CTV D98% >51.54 Gy (95%Dp = 54.25 Gy)
1 High-risk CTV D98% >66.50 Gy (95% Dp = 70 Gy)
1 High-risk CTV D0.03 cm3 >74.90 Gy (107% Dp = 70 Gy)
1 Body D0.03 cm3 >74.90 Gy (107% Dp = 70 Gy)
1 Spinal Cord D0.03 cm3 <45 Gy
1 Brain Stem D0.03 cm3 <54 Gy
2 Low-risk CTV D98% >53.17 Gy (98% Dp = 54.25 Gy)
2 High-risk CTV D98% >68.60 Gy (98% Dp = 70 Gy)
3 PCMSup/PCMMid/PCMInf Mean dose <40 Gy
3 Parotids (left and right) Mean dose <26 Gy
3 SMGs (left and right) Mean dose <40 Gy
3 Oral cavity Mean dose <35 Gy
3 Larynx Mean dose <50 Gy
3 Mandible D0.03cm3 <70 Gy
3 Glottic area Mean dose <40 Gy
3 Esophagus Mean dose <35 Gy
3 Choclea (left and right) Mean dose <30 Gy

Table C.1: List of clinical goals from the planning protocol used in this study to
generate the ground truth treatment plans. Abbreviations: PCM = pharyngeal
constrictor muscles, Sup = Superior, Mid = Mid = Middle, Inf = Inferior, SMG:
submandibular glands
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SM2. Post-processing parameters for the mimicking model
in RSL-IMPT-Oropharynx-7000-SIB (3.0)
Functions for target volumes

Roi ‘ GoalType ‘ Function Value (Gy)
CTV70 MinDose Aggressive 69.50
CTV54.25 MinDose Aggressive 53.75
CTV54.25+13mm .
_CTV70+15mm MaxDose Aggressive 55.00
CTV70+6mm MaxDose Aggressive 71.00

. . 69.50
CTV70 MaxDose WeightedDvhShift (vol threshold 0.5)
CTV54.25+3mm .
_CTV70 MaxDose Aggressive 69.00
CTV54.25+3mm .
-CTV70+3mm MaxDose Aggressive 68.00
CTV70+13mm .
_CTV70+3mm MaxDose Aggressive 66.50
CTV54.25+13mm .
_CTV54.254+8mm&CTV704+18mm  MxDose Aggressive 54.25
CTV54.254+5mm-CTV70+4mm MaxDose Aggressive 54.25
CTV54.25+5mm-CTV704+20mm MaxDose Aggressive 53.50
CTV54.25+13mm .
-CTV54.25&CTV70+15mm MaxDose Aggressive 51.50
Functions for OAR volumes

Roi | GoalType | Function Value
Parotid L/Parotid R Reduce Dose - 0.15
Oral Cavity Reduce Dose - 0.2
SMG L/SMG R Reduce Dose - 0.1
PCM Inf/PCM Mid/ PCM Sup Reduce Dose - 0.2
Esophagus Reduce Dose - 0.2
PCM(Inf/Mid/sup) .
CTV70+6mm MaxDose Aggressive 62.00
PCM(Inf/Mid/sup) .
CTV70+6mm MaxDose Aggressive 54.25
OralCavity-CTV70+6mm MaxDose Aggressive 54.25
Parotid (R/L)-CTV70+6mm MaxDose Aggressive 54.25
SMG (R/L)-CTV70+6mm MaxDose Aggressive 54.25
Spinal Cord MaxDose Aggressive 40.00
Spinal Cord4+3mm MaxDose Aggressive 41.00
Brain MaxDose Aggressive 60.00
BrainStem MaxDose Aggressive 60.00

Table C.2: List of model parameters for the post processing applied to the

predicted dose distribution.

More information about the parameters can be

found in the guide “RSL-D-RS-11B-SEML-EN-1.0-2021-12-10 RAYSTATION 11B
SCRIPTING ENVIRONMENTS FOR MACHINE LEARNING" pages 12,13.
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SM3. Robust optimization for the dose mimicking methods

The single predicted dose (with or without post-processing) is used to guide
the standard robust optimization as usually performed in RayStation (worst-case
optimization). The basis of this method is minimax optimization, in which the
optimization functions that have been selected to be robust are considered under
the worst-case scenario C.1. The worst-case scenario is the realization of uncer-
tainty under which a robust function attains its highest value. If several functions
are selected to be robust, their weighted sum in the worst-case scenario is consid-
ered. Minimax optimization of n functions fi, ..., f, which are all required to be
robust over the scenarios enumerated by the set S, and which have non-negative
importance weights w1, ..., w,, can be formulated as an optimization problem on
the form:

n

MiNgex mawsengifi(d(x;s)) (C.1)
i=1

where X is the set of feasible variables (spot weights for IMPT), and d(z; s) is
the dose distribution as a function of the variables x and the scenario s.

In the case of IBM, the predicted dose information (dose shape) is encoded in
the isodose volumes generated from it. For this method, robust optimization is
introduced by setting as robust functions the subset of optimization objectives
described in Table C.3.

For RSM, the voxel-wise-based optimization objectives provide the contribution
of the predicted dose to guide the optimization. During the optimization, voxels
that contain dose values very different from the values of the predicted dose are
penalized. For RSM, robust optimization is introduced by setting as robust func-
tions the subset of optimization objectives described in Table C.4.
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SM4. Optimization objectives used in Isodose Based Mimicking (IBM)

Roi | Objective | Dose value (RBE) | Robust | Weight
CTV high-dose Min 70.00 Gy * 700
CTV high-dose Max 70.00 Gy * 500
CTV low-dose (right) Min 54.25 Gy * 700
CTV low-dose (left) Min 54.25 Gy * 700
CTV high-dose + 3 cm Max 70.00 Gy * 9000
isodose 7150 Max 72.20 Gy * 400
isodose 6950 Min 69.50 Gy * 100
isodose 6950 Max 71.50 Gy 200
isodose 6750 Min 67.50 Gy * 100
isodose 6750 Max 69.50 Gy
isodose 6650 Min 66.50 Gy * 100
isodose 6650 Max 67.50 Gy 10
isodose 6150 Min 61.50 Gy 1
isodose 6150 Max 66.50 Gy 10
isodose 5696 Min 56.96 Gy 1
isodose 5696 Max 61.50 Gy 10
isodose 5496 Min 56.96 Gy 1
isodose 5496 Max 61.50 Gy 10
isodose 5296 Min 52.96 Gy * 100
isodose 5296 Max 54.96 Gy 50
isodose 5153 Min 51.53 Gy * 100
isodose 5153 Max 52.96 Gy 20
isodose 4653 Max 51.53 Gy 50
isodose 4153 Max 46.53 Gy 50
isodose 3653 Max 41.53 Gy 50
isodose 3153 Max 36.53 Gy 50
isodose 2653 Max 31.53 Gy 5
isodose 2153 Max 26.53 Gy 10
isodose 1653 Max 21.53 Gy 5
isodose 1153 Max 16.53 Gy 10
isodose 653 Max 11.53 Gy 1
isodose 153 Max 6.53 Gy 5
isodose 0 Max 1.50 Gy 1

Table C.3: List of dose objectives used for worst-case optimization with the
isodose-based mimicking (IBM) method. The maximum dose objectives were set
as robust in order to avoid hot spots, while the minimum dose objectives aimed
at ensuring robustness in the target coverage. The use of dose objectives on the
isodose volumes during the isodose-based mimicking should enable the replication
of the dose gradient from the predicted dose into the mimicked dose. The star
(*) indicates the optimization objectives set as robust.



APPENDIX C. SUPPLEMENTARY MATERIAL CHAPTER 4

153

SM5. Optimization objectives used in the RayStation mimicking (RSM) model
hardcoded in the model RSL-IMPT-Oropharynx-7000-SIB (3.0)

Strategies: MimicSettings: Functions

Roi Function Weight IsoWeights IsoDose
CTV54.25 MinRefDose 1le-06 None None
CTV54.25 MaxRefDose le-06 1,1,1,0.1 104, 100, 77.5,0

CTV70+3mm MinRefDose 1le-06 None None
CTV704+3mm MaxRefDose 1le-06 10, 6,1, 0.1 104, 100, 98, 0
CTV54.254+3mm MinRefDose le-06 None None
10,6, 1, 0.1, 104, 100, 93,
CTV54.25+3mm MaxRefDose le-06 10, 0.1, 0.1 85.577.5 75, 0

Brain MaxRefDose  0.001 None None
Brainstem MaxRefDose 0.3 None None
SpinalCord MaxRefDose 0.5 None None

Parotids/CTVs+3mm MaxRefDose ~ 0.175 None None
Parotids-CTVs+3mm MaxRefDose 0.35 None None
Parotids-CTVs+5mm MaxRefDose 0.7 None None
SMG/CTVs+3mm MaxRefDose 0.25 None None
SMG-CTVs+3mm MaxRefDose 0.5 None None
SMG-CTVs+5mm MaxRefDose 1 None None
OralCavity/CTVs+3mm  MaxRefDose 0.1 None None
OralCavity-CTVs+3mm  MaxRefDose 0.4 None None
OralCavity-CTVs+5mm  MaxRefDose 0.15 None None

Strategies: MimicSettings: RayStationObjectiveFunctions: Function

Roi Function Weight DoseLevel RobustRoi

CTV70 MinDose 2000 70.00
CTV70+10mm MaxDose 1000 71.00
CTV70+10mm MaxDose 1000 70.50
CTV70 UniformDose 750 70.00
CTV54.25 MinDose 2000 54.25
CTV54.25-CTV70+10mm MaxDose 1000 57.00
CTV54.25-CTV70+10mm MaxDose 1000 57.00

CTV54.25-CTV70+10mm MaxDose 75 54.25 *
CTV54.25-CTV70+10mm MaxDose 75 54.25
CTV70 MinDose 4000 70.00
CTV70+10mm MaxDose 200000 70.50
CTV70+10mm MaxDose 100000 70.50

CTV54.25 MinDose 6000 54.25 *

Table C.4: List of model parameters for the RayStation dose mimicking associated
to the machine learning model ‘RSL-IMPT-Oropharynx-7000-SIB (3.0)' More in-
formation about the parameters can be found in the guide "RSL-D-RS-11B-SEML-
EN-1.0-2021-12-10 RAYSTATION 11B SCRIPTING ENVIRONMENTS FOR MA-
CHINE LEARNING" pages 14-17. The star (*) indicates the optimization objec-
tives set as robust. Abbreviations: CTV = Clinical Target Volume, SMG =
Submandibular Glands
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NPP-RSM NPP-IBM

Parotid R

Figure C.1: The differences in terms of clinical planning criteria for the OARs be-
tween KBP plans and the clinical plans Negative differences imply that the KBP
plan was better than the clinical plan for that metric (i.e., less dose to the OARs).
The boxes indicate the median and interquartile range (IQR). The whiskers extend
to a minimum of 1.5 times the IQR and diamonds represent the outliers. Abbre-
viations: KBP = Knowledge-Based Planning, PP = Post-processing, NPP = No
Post-Processing, IBM = Isodose-Based Mimicking, RSM = RayStation Mimick-
ing, SMG = Submandublar Gland, PCM = Pharyngeal Constrictor Muscle
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Figure C.2: For the three left out patients the DVH metrics from the 11 dose prediction models
are compared to the values of the clinical dose. Each boxplot contains the data points for the
11 models. The bigger the boxplot the higher the variability between models.
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