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1 Introduction, aims and objectives
of the thesis

1.1 The role and improvement of radiation therapy in
cancer treatment

Cancer is one of the most common diseases worldwide and the second cause of death
in Europe today [178].Treatment of cancer increases the chances of survival for those
affected [178].Various forms of treatment have been established: the three most com-
mon treatments are local therapies such as surgery or radiation therapy, which is the
focus of this thesis, and systemic therapies e.g. chemotherapy and immunotherapy.

Radiation therapy (RT) focuses on a specific organ or a particular part of the body.
Despite this targeted radiation technique using ionizing radiation, side effects cannot
be ruled out. Toxicities caused by ionizing radiation have already been observed with
the first applications [74].Different techniques and procedures to protect healthy tissue
during RT have been continuously developed. These include methods like fraction-
ation and intensity-modulated radiotherapy (IMRT) [228] and technological develop-
ments such as image-guided RT (IGRT) [259] using cone beam computed tomography
(CBCT) or magnetic resonance-guided RT (MRgRT) [127].

The prediction and prevention of toxicities in RT is an unmet medical need. Toxici-
ties can occur months to years after radiation [111], [213], [253]. Various symptoms of
toxicities occur, which are currently assessed and reported by the patient and the treat-
ing physician [55]. The reported functional disorders and the clinical-biological effects
of radiation, e.g. dose-volume effects of radiation-induced urinary toxicity in prostate
RT, are poorly understood [130]. In RT planning, models such as tumor control prob-
ability (TCP) and normal tissue complication probability (NTCP) are used to minimize
the dose to the corresponding organs, such as the bladder and rectum in prostate RT
[130], [146], [208].However, Bentzen et al. reported the inaccuracy of the NTCP model
for genitourinary (GU) organs in prostate RT due to problems related to the classifica-
tion of side effects, selection of appropriate statistical methods, testing of internal and
external model validity, and quantification of predictive power and statistical uncertainty
[21].

In order to better quantify possible side effects and toxicities of irradiation, it is es-
sential to precisely determine the dose deposition in the target volume and the organs
at risk (OAR). However, the frequency and the presence of inter- and intrafraction organ
movements increase the complexity of this task. Therefore, developing methods for de-
formable accumulation of the radiation dose which had been delivered in a fractionated
manner over several irradiation sessions is an important prerequisite for precisely de-
scribing and determining dose-response models in the OAR. Based on the deformable
image registration (DIR) of e.g. daily MR images to account for the organ movements
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occurring between treatment sessions, the dose accumulation summarizes the total
dose that deformably summarizes the fractional dose contributions calculated from the
data sets [45]. Based on this, initial study results showed that the cumulative dose from
voxel to voxel could be determined by image registration Based on this, initial study
results showed that the accumulated dose from voxel to voxel could be determined by
image registration [45], [99], [104].

In the following introduction to this thesis, curative percutaneous radiation therapy is
briefly described, followed by a brief overview of radiobiology, covering the cell cycle
and the effects of ionizing radiation. Followed by the importance of fractionation of ion-
izing radiation. To quantify the therapeutic effect of radiation treatments, the following
chapter will introduce the concept of tumor control probability (TCP) and normal tissue
complication probability (NTCP) models. On this basis, the treatment planning process
is outlined, which is followed by a brief description of adaptive radiation therapy, includ-
ing MRQgRT, in a separate chapter. Subsequently, the limitations and possibilities are
discussed. Finally, the aim of the work is presented.

1.2 Radiation Therapy

Alongside surgery and chemotherapy, radiation therapy (RT) is one of the three main
pillars in the treatment of cancer, in combination or alone. RT is applied in various ways
depending on the treatment objective (curative or palliative) and the therapeutic status
of the patient (preoperative, postoperative, and palliative). Curative percutaneous RT
aims is to deliver a sufficient amount of radiation to the tumor in order to destroy it,
assuming that the tumor is sufficiently radiosensitive, while avoiding irradiating healthy
tissue to an extent that would lead to severe side effects or morbidity. Its preopera-
tive uses include reduction of tumor size, and better differentiation of the tumor from
healthy tissue to avoid local recurrence. Its postoperative uses include the reduction of
recurrences such as lymphatic channels. Palliative percutaneous RT aims to achieve
freedom from symptoms, quality of life, and prevention of tumor-related symptoms.

Percutaneous RT for cancer usually relies on linear accelerators (LINAC). A LINAC
injects electrons into a microwave beam at a specific location and at a specific time.
Each electron is impacted by the force applied by the electric field and is carried along
by the wave at a higher velocity. The ionizing radiation is emitted by the injector system,
radio-frequency power generation system, accelerating waveguide, auxiliary system,
beam transport system, beam collimator and monitor system. The kinetic energy of
the accelerated electrons ranges from 4 to 25 MeV [2]. The patient is positioned on the
treatment couch in preparation for the irradiation. With the control console the medical-
technical radiology assistants (MTRA) operates the irradiation. The tissue is exposed
to the distributed beams, which interact with the cells.
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1.3 Radiobiology

Cancer is a pathological condition characterized by the uncontrolled growth and metas-
tasis of certain cells in the body. Cancer arises due to certain genetic mutations, which
are the fundamental hereditary units responsible for physical characteristics. Chromo-
somes are composed of tightly packed DNA strands that contain genes. One possible
cause of genetic changes that lead to cancer is an error in cell division as part of the
cell cycle.

The cell cycle is divided into four functional outputs and one resting phase, and the
corresponding phases of the cycle are differently sensitive to radiation. The first and
shortest phase of the cycle is called mitosis, which is the actual nuclear and cell divi-
sion. The mitosis involves the division of the duplicated DNA into two daughter cells.
During mitosis the cell is most sensitive to the effects of radiation. The second phase is
the growth phase known as G1. This phase lasts for different lengths of time depending
on the type of tissue. At the beginning of this phase, the cell is relatively insensitive to
radiation. However, during transitioning to the third phase, the synthesis (S-phase), the
cell is very sensitive to radiation. In the S-phase, the DNA is replicated, and the cell
is again largely resistant to radiation. The S-phase is the longest phase apart from
G1. In the fourth and last phase, called G2, the cell continues to grow, giving the cell
time to ensure that DNA replication is complete. At the end of this phase, which marks
the transitioning back to mitosis, and hence back the beginning of the cycle, the cell
becomes radiosensitive again. The transition points from G1 to S-phase and from G2
to mitosis, are partially overruled in tumor cells, allowing cells with damaged DNA to
escape apoptosis and senescence, and continue to divide [97]. Between cell cycles, a
resting phase called GO exists in which no cell division takes place. In healthy tissue
cells, this represents the active functional phase. With the exception of the damage re-
pair (passing through mitosis, G1, S- and G2 phase), most cells, e.g., muscles or nerve
cells, are present in this phase. In tumor cells, this phase is a reversible resting phase,
the cell can remain with reduced metabolic activity for days to years.

The aim of RT is to destroy the tumor, which can be achieved by inducing cell death,
DNA damage or more precisely DNA double-strand breaks, which are the most difficult
to repair. The primary cause of radiation’s biological effects is damage to DNA, the
cell’s most important target. Nevertheless, there are additional aspects within the cell
that can result in cell death. On the one hand, damage to the cell can occur directly
when the radiation interacts directly with the critical target. The coulomb interaction can
ionize or excite the atoms of the target, triggering a series of physical and chemical
processes that ultimately lead to biological damage. On the other hand, the radiation
interacts indirectly with other molecules and atoms within the cell, especially with wa-
ter, a cell consists of 80 % water, which leads to the formation of free radicals that can
damage the critical target within the cell by diffusion [2]. The biological effectiveness of
different types of radiation is evaluated based on the linear energy transfer (LET). It is
described as the ratio of dE/dl in a medium, where dFE is the average amount of en-
ergy that a charged particle with a specific energy transmits to the medium as it travels
a distance dI.
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When sterilizing the testicles of a ram with ionizing radiation, it was found that a high
single dose did not have the desired effect, in contrast to lower single doses spread
over several days. Furthermore, this did not cause any major burns to the testicular
skin in comparison [108]. This observation has led to fractionation, which is discussed
in the following chapter.

1.4 Fractionation

In the context of RT, fractionation is the process of distributing the radiation dose over
time [88], [128], [245]. The total dose is divided into multiple fractions due to the ra-
diobiological characteristics of the tumor and normal tissue [65]. This method aims to
optimize the damage to malignant cells while simultaneously reducing the level of dam-
age to healthy tissues. With fractionation, the total radiation dose must be increased
compared to single-time irradiation. With the equal effect of the irradiation in terms of
cell damage, the fractionation factor (FF) is equal to the dose of fractionated irradia-
tion divided by the dose of single irradiation (FF<1). Various fractionation schemes are
employed in RT, including hyper-fractionation with a dose per fraction less than 1.8 Gy
and hypo-fractionation with a dose per fraction greater than 2 Gy. It is assumed that the
tolerance of healthy tissue is a limiting factor in RT.

Various effects of the fractionation contribute to effectiveness of the treatment frac-
tion, known as “The Four R’s of Radiotherapy”: repair, repopulation, redistribution, and
reoxygenation [248]. Two additional R’s, radiosensitivity [224], and only recently intro-
duced, reactivation [31], have to be considered. These effects influence normal tissue
and tumor cells differently. The tolerance of healthy tissue is increased by repairing
sublethal damage and repopulation of healthy tissue, while reoxygenation and redistri-
bution of cells result in greater damage to tumor tissue. Normal tissue recovers better
from radiation damage than tumor tissue, this is described using models such as tumor
control probability (TCP) and normal tissue complication probability (NTCP), which are
described in the next chapter.

1.5 Tumor control probability and normal tissue com-
plication probability

The link between the surviving fraction of cells, the fraction of irradiated cells that main-
tain their ability to reproductive integrity, and the total absorbed radiation dose is ex-
pressed by the cell survival curve. In addition to the fractionation, the type of radiation
determines the form and steepness of the curve. Mathematically, the cell survival curve
is described by the Linear Quadratic Model (LQM), assuming that there are two tissue-
type specific characteristic constants « and . Here, « represents the initial slope of the
cell survival curve, and (5 is a smaller constant that explains the quadratic component
of cell death by radiation [2]. S(D) represents the fraction of cells that survive a dose
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of D (Equation 1 and Figure 1).

S(D) = el-@P=8D%) (1)

The observed biological effect - tumor induction and tissue reaction - against the given
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Figure 1: Linear quadratic model (LQM) describing the cell survival curve on the example of the
prostate with late and head and neck with early radiation reaction.

dose are described by the dose-response curve. There is a clear distinction between
an early radiation reaction, where the «/f ratio is larger for e.g. head and neck with
10 Gy [134] and late radiation reaction, «/ ratio is smaller with e.g. 1.4 Gy in prostate
[156].

Due to varying fraction schemes in clinical practice, the equivalent dose to 2 Gy fractions
(EQDZ2) is often used to translate radiobiological concepts into concrete, interpretable
values. EQD?2 refers to a biologically equivalent effect as would be obtained with a
fraction dose of 2 Gy and also depends on the total dose (D;) and the volume (V;) at
dose level i. EQD2 obtained with a fraction dose (d), the «/f ratio representing the
dose-response relationship, and the tissue-specific parameter n that is associated with
the tissue’s sensitivity to dose inhomogeneity is calculated as follows:

Zz(Dznvz)>"d+%
XV 245

5

EQDQz( (2)
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Again, the objective of RT is to deliver an adequate dose of radiation to the tumor in
order to destroy it while avoiding a dose that would result in serious damage to the
surrounding tissue. This is illustrated by two sigmoidal functions of dose, the tumor
control probability (TCP) (Equation 3) [148] and the normal tissue complication proba-
bility (NTCP) (Equation 4) using the Lyman-Kutcher-Burman (LKB) model [37], [124],
[125], [142], as illustrated in Figure 2.

TCP = Py_g = e "No5(D) (3)

with S(D) (Equation 1), the poison distribution (Py) to quantify the likelihood of N out
of Vy clonogenic cells surviving a treatment.

NTCP = L (4)

EQD2 — TDsx,
I+el -
m-TD50

with EQD2 (Equation 2), T'Ds, dose at which 50 % of the population is expected to ex-
perience a complication and the slope parameter m describing the steepness of the
dose-response curve.

The optimal radiation technique for treating a specific tumor is to maximize TCP while
minimizing NTCP with the largest possible dose gap between the tumor and surround-
ing tissue, represented by the therapeutic index [18]. NTCP models are prediction tools
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Figure 2: Exemplary illustration of the tumor control probability (TCP) and normal tissue complica-
tion probability (NTCP) with the therapeutic window.

used to estimate the likelihood of radiation-induced normal tissue complications. To-
gether with patient and treatment data, these models attempt to transform radiation
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dose distributions into a forecast of the likelihood of a problem developing [237]. NTCP
models have become more often used in daily clinical practice in recent years. How-
ever, there is ongoing discussion about these models due to challenges in development
and validation processes [21], [237]. In order to reduce side effects, a precise initial
treatment planning is necessary, addressed in the next chapter.

1.6 Radiation Dose Planning

A prerequisite for RT is radiation treatment planning, initiated following the diagnosis
and the decision to undergo RT. Based on a computed tomography (CT) scan that
displays the patient’s unique anatomy as a three-dimensional density distribution, 3D
radiation treatment planning has been possible since the late 1980s [89]. The definition
of oncological and radiotherapeutic volumes provides the basis for accurate 3D radia-
tion treatment planning, precise dose calculation, and reporting.

The primary tumor, defined as gross tumor volume (GTV), is determined from a com-
bination of imaging modalities, like CT, MR, PET and/or US, diagnostic modalities, and
clinical examination. The clinical target volume (CTV) encompasses the immediate
surrounding area of the GTV, which may include the smallest pathological conditions
and other regions considered at risk and requiring medical intervention. A planning tar-
get volume (PTV) is created for the treatment, a geometrical concept that includes an
internal target margin and an additional margin for set-up uncertainties, machine toler-
ances, and intra-treatment variations. The PTV is linked to the frame of reference of the
treatment machine and is often described as CTV plus a fixed or variable margin. Fur-
thermore, organs at risk are defined as those that are in close proximity to the PTV and
are so sensitive to radiation that the dose received from a treatment may be significant
compared to its tolerance, possibly requiring a change in the radiation arrangement or
a change in dose [96]. Organs whose radiation tolerance depends on the fractionation
scheme should be fully described to avoid bias in evaluating the treatment plan.

A dose indication is a clearly defined prescription and planning constraints such as
minimum, maximum or mean dose (Dmin, Dmax, Dmean) to the target and organs at
risk (OAR), as well as volume constraints like VxGy, defining a certain relative volume
per organ which may not receive more than x Gy , with detailed information on the total
dose, fraction dose, and treatment days determined by the oncologist. On this basis,
the medical physicist calculates the treatment plan utilizing a complex software solution
offered by the treatment planning system (TPS), considering the dosimetric properties
of the available radiation types, radiation field shaping, and geometric irradiation op-
tions. The irradiation sequence, field directions, field shapes, and respective doses are
determined. The dose distribution is calculated on the CT with the organs’ differently
determined electron densities (ED) and visualized.

Dose-volume histograms (DVH) show cumulatively the percentage of the total volume
and the distribution of dose values within a defined volume. These histograms are used
to assess the distribution of radiation doses during RT. The defined dose-volume pa-
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rameters (DVP), such as Dmin and Dmax, are calculated based on the DVH. Figure 3
a-c illustrates the CT planning image with delineated target volume and relevant OARs
of a prostate cancer case, including a 3D dose distribution and beam angles in a rep-
resentative slice. The corresponding DVH is illustrated in Figure 3 d.

Intensity-modulated RT (IMRT) is an advanced form of three-dimensional conformal RT.
It is particularly beneficial for target volumes that are complex in its shape and close to
radiosensitive normal tissue. In contrast to conformal RT, it has two different features:
first, non-uniform intensity of the beams shaped by a multi-leaf collimator (MLC)[227],
[228]; and, second, inverse planning [32], [227], [228] by maintaining tumor dose and
normal tissue dose constraints, calculating optimal beam intensity configuration using a
TPS. The step and shoot irradiation procedure is used for IMRT, where the gantry stops
at defined angles. A special form of this technique is volumetric modulated arc therapy
(VMAT), in which the gantry rotates in full or partial arcs around the patient [179]. Both
techniques have one or more beams in common which consist of several segments
modulated by the MLC.

However, the treatment plan represents the planning situation, which is a point in time.
The RT method in which the treatment plan can be modified based on systematic feed-
back from measurements is called adaptive RT (ART) [261]. ART aims to improve
radiotherapy treatment by systematically monitoring treatment variability and using it
to re-optimize the treatment plan on a daily basis. This will be discussed in the next
chapter.
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Figure 3: 3D dose planning based on a CT image a) axial, b) coronal c) sagittal view, and d) DVH of
the contour’s rectum, bladder, CTV, GTV and PTV. The nine beams 25°, 60°, 100°, 135°, 180°, 225°,
260°, 300° and 340° are presented in purple in all three views.
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1.7 Adaptive radiation therapy

The precision of dose delivery using approaches such as IMRT is limited by the im-
precision in accurately determining the location of the target during treatment. This
uncertainty has two causes. The first cause is originating from the combined effects
of inter- and intra-fractional motion of the target relative to anatomical reference points
[259] (Figure 4). The second cause of uncertainties is due to setup errors and other
inaccuracies. The conventional IMRT approach involves incorporating target volume
margins, often resulting in the loss of the majority of the potential advantages offered
by more accurate treatment procedures.

Image-guided RT (IGRT), using e.g. on-board cone-beam CT (CBCT), enables visual-
ization of the patient’s anatomy, including accurate knowledge of the daily placement of
the target volume before delivering a fraction dose. By comparing the patient’s position
image acquired with the integrated LINAC imaging system to the CT scan for treat-
ment planning and then correcting the patient’s position accordingly, a more precise
placement of the target volume is achieved. Thus, with IGRT, a reduction in treatment
margins, toxicity reduction in OAR, dose escalation, and the avoidance of geographic
misses were achieved.

A complete realization of IMRT and IGRT [2] led to the concept of adaptive RT (ART),
which makes it possible to adapt to individual patient variations. The parameters of
an initial treatment plan - such as the treatment dose and field margin, as well as the
field shape, beam intensity, and geometry - are modified if necessary, considering the
characterized variation [261]. In detall, three types of ART are distinguished, offline,
online, and real-time ART [94], [256], illustrated in Figure 5. In offline ART, the position
of the target is recorded at one or more specific points in time. The procedure that ini-
tiates the adaptation is performed on a separate imaging system that is not integrated
into the LINAC. Changes that are not amendable via positional adjustments, particu-
larly systematic and progressive changes such as weight loss and tumor shape, are
addressed by modifying the treatment plan according to the observed changes after
the current treatment fraction. The identical procedure is employed as that of the initial
planning ART [94], [256].

Online ART seeks to address the temporal and stochastic changes that are identi-
fied within a single treatment session while the patient remains in treatment position.
Consequently, online ART can only be realized using integrated systems offering on-
line imaging and radiation treatment in the same system and ideally at the same time.
Imaging, image registration and comparison, fast replanning, plan evaluation, and qual-
ity assurance are necessary to adapt the RT plan on the fly. Hunt et al. [94] categorizes
online ART into several stages. The simplest of which is the shift of the plan to the cur-
rent anatomy, by translation and optional rotation, which does not require optimization
or replanning. Another option is to modify the gantry and collimator angle. Subsequent
treatment fractions are carried out using the adapted treatment plan [261]. A complete
online adjustment includes the following steps [76]. First contouring, which can be done
manually, automatically or through the three-dimensional (3D) geometric transformation
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matrix which matches planning and fraction image. If the dose delivery prediction does
not meet the specifications, replanning is performed until the clinical criteria are met.
Subsequently, the plan undergoes a quality assessment. Finally, the treatment is ad-
ministered. Real-time ART has been implemented to address anatomical differences
that occur throughout a treatment session (intrafraction alterations), such as changes
in breathing, internal conditions, and peristalsis movements. This method automati-
cally adjusts the treatment plan while delivering the beam, using continuous imaging
without requiring any manual interaction from the operator. Gating and tracking tech-
nigues are employed to effectively account for these motions. The gating administers
the dosage exclusively when the target is located inside a certain geographical position,
which is confirmed using imaging techniques such as CBCT, where identifiable markers
are used. During tracking, the beam continuously follows the target so that the target
always remains in the beam’s field of view and the treatment parameters are adjusted
accordingly. In contrast to gating, the beam always remains on.

However, despite high-resolution images, the CBCT leaks image quality regarding soft
tissue contrast. In contrast to CT images, magnetic resonance (MR) images provide
greater soft tissue contrast, which is necessary for some disease diagnoses or the
precise localization of tumors, without the need for additional radiation. A recent devel-
opment of IGRT is MR-guided RT (MRgRT). In the following chapter, MRgRT is outlined
in more detail.

| Timescale || seconds >> minutes >> hours >> days >> weeks >

Changes [ Intra-fraction ] [ Inter-fraction ]

or ‘ "
target organ filling

position change [ weight/body contour change ]
[ tumor biological response ]
[ tumor geometric response ]

Figure 4: Timescale of OAR and target position changes, based on [94] with permission from
Elsevier.

1.8 Magnetic resonance guided radiation therapy

MR imaging (MRI) is based on the excitation of spin magnetization in the body by ex-
ternal magnetic fields. The hydrogen atom is most frequently used for MRI contrast
formation, which consists in its nucleus of a single particle, a proton, from which an
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Figure 5: Basic steps in ART strategies, offline, online and real-time ART, based on [76], [94] with
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electron orbits. The contrast in the MR image is determined by two relaxation time
constants, the longitudinal (77) and the transverse (75) relaxation time, which are char-
acterized by the tissue.

The MRI acquisition sequence has two basic parameters, which influence the image
contrast. The first parameter to do so is the echo time (T%), which is the time between
the midpoint of the radiofrequency (RF) pulse and the midpoint of the echo. The second
parameter is the repetition time (7), which is the duration between successive points
on a recurring sequence of pulses and echoes. The signal intensity (S) of a spin echo
sequence is described by

=g, 7). {1 _ e(-%)} (5)

with Sy being the density of protons in a volume. MRI also offers several other image
contrasts or modalities to determine movement, function, and physiology, used in can-
cer diagnosis and follow-up assessment, which is why a combined MR-LINAC system
was developed [126], [127], [190].

Figure 6: Concept of an MR-LINAC System [190]. 1) The 1.5 T MRI is illustrated in blue, 2) the 6
MV accelerator is situated in a ring surrounding the MRI, 3) split gradient coil presented in yellow,
4) superconducting coils denotes in orange and 5) the toroid in light blue. Reprinted from [190] with
permission from Physics in Medicine & Biology.

At the University Hospital Tibingen in Germany, the first patient was treated with the
combined 1.5 T MR-LINAC (Elekta Unity System) in 2018. The MR-system is equipped
with a superconducting 1.5 T magnet that has a diameter of 70cm and a closed bore.
Without compromising BO homogeneity, the MRI was modified for radiation beam trans-
mission through positioning the superconducting coils outside the transverse center
plane and utilizing a split gradient coil. The MR-LINAC is equipped with a helical gantry
that houses all the electrical and technical components of the LINAC. This gantry spins
outside the RF cage and is designed to minimize the impact of the static magnetic field
by active shielding (see Figure 6). Due to the MRI’s space requirements, the photon
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source is 143.5 cm from the isocenter, in contrast to typical LINACs which usually have a
source-to-isocenter distance of 100 cm. The accelerator system, a standing waveguide,
utilizes a single photon energy of 7 MeV.

MR-guided RT (MRgRT) allows for daily online adaptation of target volume and OARs,
consequently adapting or recalculating the dose planning through the adapt-to-position
(ATP) or adapt-to-shape (ATS) workflow to account for more precise adaptations of the
patient’s anatomy of the day (Figure 7) [247]. Both workflows include positioning the pa-
tient on the treatment table, which was determined during treatment planning, followed
by verifying the patient’s current anatomy using MRI. In ATP, the planning or a previ-
ously acquired fraction image, CT or MR, respectively, is registered rigid to the day’s
MR image; the contours are propagated accordingly, followed by rigid dose mapping of
the corresponding dose. After the plan is approved by the medical physicist and oncolo-
gist, obeying the planning DVPs, the patient is irradiated. If the anatomy of the planning
CT or a previous fraction does not represent the current anatomy, the ATS workflow
is performed by adapting the contours to the patient’s anatomy of the day, followed by
re-optimizing and re-calculating the plan and dose based on the treatment planning.
Similarly, the plan is applied after the physicist's and oncologist’s approval. The MR-
only planning approach was introduced recently to reduce the patient’s sojourn, based
on a population-based ED concept [48]. Automatic contouring [12], [200] and planning
[123] were developed to shorten the planning process.

Adapt to position

I Pre-treatment CT (pre-CT) Il Daily MRI ” Pre-CT (updated isocenter) l

Rigid registration Translation

Adapt to shape

I Pre-treatment CT l | Daily MRI “ Daily MRI (updated contours) l

- Adapt contours
- Optimize on dailyimage

Deformable registration Deformed structures

Figure 7: Adapt to position (ATP) and adapt to shape (ATS) illustration. Reprinted from [247] with
permission from Elsevier.

1.9 Potentials and limitations

In recent decades, major advances have been made in RT for cancer patients. The
treatment has proven successful. Further developments have opened new fields and
opportunities to further increase the success rate. However, side effects are still re-
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ported by patients. Due to fractionation the total delivered dose during treatment re-
mains unclear.

Methods like rigid image registration (RIR) and deformable image registration (DIR)
have been developed to superimpose two different images into one coordinate system,
also known as gird. Typically, the images are called source and destination, where the
source image is registered to the destination image grid. These images can be, either
monomodal, e.g., MRI to MRI or multimodal e.g., CBCT to MRI. The simplest form of
image registration is RIR, which involves 3 to 6 degrees of freedom, including translation
in the x-, y-, and z-directions and optionally, rotation in spatial directions. This process
results in a uniform translation and rotation. A more complex fusion is the DIR, which
has several degrees of freedom allowing each voxel displacement to be described by
a vector, resulting in a non-uniform transformation. This non-uniform transformation is
often presented as a deformation vector field (DVF) and its inverse (iDVF). Over time,
numerous algorithms have been developed for DIR.

To calculate the total dose, the transformation is applied to the corresponding doses, as-
suming the transformation valid. Subsequently, a summation of the transformed doses
is performed. Various methods are discussed for dose mapping to achieve a voxel-
based dose mapping.

With the introduction of online adaptive MRgRT (OA-MRgRT), detailed daily imaging,
precise delineation of tumor and OAR, and dose recalculation became possible. De-
formable dose accumulation (DDA), which is defined by DIR with subsequently dose
mapping and accumulation, promises the potential to calculate the effectively delivered
total treatment dose, an improved TCP and NTCP modelling might be possible, and
hence a precise toxicity prediction. However, despite constant further development,
DDA has not yet found its way into clinical practice. A robust DDA method and process
is still lacking.

1.10 Aims of this thesis

The aim of this thesis is to investigate the use of deformable dose accumulation in adap-
tive radiation therapy and to develop a robust deformable dose accumulation method-
ology and workflow for online adaptive MR-guided radiation therapy. To achieve this
overarching goal, three dedicated objectives were defined for this thesis.

The first objective is to analyze the applicability and usage of dose mapping and accu-
mulation in radiation therapy, including identification and classification of the challenges
that hinder their integration into clinical practice. As part of this objective, current dose
mapping and accumulation use cases are categorized, including applicability and us-
age, to identify the strengths and limitations of these use cases. This phase involves
a thorough review of the current literature, which includes clinical studies and software
realizations. We analyze these challenges in detail to further explore their causes and
impact on the dose mapping and accumulation use cases, including technical, method-
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ological, and biological issues. This detailed analysis leads to developing comprehen-
sive guidelines and requirements tailored to researchers, clinical radiotherapy users
and also to healthcare providers. These guidelines aim to address the identified chal-
lenges by offering practical solutions and best practices for overcoming them. Chapter
2.1 presents the publication [160] that summarizes the results of the first objective.

The second objective is to develop a robust deformable dose accumulation solution to
determine the total delivered dose over the course of online adaptive MR-guided radia-
tion therapy. A multi-center study will compare and evaluate the developed solution with
several other solutions currently used in research and clinical practice. The deformable
dose accumulation procedure consists of three steps: deformable image registration,
dose mapping, and dose summation. Deformable dose accumulation solutions are
based on different mathematical and physical models, which lead to different results
in determining the total dose delivered. Comparison of the different applied solutions
is difficult because the ground truth is unknown. Therefore, the multi-center study in-
cludes both a gold standard case, which provides the ground truth, and several clinical
patient cases from different parts of the body treated with online adaptive MR-guided
radiation therapy. The study analyzes the agreement between different algorithms used
by different institutions and investigates whether there are differences that depend on
the algorithms used or on specific anatomical regions. The project’s results in relation
to the second objective in chapter 2.2 were published in [159].

The third objective is to develop a deformable dose accumulation workflow that uses
the developed deformable dose accumulation solution in the second objective to de-
termine the total dose delivered over the course of treatment. This objective includes
the comparison of non-adaptive and adaptive radiation therapy, focusing on classical
image-guided and online adaptive MR-guided radiation therapy. The comparison will
evaluate the two approaches in terms of tumor dose coverage, normal tissue spar-
ing, and differences in clinical effects. Adaptive radiation therapy, like online-adaptive
MR-guided radiation therapy, promises better normal tissue sparing compared to non-
adaptive radiation therapy. This is due to the daily acquisition of MR images, which
allows daily dose optimization and calculation based on the anatomy of the day. This
study uses the deformable dose accumulation solution from the second project in ten
prostate cancer patients receiving online adaptive MR-guided radiation therapy. Dosi-
metrically, we compare the accumulated doses regarding the target volume and normal
tissues, such as the rectum, bladder, and urethra, after classical image-guided radiation
therapy and online adaptive MR-guided radiation therapy in comparison to the initially
planned doses. The dosimetric differences are the analyzed using a normal tissue
complication probability model to determine the clinical impact. Chapter 2.3 presents
the results of the third objective, summarized in a manuscript [161] which has recently
been submitted to Physics and Imaging in Radiation Oncology, and is currently under
review.
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2 Results and discussion

2.1 Applicability and usage of dose mapping/accumulation
in radiotherapy
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2.1.1 Abstract

Dose mapping/accumulation (DMA) is a topic in radiotherapy (RT) for years, but has
not yet found its widespread way into clinical RT routine. During the ESTRO Physics
workshop 2021 on "commissioning and quality assurance of deformable image regis-
tration (DIR) for current and future RT applications", we built a working group on DMA
from which we present the results of our discussions in this article. Our aim in this
manuscript is to shed light on the current situation of DMA in RT and to highlight the
issues that hinder consciously integrating it into clinical RT routine.

As a first outcome of our discussions, we present a scheme where representative RT
use cases are positioned, considering expected anatomical variations and the impact
of dose mapping uncertainties on patient safety, which we have named the DMA land-
scape (DMAL). This tool is useful for future reference when DMA applications get closer
to clinical day-to-day use.

Secondly, we discussed current challenges, lightly touching on first-order effects (re-
lated to the impact of DIR uncertainties in dose mapping), and focusing in detail on
second-order effects often dismissed in the current literature (as resampling and inter-
polation, quality assurance considerations, and radiobiological issues).

Finally, we developed recommendations, and guidelines for vendors and users. Our
main point include: Strive for context-driven DIR (by considering their impact on clini-
cal decisions/judgements) rather than perfect DIR; be conscious of the limitations of the
implemented DIR algorithm; and consider when dose mapping (with properly quantified
uncertainties) is a better alternative than no mapping.
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2 Results and discussion

2.1.2 Introduction

Radiotherapy (RT) aims at treating cancer by delivering radiation to the affected zones
(target). In RT planning, a dose distribution is generated on a medical image. Dose
distributions are often highly heterogeneous and conformal with steep dose gradients
in anatomy close to the target which may move, deform, and/or respond to treatment. It
is useful to transfer the dose distribution from one image to another to compare and/or
accumulate doses to specific anatomical sub-volumes. Transferring or mapping dose
distributions requires aligning the underlying images, assuming any transformation de-
scribing the geometric mapping between the two frames of references of the images,
can be applied to their corresponding dose distributions [34]. In Fig. 8 a-b, we present
a scheme detailing this assumption. Note we refer to the source image as the image
associated with the dose to be mapped. Conversely, the destination image defines the
grid where we want to map the dose.

Aligning images is done using image registration, which aims at finding the trans-
formation that optimally aligns corresponding anatomy between two images. Rigid
transformations, consisting of rotations and translations, are often used to correct for
global misalignments (correcting patient positioning). However, rigid transformations
are not sufficient to resolve the misalignment due to local changes [45], or large posi-
tion changes in patient setup [50], [51]. In these cases, deformable image registration
(DIR), is preferred [5], [58], [195]. The inputs for DIR include two images, a fixed and a
floating image, and the result is a non-rigid transformation. The transformation (T in Fig.
8) is often represented as a deformation vector field (DVF). DVFs are composed by a
set of vectors originating from the voxel positions in the fixed image and pointing to the
corresponding locations in the floating image (typically not coinciding with the centre of
a voxel). Specifically, T maps point coordinates from the fixed grid to the floating frame
of reference.

Mapping the source dose distribution to the destination grid can be achieved by ei-
ther gridded resampling (which pulls or "fishes out" the dose from the floating image),
or scattered resampling (which pushes or shoots the dose, as in archery, to the floating
image). Depending on the selected strategy, the source/destination image takes the
role of the fixed or floating image in the registration, Fig. 8 c. For several applications,
the mapped dose is then summed up with another dose, which is known as dose accu-
mulation.

Uncertainties in the registration will introduce dose mapping uncertainties. An impor-
tant factor affecting registrations is the degree of anatomical variation. Small differ-
ences may be accurately registered by most algorithms while complex changes may
not. However, a limited number of algorithms attempt to address complex changes
[45], [50], such as sliding tissue [51], [58], (dis)appearance of tissue (including different
tumour regression modes [5] and surgical interventions [56], [174], [187], [195], [235]).
Often these advanced algorithms are only available for research. Other factors can
also affect the quality of the registration, such as image acquisition artefacts, lack of
contrast, choice of parameters, etc. [34], [210]. These complex changes and other
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factors lead to large uncertainties in the registration, and hence uncertainties in the
mapped dose, particularly in regions where high dose gradients are present (Fig. 9).
Therefore, quantifying dose mapping uncertainties would need to account for both reg-
istration uncertainties and dose characteristics.

Dose mapping can be complex and challenging. It is often not clear what the "correct"
transformation is, and exactly how this should be used to resample and accumulate
the doses. Uncertainties in dose mapping could impact treatment outcomes. An ex-
treme example is if new fractions are re-optimised accounting for estimated delivered
dose (mapped with significant errors), which can ultimately result in relapse (if the tar-
get was seriously underdosed) or severe side effects (if normal tissues are overdosed).
Consequently, determining the proper registration needs to consider at least these two
aspects: degree of anatomical variations and the impact of dose mapping uncertainties.

In this manuscript, we will present considerations demonstrating that DMA is more than
just applying the results of a registration, as correct dose mapping is not guaranteed
even with "perfect" registrations. We also propose a visualisation aid to exemplify the
variation in anatomy and impact of uncertainties on the patient’s treatment for a range
of use cases. We finish the paper with a list of recommendations aimed at users and
vendors. Notice that we will not discuss image registration in depth, as several reviews
are available in the literature [34], [50], [176], [177], including reviews focussed on DMA
[45], [258].

2.1.3 Workshop discussions

Discussions were held during the ESTRO Physics workshop 2021 on "commissioning
and quality assurance of DIR for current and future RT applications". This workshop
included two focussed online sessions with more than 20 participants. During the sec-
ond session aspects identified in the first session were discussed in groups. The result
of the discussions in the "DMA" group forms the basis of this article.

2.1.4 Dose mapping/accumulation landscape (DMAL)

A direct outcome of these discussions was a scheme representing the current land-
scape of DMA use cases. The scheme was based on two axes: the degree of anatomi-
cal variations expected, and the impact of dose mapping uncertainties on patient safety.

Anatomical variations

The degree of anatomical variations between the images may challenge the registration
algorithms [198]. Anatomical variations can be divided into two main categories in RT
applications, intra- and inter-patient (Fig. 10 a).

For intra-patient applications, the degree of anatomical variations often increases with
the time difference between images: in an extreme example, large anatomical vari-
ations are observed between medical scans over lifetime (newborn vs adult). This
is particularly relevant in the re-irradiation context, where dramatic changes can be
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a) Image registration set-up b) Assumption
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Lo fTE)-ksl
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Transformation T

c) Definition of f(T,l), depending on the mapping strategy chosen.

f(T,l) as gridded resampling. f(T,1) as scattered resampling.
a.k.a. pulling, “fishing”. T also called backward registration. a.k.a. pushing, “archery”. T also called forward registration.
Source estination Source Destination

Floating image Fixed image Fixed image Floating image

R

Figure 8: Schematic presenting the use of image registration to map dose distributions. a) Registra-
tion set-up. Registration is performed between the source and destination images, here presented
in black and white drawings, aiming at mapping the source dose distribution to the destination grid.
b) Dose mapping using transformation T, showing the underlying assumption that the registration
aligning the pair of images is valid to map any spatially correlated image, such as dose distributions.
c) Application of the transformation, depending on the used mapping strategy. Note we distinguish
between source/destination and fixed/floating images. Source image is the image that is associ-
ated with the dose to be mapped. Destination image is where we want to map the dose. Fixed and
floating images are the roles these images take in the registration process.
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Figure 9: An illustrative case demonstrating the effect of registration uncertainties on dose mapping,
and its interplay with dose gradients. For each voxel, A and B, two arrows are shown: 1) a red arrow
representing an "erroneous"” vector resulting after image registration, 2) a green arrow representing
the "correct" vector. Even though there is a large distance between the end-points of two arrows for
voxel A, its mapped dose differs slightly. On the other hand, the distance between the end-points
for voxel B is small (below "accepted thresholds”), but the mapped dose differs considerably.

caused by treatment and time. Alternatively, smaller changes can be expected when
registering images taken minutes apart, such as intra-fraction images [194].

For variations during treatment, we distinguish between inter- [93] and intra-fraction
changes [91], [133]. These include disappearance and appearance of tissue and con-
tent (e.g. bladder/rectum filling [57], [196]), and tissue changes (e.g. tumour regres-
sion/growth, weight loss) [81], [221], [222]. The changes vary from small (millimetres) to
large (centimetres) [118], [164], [221] (Fig. 10 a). The range varies depending on sev-
eral factors like tumour site, and healthy surrounding tissues [36], [154]. Furthermore,
anatomical variations occur in all directions often leading to complex deformations [24],
[193], [268]. These complex changes inherently challenge the assumption of 1-to-1
anatomical mapping made by most DIR algorithms.

For inter-patient dose mapping applications, anatomical variations have a different mean-
ing, representing anatomical differences between individuals rather than changes over
time. Inter-patient dose mapping is used to explore local association of doses and
outcomes [238], or assess biological effects [219]. The magnitude of inter-patient dif-
ferences tends to be larger than most intra-patient changes. Moreover, "corresponding”
anatomy is not well defined, as there is not a strict 1-to-1 anatomical mapping due to
the natural variability between patients.
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Figure 10: lllustration of the DMAL axes. a) Expected anatomical variations. b) Impact of dose
mapping uncertainties on patient safety.
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Impact of uncertainties

The impact of uncertainties depends on the intended use of the mapped dose, with
increasing impact to applications close to a particular patient’s pathway, Fig. 10 b.
For this axis, we propose three main levels with no strict borders. With low impact for
patient’s safety, we considered the use cases where mapped doses are used to quan-
tify, like delivered doses in retrospective studies [25], or dose variations across large
groups [183], [216]. With an intermediate impact, we considered applications where
the mapped/accumulated dose is used to inform by estimating global statistics. For
example, when dose from an initial treatment is mapped to a subsequent image for re-
treatment, and only DVH statistics are used to inform dose constraints in a re-irradiation
plan [8]. Last, with the highest impact for patient’s safety, we consider cases when the
(voxel-by-voxel) mapped doses are incorporated to change a patient’s treatment. For
instance, online adaptive RT (ART), when a fraction is adapted on the spot using an
estimation of the delivered dose. Uncertainties in the mapped dose due to inelastic tu-
mour regression (visible tumour regression with the healthy surrounding tissue staying
in place [222]), may result in underdosing invisible disease which could increase the
risk of local recurrence. These are some of the reasons for cautious clinical integration
of this tool.

Current landscape

The dose mapping/accumulation landscape (DMAL), Fig. 11, is populated with relevant
example use cases that highlight how these dimensions vary for different use cases. A
selection of three cases are discussed in Supplement 9.1.1.
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Figure 11: DMAL, presenting the current landscape of use cases. The span of each box represents
the typical ranges in the anatomical variation and expected impact of dose mapping uncertainties
for a given use case.
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2.1.5 Identification of current challenges

Nine participants from the original workshop met five times between January and April
2022. During these meetings, we discussed articles highlighting critical issues and cur-
rent challenges in implementation and clinical adoption of dose mapping, Supplement
9.1.2. Due to space constraints, we present our considerations for four issues and chal-
lenges in detail.

We hypothesise that there are first- and second-order effects on the uncertainties of
DMA. The first-order effects relate to the impact of registration uncertainties on dose
mapping. Mentioned earlier, it is often impossible for the registration result to "accu-
rately" map the anatomy between two images. We argue that considering what is an
appropriate registration and the impact of uncertainties for a particular application is
more relevant than discussing its absolute "accuracy", as we lack a "ground truth" map-
ping with which to validate the accuracy. Second-order effects, including issues such as
energy/mass transfer vs dose mapping, resampling/interpolation, etc., also contribute
to dose mapping uncertainties, but with a smaller impact. For dose accumulation, bio-
logical uncertainties such as using a given «/g value for EQD2 or BED, or the validity
of the LQ model, are relevant.

Moreover, uncertainties could impact the applications in a systematic or random man-
ner. For example, when a prior treatment’s dose distribution is transferred onto a subse-
quent re-irradiation scan any mapping uncertainty will have a systematic impact on the
second treatment. Conversely, uncertainties associated with accumulating the dose of
a fractionated treatment can typically be considered random.

First-order effects

Evaluating the correctness of a registration is extremely challenging as ground truth is
commonly unavailable. Phantoms or biomechanical models are proposed to quantify
registration errors at commissioning [34], [272]. For patient-specific applications, tools
still need to be developed and used in daily practice [181]. Alternatively, methods to
quantify dose mapping uncertainty as maps [158], [204] are available, section Quality
Assurance. However, dose uncertainty estimations only assess consistency. Determin-
ing whether the registration is correct goes beyond quantifying consistency. Attempts to
study this aspect with deformable phantoms have been reported [265]. Auxiliary struc-
tures/landmarks can also be used to determine the degree of accuracy, as suggested
in TG-132 [34] or dense landmark clouds, as suggested by Paganelli [181]. However,
the validity of these metrics is limited to the region where these contours/points are
defined. Therefore, this is still an open issue which requires careful consideration when
applying DIR in daily clinical applications.

As shown in Fig. 9, the registration uncertainties interplay with the dose distribution
characteristics, particularly dose gradients [203], [238]. The theoretical impact of reg-
istration uncertainties to map a dose distribution can be quantified using the distance
to dose difference (DTD) [203]. DTD indicates the local admissible registration uncer-
tainty that would keep dose mapping uncertainty below a given tolerance. They found
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that registration uncertainties of maximum 1 mm would be allowed in regions of steep
dose gradients, while uncertainties of > 20 mm are acceptable in regions of low dose
gradients, for an IMRT lung dose distribution using a 5 % of the prescribed dose as tol-
erance.

Generally, DIR is performed for mono- (such as CT-CT) or multi-modal (CT-CBCT or
CT-MR, etc.) images. In multimodal DIR, the differences in the images pose an ad-
ditional challenge. For example, due to CBCT noise, artefacts, reduced image quality
and limited field of view/length, impairs CT-CBCT DIR [15], [205]. Challenges in MR-CT
DIR occur e.g. by MRI of the lungs which show less structure than CT [263] or by CT
images of the prostate which do not show clear boundaries of the organ [273].

Mentioned earlier, there is often no true 1-to-1 mapping between images, especially
for (dis)appearance of tissue or anatomies from different individuals. However, the vast
majority of registration algorithms attempt to obtain a 1-to-1 mapping between the im-
ages (especially diffeomorphic registration algorithms) [10], [11], [239]. Even though
this may not be a good representation of the true mapping between the images, it is
recommended to use transformations that represent a 1-to-1 mapping when resampling
dose (positive Jacobian determinant).

Finally, RT accounts for estimates of accuracy at each stage, including dose distri-
butions calculated on grids of 1 — 3 mm and machines that are accurate to within 2 % or
2mm. A first goal should be to aim for DIR uncertainties that align with the estimates of
the other steps, so that DIR-based DMA is not an outlier in the overall process [169].

Second-order effects

Resampling and interpolation

There has been some discussion in the literature on how dose distributions (repre-
sented as images) should be resampled when deforming them with a transformation.
Two distinct approaches have been proposed: "direct dose mapping" (DDM) and "en-
ergy/mass transfer" (EMT) [45], [136]. DDM directly resamples the dose, whereas EMT
first converts the dose into energy and mass, resamples the energy and mass sep-
arately, and then calculates the dose from the resampled energy and mass. Some
publications claimed or implied that the EMT method is based on more sound physical
principles than the DDM method, and therefore gives more correct results [45], [136].
We argue that this is based on a misconception that voxels in an image represent
discrete anatomical units rather than a discrete sampling of an underlying continuous
function. Better understanding and rigorous application of sampling theory would help
demonstrate that if the dose, energy, and mass images are resampled correctly, then
the same results should be achieved regardless of whether the dose is first converted
into energy and mass or not. Therefore, the differences between DDM and EMT comes
down to how the resampling is implemented.

Differences between results of the DDM and EMT methods presented in the litera-
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ture are due to differences in the way the dose images and energy/mass images are
interpolated, with neither of the methods following what is commonly considered as
best practice for resampling images. We will now highlight some of the main sources of
confusion and issues that should be considered when resampling a dose/energy/mass
image using a 1D example, Fig. 12. Then, we will provide recommendations on how to
best resample dose distributions. For a more detailed discussion of these issues and
others related to image resampling see [39], [54], [230], [231].

One essential difference between the DDM and EMT methods, as presented in the
literature, is the use of "pull" vs "push" resampling or interpolation, Fig. 8 c. DDM uses
pull interpolation whereas EMT uses push interpolation. In general, pull interpolation is
preferred when resampling images as the interpolation step occurs on a regular grid,
whereas push interpolation requires interpolating scattered data points. Depending on
the method used, scattered data interpolation can lead to undulating artefacts and even
"holes" in the resampled image (shown in the EMT method [136] exemplified in Fig. 12
c) or relies on methods that are considerably more computationally demanding. This is
the reason that all registration algorithms use pull interpolation in their internal optimi-
sation (to the best of our knowledge).

Push interpolation has been used for EMT to ensure that the overall energy/mass was
conserved during resampling. Notice that mass can also be preserved when using
pull interpolation by multiplying the resampled image by the local volume change (Ja-
cobian determinant), as proposed for mass-preserving registration algorithms [232],
[266]. Note, such mass-preserving registration algorithms should not be used for most
dose resampling applications, as the assumption of mass preservation between the
images is not valid (for example due to (dis)appearing tissue or different patients). Our
recommendation is to always use pull interpolation when resampling either dose, en-
ergy or mass while accounting for local volume changes.

Another cause of the differences between DDM and EMT results in the literature is
that the mappings are required in the opposite directions, so separate registrations are
performed for each method (swapping the fixed and floating images, Fig. 8 c). Incon-
sistencies between the registration results used for each method (unless an inverse
consistent registration is used, which was not the case in [136]), further contribute to
the differences in the results observed between the two methods.

On a more technical side, the choice of interpolation method or kernel is key when
resampling an image. Linear interpolation is the most well-known and widely used in-
terpolation method. It is very fast but it introduces a small amount of blurring to the
resampled image. Other interpolation methods, such as cubic convolution, windowed-
sinc (with Lanczos, Blackman or Welch kernels) or spline-based methods, introduce
less blurring but can lead to ringing, where the maximum/minimum values in the re-
sampled images are larger/smaller than the maximum/minimum values in the original
image [152], [230], [231], potentially introducing negative dose/energy/mass values.
The blurring introduced from a single application of linear interpolation is small and
unlikely to have a large impact, however, if the image is resampled multiple times the
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blurring will accumulate and cause noticeable degradation of the resampled images.
This effect will have impacted the evaluation of the DDM method presented in [136]
where the dose was resampled 3 times (first resampled onto the source CT image grid,
then onto the target CT image grid, and finally resampled onto the target dose image
grid) introducing unnecessary blurring to the result. Therefore, we strongly recommend
avoiding resampling an image multiple times, instead composing the transformations
and only resampling with the final composed transformation.

The final issue we want to highlight is aliasing. This occurs when the original image
contains higher frequency information than can be represented in the resampled im-
age, either because the resampled image has a lower resolution or because the trans-
formation causes parts of the image to be compressed. When aliasing occurs the high
frequency information incorrectly appears as lower frequencies, which in practice can
lead to structures arbitrarily appearing brighter or darker than they should in the re-
sampled image [230], [231]. Therefore, we would recommend using a spatially varying
interpolation kernel, as described in [39] when the transformation contains regions with
large compressions (by a factor of 2 or more) within regions of a high dose gradient.

Quality assurance considerations

Quality assurance (QA), defined as the procedures and processes followed to ensure
that the quality of each dose mapping is maintained, is essential in clinical practice.
However, this is difficult to implement due to unknown ground truth and uncertain-
ties that arise from patient-specific characteristics (for example, cervix-uterus inter-
fractional changes [144]). In addition, dose accumulation QA consists of several es-
sential steps: ensuring the appropriate mapping/accumulation workflow was followed,
QA of DIR, QA of dose mapping, and finally a review of all steps [34]. Determining the
best workflow for DMA is not trivial, and to the best of the authors’ knowledge, there
are no resources available for this specific matter. We define mapping/accumulation
workflow as the selection of a given algorithm, its parameters, directionality, resampling
strategy, and the definition of the minimum set of metrics and/or procedures for QA.
Prior to defining a workflow, we propose to clearly define 1) what is the intended use
of the DMA, and 2) which is the region of interest (ROI), which will then inform the
expected anatomical variation. With these aspects, it is easier to identify the potential
impact of dose uncertainty, such as illustrated in our DMAL, Fig. 11. Particularly, con-
sider defining how to handle extreme anatomical variations (such as missing organs in
the re-irradiation settings, or completely different anatomy as in inter-patient registra-
tions).

Next, it is needed to assess whether DIR has fulfilled its task. Ideally, DIR would have
aligned all the corresponding anatomy between the images, properly accounting for
missing tissue (or organs). This could be translated to level 0 in the registration uncer-
tainty assessment levels proposed in the TG-132 [34]. However, current registration
algorithms often performed less optimal than this, with a recent publication comparing
commercial systems reporting mean target registration error (TRE) ranging between
2.8 and 6.8 mm [198]. For DMA, locally aligned DIR, focused on the ROI (and/or the re-
gions containing dose) would suffice (level 1, TG-132 [34]). However, these levels rely

26



2 Results and discussion

a) Deformation Vector Field (DVF)
I kl [JJ ‘,l ,AL v 1D Destination grid

[
|/l/[{’1/’|/{/r/[ /| [||| 1D Source grid

1 2 3 4 5 6 7 8 9 1011 12 13

b) Input for resampling on source grid

T

1D Dose distribution

|

1D Mass distribution

1D Energy distribution

1 2 3 4 5 6 78 9 101112 13

c) Output after resampling on destination grid

-§§ 1D Dose distribution

12 3 4 5 6 78 9 10 1112 13

1D Energy distribution

Figure 12: 1D scheme highlighting the main problems of using "energy/mass transfer" resulting from
naive use of push interpolation. a) The DVF used to push the data representing a constant expan-
sion over 1/3 of the image and a constant compression over the other 2/3, with the 2nd pixel having
no mapped pixels. b) The input data. c¢) The resampled data using the EMT method described in
[136]. For each voxel in the dose distributions shown in b) and c), the value corresponds to energy
divided by mass. Note the 2nd pixel of the resampled energy and mass distributions corresponds to
a "hole” (value of 0), which results in an undefined mapped dose value (hatched pixel). Additionally,
the energy and mass distributions contain undulations that would not be expected from the DVF (as
it represents constant expansion/compression) and the dose has an undesirable "step-like" appear-
ance (pixel 3 vs 4 having the same value, same for 5 vs 6 and 7 vs 8).
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on quantifying the alignment of the anatomy, assumed to be defined on both images,
using metrics such as TRE, mean distance to agreement, dice similarity coefficient
(DSC). This presents a challenge as these anatomical landmarks/contours are often
not available for one or both images. The validity of these geometrical metrics is limited
to their direct vicinity, and cannot account for distortions far from their location [112].
DVF-based metrics (Jacobian determinant, inverse consistency error (ICE) and transi-
tivity error (TE)) provide information in all locations where the DVF is defined. However,
they don’t assess registration correctness but local volume changes (Jacobian) and
consistency (ICE and TE), therefore they are insufficient on their own for QA [181]. We
strongly recommend visual inspection of the deformed image and the transformation
(deformed grid/DVF visualisation), focused on the ROI, as a strict minimum to provide
a global assessment of DIR performance.

Testing the selected algorithm and parameters to phantoms (either physical or digi-
tal) also provides insight, as done at commissioning in clinical applications. Several
phantoms have been developed and made available for the community. These include
known ground truth features, such as landmarks, DVF and dose distribution [34]. For
digital phantoms, a current limitation is that they are often provided in file formats other
than DICOM, and treatment planning systems are relatively closed to import data be-
yond DICOM. Converting between file formats requires tools and custom scripts that
may not be available on clinical systems, increases workload and potential for making
mistakes, and hinders clinical adoption.

Next comes QA dose mapping itself. Where corresponding anatomical landmarks are
visible in each image, the dose to the landmark can be sampled from both the orig-
inal and mapped dose distributions. With accurate registrations, these doses should
be equal. Assessing the discrepancies between their TRE and dose deviations may
give an indication of the cause of the uncertainty, whether due to spatial registration
inaccuracy or a second-order effect. The confidence in the landmark identification is a
limitation. Furthermore, this assessment is valid in the landmarks’ proximity.

Other strategies were proposed to assess the impact of inverse (in)consistent registra-
tions, for instance the DVH overlap method [106]. Using the terminology introduced in
Fig. 8, two transformations are used: source-to-destination and its inverse, destination-
to-source. Structures defined on the destination grid are propagated onto the source
dose distribution, and the source dose distribution is mapped to the destination grid.
The impact of inconsistencies in the registration within the structures is assessed by
comparing the derived dose volume histograms (DVH) of dose/contour sets. If the vol-
ume of the structure is conserved, the mapped DVH should be equal to the original
DVH and imply minimal inverse consistency error (ICE). For this method, structures
must be present in the destination image and the quantification would only be valid for
the region delineated. Moreover, variations between original and mapped DVHs will
depend on the structure volume; with small mapping errors exacerbated in small vol-
ume structures, while larger mapping errors may be masked in large volume structures.
Another strategy used the inconsistencies of registration defined as the net displace-
ment of every voxel in different structures after successive application of the forward
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and backward transformations, and summarised differences using DVH bands [141].
However, these methods in isolation do not provide enough information for QA.

Methods were proposed to quantify dose mapping uncertainty in a local scale, by gener-
ating uncertainty maps [92], [158], [204]. In general, these maps contain the standard
deviations of different mapped doses, calculated on each voxel. Salguero and col-
leagues [204] proposed a general framework to estimate voxel-wise dose mapping un-
certainty: First, a cluster of points is obtained for each voxel from an iterative DIR, where
each iteration included an "artificial" perturbation in the registration. Next, the disper-
sion of these points is used to compute spatial uncertainty. Last, the spatial uncertainty
estimates are used in combination with the mapped dose distribution to compute the
point-by-point dose standard deviation. Another strategy relies on a deformation model
created using principal component analysis to sample spatially-correlated uncertain-
ties and quantify their impact in daily dose mapping [158]. Hub and colleagues [92]
estimated dose mapping uncertainties based on varying b-spline coefficients. Dose
mapping uncertainties maps allow to keep spatial components of uncertain regions,
which can help decide whether the mapped dose is of use. Therefore, we recommend
quantifying the impact of registration uncertainties on dose mapping after a global as-
sessment of DIR performance using one of these strategies [92], [158], [204]. In this
context, a clear challenge is the lack of software tools facilitating the quantification and
visualisation of these uncertainty maps in clinical practice.

Finally, QA carried out with developer methods and tools cannot replace the assess-
ment of the user. Therefore, verification of DIR and DMA results by the user is essential.

Radiobiological issues

An important point raised during workshop discussions is that dose is at the end of the
day a surrogate for what we really want to quantify, that is the radiobiological effect of the
treatment. As outlined by Jaffray and colleagues [98] in their QUANTEC vision paper,
the delivered dose has been poorly understood. Recent advances in DIR are allow-
ing the delivered dose to be more accurately defined. Now that the delivered physical
dose can be investigated, how do we incorporate this information into our understand-
ing of radiobiology? A good example of a study linking radiobiological endpoints to the
delivered - not planned dose - was performed by Bohoudi and colleagues [25]. They
sought to identify delivered dose parameters linked with bladder toxicity. Dose was ac-
cumulated for 101 prostate SBRT patients treated with ART. The accumulated bladder
V20-32 Gy showed better correlation than the planned V20-32 Gy with an increase in
International Prostate Symptom Score. However, there were large bladder volume vari-
ations, potentially impacting the accuracy of the DIR.

Estimating biological accumulated dose is not straight forward. The Linear quadratic
model (LQM) assumes fractional doses of equal magnitude used in a power-to-n law.
Given the dose, especially to OARs, can vary each treatment, it is not valid to ac-
cumulate linearly using DIR. The concept of total biological dose, bEQDy, has been
introduced by Niebuhr et al. [171] to address this issue. Briefly, the bEQDy, repre-
sents the total treatment dose that yields a given biological effect but takes each dose
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per fraction into account rather than an average. Niebuhr et al. report that the bEQDy
was systematically higher than conventionally accumulated dose with differences in hot
spots of 3.3 - 4.9Gy for conventional and 8.4 Gy for hypofractionated prostate cancer
treatment plans. Determining the impact of these differences for outcome modelling
and adaptive strategies is still unclear.

2.1.6 Discussion

In this manuscript, we presented the current landscape of dose mapping/accumulation
in RT, visually via the DMAL, Fig. 11. DMAL connects the expected anatomical vari-
ations and the impact of dose mapping uncertainties for patient safety and can be
used in the future for analysis and safety considerations of new use cases. Unlike the
magnitude of anatomical variations, metrics to quantify the impact of uncertainties on
patient safety are lacking. Open discussions in a multi-disciplinary team are essen-
tial to define the position of any new use case. In our approach, we identified three
main levels in the impact of uncertainties on patient safety, which are related to how the
mapped/accumulated dose is used in the use cases. For use cases in the right side of
the DMAL, a full quantification of dose mapping uncertainties (including both correct-
ness and consistency) is required. However, tools to quantify these are not available in
commercial packages. Therefore, we recommend extreme caution, with a very limited
use in clinical practice. Vendors are encouraged to develop and implement tools to
streamline this quantification soon, and ideally incorporate these uncertainties in treat-
ment plan optimisation.

We also presented considerations on the current challenges in DMA, going beyond
DIR uncertainties, which is the main focus of published literature [45], [258]. We argue
that the discussion on energy/mass transfer vs direct dose mapping is irrelevant, since,
if done correctly, the results should not differ. This is at the end of the day, an imple-
mentation choice. We recommend using DDM in DMA implementations. However, we
acknowledge that this decision is not in the hands of most users. Thus, it is further
recommended transparent communication from the vendors on the selected strategy
implemented in their clinical software to raise awareness of the limitation and possible
impact of these for the users.

To get a comprehensive understanding of a DMA system, we recommend following
four QA steps: ensuring the appropriate mapping/accumulation workflow was followed,
QA of the DIR result, QA of the DMA result, and finally a review of the impact the
DMA uncertainties will have on the clinical application. Implementing a DMA workflow
involves many inter-connected tasks and decisions, and requires a well-coordinated
team including dosimetrists, physicists, and radiation oncologists each playing different
roles to ensure patient safety. We discussed the limited use and availability of digital
phantoms for clinical systems commissioning, especially as non-standard file formats
hinder their use clinically. Moreover, specific phantoms to enable commissioning, and
automatic identification of corresponding landmarks would be of use for dose mapping
QA.
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The last major issue discussed in our manuscript was the impact of radiobiological
uncertainties in dose accumulation. Dose, as a surrogate of the radiobiological effect
of the treatment, is poorly understood. However, with DMA tools, we can start gaining
insights on the true correlation between delivered dose and treatment outcomes. Fur-
thermore, converting to radiobiologically-corrected doses (EQD2 or BED) relies on the
use of the LQM, which can be an oversimplification of the real biological effect of dose
in different tissues. Even with their shortcomings, we recommend using biologically
corrected doses when accumulating doses.

Advanced registration techniques including diffeomorphic, symmetric, and inverse con-
sistent algorithms, have been available in research software for years [11], and continue
to be further developed [132], but few commercial packages include these features, lim-
iting their use in clinical practice. There are also still several open research questions,
such as how to best account for (dis)appearing tissue and sliding motion, process longi-
tudinal data, and utilise recent advances in learning-based approaches [132]. The chal-
lenge of producing better registrations for DMA requires understanding exactly how the
registration will be used to map/accumulate dose, and how the results will be interpreted
and utilised in the clinical workflow. Multi-disciplinary work, where physicists, radiobiol-
ogist, clinicians, and computer scientists/engineers collaborate closely together is key
to make real progress with dose mapping addressing the issues raised in this paper
and beyond.

Several aspects cannot be improved by algorithms. As mentioned before, dose map-
ping relies on the registration of the underlying anatomy captured in medical images.
Therefore, dose mapping applications will be hindered by any limitations in image ac-
quisition and reconstruction. Additionally, complex anatomical changes such as inelas-
tic tumour regression happening during treatment [5], [82] will completely mislead any
intensity-based registration and may result in highly uncertain dose mapping. Even
though methods were proposed to identify these regression modes [5], these have not
yet been actively incorporated in DMA. Mitigation strategies are required in the mean-
time; again, quantification of dose mapping uncertainties is a must.

Our last take-home message is to strive for a context-driven DIR rather than a perfect
DIR. This may mean sacrificing global registration accuracy to favour locally accurate
registrations or have multiple registrations depending on the organ/application. Here,
it is important to be aware of the limitations of the implemented DIR algorithm, which
is essential to understanding the impact of DIR and dose mapping uncertainties in the
context of clinical decisions and judgements. For some use cases, keep in mind that
dose mapping (with properly quantified uncertainties) is a better alternative than no

mapping.

Recommendations for vendors

» Develop and implement tools and visualisation means, which can be run quickly
and easily after every registration in the system, aiming at:

— Analysing the resulting transformations. Whenever contour/landmarks are
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available (or created via automatic segmentation), we recommend including
distance metrics, as recommended by TG-132, but warning the user on their
limited validity. We also recommend visualising the DVF, as well as gener-
ating the map of the determinant of the Jacobian (to highlight contractions,
expansions and registration folds). Additionally, visualisation of the inverse-
consistency metric, bending energy, harmonic energy, curl would be desir-
able.

— Identifying dose gradients to highlight the regions of high dose mapping un-
certainty. We recommend overlaying this on the images as well as on the
DVF/Jacobian maps.

— Applying multiple algorithms (or parameters for the same algorithm) to pro-
vide a range of plausible registrations and estimate dose mapping uncer-
tainty from these. Visualization can be done as confidence bands around
individual DVHs or uncertainty maps (such as proposed in [92], [158], [204]).
This is key to enabling QA.

* Integrate tools for performing and evaluating dose mapping with other clinical soft-
ware such as auto-contouring and treatment planning systems to provide a seam-
less and automated clinical workflow for adaptive radiotherapy.

 Allow the user to export registration results (including initial rigid/affine and sub-
sequent DVFs) for external evaluation and/or comparisons. This would ideally
be in a standardised, well-documented, and easy to read format. For the DVF,
we recommend using standard file formats, such as the DICOM extension for
Deformable Registration in Radiation Oncology (DRRO) proposed by the IHE Ra-
diation Oncology Technical Framework [47].

» Generate clear descriptions of the workflow applied, to allow traceability for mapped
doses.

* Include in all training/tutorials resources clear indications of the limitations of the
registration algorithm (e.g., inability of registering disappearing tissues) and dose
mapping strategy implemented (e.g., direction of registration and resampling strat-
egy) and their impact in a variety of cases, including "simple" and challenging
cases, such that users can easily identify possible shortcomings during normal
operation.

» Allow the user to specify regions of interest where the registration should be as
accurate as possible.

* Implement built-in workflows for resampling dose following the advice in this pa-
per.

» Benchmark tools and algorithms on public data sets and publish results.

» Implement state-of-the-art DIR algorithms into commercial products, especially if
their aim is dose mapping/accumulation. Examples include diffeomorphic, inverse
consistent, symmetric and sliding motion.
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Recommendations for users

* Clearly identify the purpose of the DMA, and relate it to the DMAL, to determine
the potential impact of the dose mapping uncertainties. This should be done both,
at commissioning and at QA time.

» Consider local dose mapping uncertainties, ideally quantified with tools provided
by vendors, and the impact this uncertainty will have on the specific application.
Getting the appropriate registration for the application/organ/region should be the
first priority, which may mean that you sacrifice global registration accuracy, or
have multiple registrations. Always, consider which alternative is better for the
patient: uncertain dose mapping or not mapping the dose at all (e.g., using DVH
statistics) in the context of extra workload.

* Be aware of the software limitations and how to assess uncertainties, both for
DIR and for dose mapping. For this we recommend training to develop a clear
and comprehensive understanding on:

— The DIR software used in their practice, including limitations, and implemen-
tation decisions,

— The evaluation of DIR, both qualitatively and quantitatively, [34]

— The dose mapping workflow used in their clinical software, including high-
lighting the regions of high impact due to uncertainties such as regions of
high dose gradient

— The evaluation of DMA uncertainties, ideally with tools provided by vendors,

— The proper use of tools provided by vendors for QA for DIR and DMA, and
their importance in daily practice.

« If feasible, apply multiple algorithms (or multiple feasible parameters) for the same
task to provide a range of plausible registrations, from which a dose mapping
uncertainty measure can be derived for every registration run which can have
direct patient impact.

» Document clearly the registration workflow followed to map/accumulate dose dis-
tributions for each patient and the QA results.

» Develop departmental procedures and policies to perform DMA consistently, ide-
ally following international recommendations/guidelines. Important aspects to ac-
count for include achievable and required accuracies for use cases in different
anatomical sites (keeping patient safety in mind), alternative approaches when
the registration is not successful or the dose mapping is highly uncertain, and
how to handle tissue not present in both images.

2.1.7 Supplementary Material

The supplementary material of the publication is depicted in the supplementary material
of the dissertation at section 9.1
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2.2.1 Abstract

Background and Purpose: Application of different deformable dose accumulation
(DDA) solutions makes institutional comparisons after online-adaptive magnetic resonance-
guided radiotherapy (OA-MRgRT) challenging. The aim of this multi-institutional study
was to analyze accuracy and agreement of DDA-implementations in OA-MRgRT.

Material and Methods: One gold standard (GS) case deformed with a biomechanical-
model and five clinical cases consisting of prostate (2x), cervix, liver, and lymph node
cancer, treated with OA-MRgRT, were analyzed. Six centers conducted DDA using in-
stitutional implementations. Deformable image registration (DIR) and DDA results were
compared using the contour metrics Dice Similarity Coefficient (DSC), surface-DSC,
Hausdorff-distance (HD95%), and accumulated dose-volume histograms (DVHs) ana-
lyzed via intraclass correlation coefficient (ICC) and clinical dosimetric criteria (CDC).

Results: For the GS, median DDA errors ranged from 0.0 to 2.8 Gy across contours
and implementations. DIR of clinical cases resulted in DSC > 0.8 for up to 81.3% of
contours and a variability of surface-DSC values depending on the implementation.
Maximum HD95% = 73.3 mm was found for duodenum in the liver case. Although DVH
ICC > 0.90 was found after DDA for all but two contours, relevant absolute CDC dif-
ferences were observed in clinical cases: Prostate I/ll showed maximum differences
in bladder V28Gy (10.2/7.6 %), while for cervix, liver, and lymph node the highest dif-
ferences were found for rectum D2cm? (2.8 Gy), duodenum Dmax (7.1 Gy), and rectum
D0.5cm? (4.6 Gy).

Conclusion: Overall, high agreement was found between the different DIR and DDA
implementations. Case- and algorithm-dependent differences were observed, leading
to potentially clinically relevant results. Larger studies are needed to define future DDA-
guidelines.

34


https://s100.copyright.com/AppDispatchServlet?publisherName=ELS&contentID=S2405631624000587&orderBeanReset=true
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2.2.2 Introduction

Online magnetic resonance-guided radiotherapy (MRgRT) enables optimal plan adap-
tation concerning the patient’s daily anatomy, allowing improved target coverage and
organ at risk (OAR) sparing [247]. Deformable dose accumulation (DDA) is a method
to evaluate doses from several treatment fractions deformed according to daily images
to account for anatomical changes during treatment [45]. According to several recent
studies, DDA promises precise adaption of delivered organ-specific doses to reduce
OAR toxicity [4], [25], [42], more precisely determined dose tolerances [191], and/or
additional target dose escalation [4]. However, DDA still requires investigation of dose
mapping uncertainties and anatomical or contouring variations [160].

Deformable image registration (DIR) is performed as first step of DDA. Several DIR
algorithms, categorized by matching criteria and deformation model, are available for
clinical and research use, like intensity or hybrid methods and free-form deformations
or diffusion/deformation models [223]. As recently published, underlying algorithms it-
self typically works differently in various anatomical regions [68], [105], [168], [188].
Additionally, different algorithms applied to one anatomical region can lead to different
results [105], [157], and algorithm settings such as different configuration values or op-
timization methods may change registration results [275].

The deformation vector field (DVF) generated by DIR is applied to the corresponding 3D
dose map in the second step of DDA. In literature, several resampling and interpolation
approaches are discussed, especially direct dose mapping (DDM) and energy mass
transfer (EMT) [45], [136]. DDA algorithms are currently being applied using various
implementations across institutions, which may provide different results for the same
problem, as several studies show [27], [241]. For MR-guided liver stereotactic body ra-
diation (SBRT), Wahlstedt et al. [241] observed that DDA algorithms are highly patient-
and fraction-dependent and recommend using numerous algorithms in tandem. Bosma
et al. [27] found that in MRgRT of prostate cancer, EMT led to lower dose errors than
DDM.

This multi-institutional investigation aimed to assess several different implementations
for DDA utilizing the same datasets including a gold standard (GS) case deformed us-
ing a biomechanical model and five clinical cases. The goal was to identify differences
in results based on the algorithms used.

2.2.3 Material and Methods

The multicenter DDA study was conducted by a working group of the Elekta MR-Linac
consortium involving six institutions with clinical expertise in MRgRT using the 1.5T
MR-Linac (Unity, Elekta AB, Sweden).

Data characteristics
Initially, DDA was conducted on a prostate case where deformations were created by
biomechanical simulations. This process included loading clinical contours into finite
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element modeling software (FEBioStudio v1.7.1) [143], followed by assigning the phys-
ical attributes to each anatomical tissue [27]. Simulations of five clinically representative
bladder and rectal fillings were used to actuate surrounding tissue and apply displace-
ments and deformations to a T2-weighted MR image (MRI) (Supplementary Figure S2).
For each simulated anatomical situation, RT plans were created by recalculating the
dose on the new anatomy, resulting in five total dose distributions. The known under-
lying deformations enabled the calculation of a GS accumulated dose (GS-DDA) using
DDM.

Subsequently, five clinical datasets of patients with different tumor entities were ana-
lyzed, including (1, Il) two prostate, one (lll) cervix, (1V) liver, and (V) lymph node cases,
as detailed in Supplementary Table S2 and Fig. S3. Patients were treated at one par-
ticipating institute with SBRT on the 1.5 T MR-Linac using the "adapt-to-shape" (ATS)
workflow [247]. Experienced radiation oncologists re-contoured the MRI for each frac-
tion offline to address minor issues eventually caused by the tight timeline for online
contouring. Subsequently, wall contours for rectum, colon, and duodenum, likewise for
bladder and stomach, were created using negative margins of 3 and 4 mm to investigate
DIR and DDA results in the hollow organs with homogeneous fillings. These fraction
data sets, including MRI, re-delineated contours, and dose files, were shared using
ProKnow D (Elekta AB, Sweden, V1.33.0). Clinical dosimetric criteria (CDC) used for
plan approval were provided by the institution for each specific case (Supplementary
Table S3). Ethical approval and data sharing agreement existed for all clinical cases.

Deformable image registration, contour propagation, and dose accumulation
Each institute performed DIR using the software available at their institute. Two in-
stitutes (A, C) had a hybrid intensity/structure-based algorithm (Monaco ADMIRE Re-
search, Elekta, Sweden) [83] or ANACONDA (RaySearch Laboratories AB, Sweden)
[244]. Mixed/hybrid and contour-guided DIR algorithms [186] (MIM Software Inc., USA,
versions 6.8.5/7.0.6) were used by institutes B and D, respectively. Institute E used
an in-house intensity-based DIR algorithm [71], [242]. RTTracker (UMC, Utrecht, The
Netherlands) [211], [268] was used by institute F. Supplementary 9.2.1, including Table
S4, describes each algorithm in more detail. Five institutions used contour-guided DIR,
while one institution (E) did not (cf. Table 2). All MRIs were deformably registered to the
first fraction. Each institution propagated all offline re-delineated contours of fractions
2-5 to fraction 1 using the resulting DVF.

Dose mapping was conducted by applying the DVF to the dose file of each fraction.
For dose resampling, two distinct methods were used: DDM [86] (A-E) and EMT [217]
(F). The software solutions Slicer3D (V4.11) [63], Raystation (8B), MIM, an in-house de-
veloped solution, and RTTracker (V4.0) were used, respectively. No additional DIR/DDA
requirements were made for the institutes.

Data analysis
Each institute’s accumulated dose maps for the GS case were compared with the
known GS-DDA, calculating voxel-wise absolute differences within the target volume
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Table 2: Overview of contours used for DIR guidance per institute (A-F) for the cases gold standard,
(l) prostate 1, (ll) prostate 2, (lll) cervix, (IV) liver, (V) lymph node. Abbreviations; CTV: clinical
target volume, GTV: gross tumor volume, CTVyg: high risk CTV, CTV,g: intermediate risk CTV,
CTVg: right lymph node CTV, CTV,: left lymph node CTV.

Institute A B C D E F
Gold Standard
(h Bladder. CTV, CTV, CTV, CTV,
’ ’ ’ bladder, GTV,
Prostate 1 femurs, bladder, bladder, None
rectum, bladder,
rectum rectum rectum .
(I sphincter rectum
Prostate 2
CTVygr,
CTVg,
Bladder, Bladder, " CTVur,
(i) rectum CTVhg, rectum GTv, None bladder
Cervix , ,’ bladder , V bladder, ’
sigmoid sigmoid rectum
rectum,
sigmoid
GTV,
lon,
dugccj)ez:m GTV, colon,
, ’ duodenum, | duodenum, GTV,
(V) kidney, GTV, , i
_ , liver, kidney, None | duodenum,
Liver small bowel, liver
. pancreas, pancreas, stomach
spinal cord, .
stomach spinal cord,
stomach
small bowel
Bladder,
Bladder CTVL, fe?n rir CTVL,
b u b
(V) CTVR, . CTVg,
rectum, rectum pelvis, None
Lymph node , , bladder, bladder,
sigmoid rectum,
rectum rectum
sacrum
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and OARs. Median (interquartile range, IQR) were compared, as a normal distribution
could not be assumed. Contour propagation of all cases was evaluated by the Dice
Similarity Coefficient (DSC) [53], surface DSC (SDSC) with 2mm threshold [173] and
95 % Hausdorff-distance (HD95%) [95], [198] using MATLAB (R2020b). Corresponding
dose-volume-histograms (DVH) were generated to evaluate the accumulated doses. All
relevant CDC derived from these DVHs were calculated and compared for all cases and
institutions using ProKnow. Furthermore, the DVHs and CDCs for the wall structures
were calculated.

The Kruskal-Wallis test was used to determine whether there were significantly dif-
ferent in the dose errors reported by the six institutes for the GS. The institutes were
also compared pairwise via a Mann-Whitney test [145]. A repeated measures ANOVA
was conducted to ascertain variances among the means of distinct algorithms, while
a post-hoc test was employed to discern specific group disparities. These analyses
were undertaken to evaluate significant differences across institutes concerning DSC
and CDC metrics. The tests were conducted at a significance level of 5 %.

Intraclass correlation coefficients (ICC) were computed to test the similarity of the dif-
ferent accumulated DVH curves, indicating the level of correlation and agreement be-
tween the DVHs determined using the various algorithms [119]. A high ICC indicates
a high level of agreement between the DVHs, while a low ICC indicates a low level of
agreement. ICC estimates and their 95 % confidence intervals (Cl) were computed us-
ing SPSS statistical package version 23 (SPSS Inc, Chicago, IL), using a single-rating,
consistency, 2-way mixed-effects model [119].

2.2.4 Results

For the GS, very good agreement was achieved by 5/6 institutes. Institute E reported
higher median (IQR) dose accumulation errors for clinical target volume (CTV) and rec-
tum, 0.2 (0.7) and 2.8 (3.7) Gy, respectively, compared to the other institutes. In contrast,
the highest median errors were found for bladder by institutes C and F with 0.2 (0.8) and
0.2 (0.7) Gy, respectively, whereas institute E presented the highest IQR of 1.1 Gy. Fig.
13 presents the full statistical distribution of the voxel-based dose differences, with fur-
ther details available in Supplementary Table S5. The Kruskal-Wallis test rejected the
null hypothesis for all three contours, indicating statistically significant institution differ-
ences, only institutes C and F demonstrated statistically insignificant differences within
the CTV. Similar observations were obtained within the rectum for institutes A and D.

Comparing DSC results per contour and institute for the GS and clinical cases, all DSC
values were above 0.8 for GS, whereas a DSC > 0.8 was met in 81.3%, 75.7 %, 34.6 %,
64.6 %, and 68.8 % of contours by institutes A, C, D, E, and F for the clinical cases. Fig.
14 illustrates the DSCs for each patient. The ANOVA for repeated measures resulted
in statistically non-significant DSC differences for GTV in case (I), and for sphincter
and GTV in case (Il). Similarly, in case (lll), non-significant differences were found for
CTVugr, CTVig, and GTV, as well as for spinal cord in case (V). Detailed DSC results
for each case are summarized in Supplementary Tables S6 - S11. The ANOVA and
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Figure 13: Statistical distribution of the accumulated dose errors for each participating institute. The
illustrations are made individually for the bladder, prostate, and rectum. For each of the boxplots,
the box limits correspond to the 25th and the 75th percentiles of the set, while the whiskers are the
5th and the 95th percentiles. The red line inside each box indicates the median of the set, with the
red markers beyond each whisker showcasing the outliers.
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pairwise post-hoc test results are given in Supplementary Table 9.2.2.The SDSC val-
ues for the GS case showed slight differences in the algorithm performances, with F
consistently achieving higher SDSC values in most contours. Conversely, in the clinical
cases, more pronounced disparities were noted in the SDSC values among different
algorithms, notably with A, C, and E reaching higher values. For the GS, a maximum
HD95% of 7.2 mm was found for femur,. In contrast, maximum HD95% of 73.3 mm was
observed for duodenum in clinical case (IV), for details see Supplementary Tables S6 -
S11. The most challenging area seemed to be the left lymph node in case (V), where
the target consisted of two independently moving lymph nodes. An in-depth motion
analysis of the two lymph nodes is presented in Supplementary Fig. S4.
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Figure 14: lllustration of the dice similarity coefficient (DSC) results for the cases gold standard (a),
(l) prostate 1 (b), (ll) prostate 2 (c), (ll) cervix (d), (V) liver (e), and (V) lymph node (f). Case-related
deformed contours are listed on the x-axis. The results of the institutes (A, C, D, E, F) are shown in
different colors, institute B did not provide deformed contours. The results of the different fractions
are shown in different marker types. Abbreviations; CTV: clinical target volume, GTV: gross tumor
volume, CTVyg: High risk clinical target volume, CTV)g: Intermediate risk clinical target volume,
CTVg: right lymph node, CTV,: left lymph node.

In Fig. 15, DDA DVHs for every case and contour are displayed. ICC > 0.90 indicated
excellent correlation for all DVHs, except for CTV,. and CTVg in case (V), with ICCs
(95% CI) of 0.84 (0.84 - 0.85) and 0.72 (0.71 - 0.73), respectively. However, significant
differences (ANOVA, p < 0.05) were found for all contour DVHs, except for CTV case (1),
GTV and spinal cord case (IV), and bladder case (V). ICC, ANOVA and pairwise post-
hoc test results are summarized in Supplementary Table 9.2.2. Fig. 16 visualizes the
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different deformed accumulated dose distributions exemplarily for case (1V). Resulting
DHVs of the deformed fraction doses are shown in Supplementary Fig. S5. The DVHs
of the wall structures are shown in Supplementary Fig. S6.
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Figure 15: Results of the accumulated DVH per structure and institutes; for the cases gold standard
(a), (1) prostate 1 (b), (ll) prostate 2 (c), (lll) cervix (d), (IV) liver (e) and (V) lymph node (f). The
institutes (A-F) are presented in different colors, the case-related contours are presented in different
line styles. Contours of fraction one were used for the respective DVH calculation.

The largest range of OAR CDC values in the GS was observed for rectum V32Gy with
4.1% [3.5% - 7.6 %]. In clinical cases () and (II), largest OAR CDC range was found
for bladder V28Gy with 10.2% [5.9% - 16.1 %] and 7.6 % [22.4 % - 30.0 %], respectively.
Similarly, the range of rectum D2cm? in case (lll) was 2.8 [16.5 - 19.3] Gy. For the duo-
denum, case (IV), differences in Dmax of up to 7.1 [16.6 - 23.7] Gy were observed. For
case (V), the largest range of CDC values was found for rectum D0.5cm? with 4.6 [14.1
- 18.7] Gy. CTV CDC showed largest variation for GS V34.3 Gy and case (V) D98%
(CTVg and CTV,) with 9.5% [86.3% - 95.8 %], 8.1 [31.9 - 40.0] Gy, and 6.5 [33.1 - 39.6]
Gy, respectively. Details on CDC results are given in Supplementary Table S6, results
of wall structures are summarized in Supplementary Table S14.

2.2.5 Discussion

In this study, DDA was performed on a GS with known deformations based on sim-
ulations using a biomechanical modelling, in addition to five distinct clinical cases. A
total of six different DDA approaches were investigated, using various contour guiding
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Spinal Cord

Figure 16: Sagittal plane view of institutional deformed dose accumulation (DDA) distribution results
of the liver case (subfigures A-F are presenting the different institutes A-F). The gross tumor volume
(GTV) contour of fraction one is presented in all images.

methods and two different dose resampling techniques, DDM and EMT. In general, a
high degree of agreement was found between the different DIR and DDA assessments.
However, absolute differences of potentially clinically relevant magnitude were found
depending on the clinical cases and algorithms.

The finite element simulation enabled the calculation of GS-DVF of both forward and
backward transformations, which are nearly inverse to each other within the size of a
voxel. GS-DVF enabled consistent mapping of image and dose from the first fraction to
the others and vice versa, allowing accuracy evaluation of the different DDA solutions
compared to the GS-DDA. It is crucial to note that while the simulated deformations
show a high level of anatomical accuracy [27], they do not completely replicate the in-
tricacy of the true deformations in the pelvis. Nevertheless, the DIR solution without
contour guidance (E) resulted for CTV and rectum in notably higher DDA errors and for
bladder in the highest IQR but showed similar contour propagation performance to other
solutions. This might be due to algorithm regularization and poor anatomical contrast
inside the contour boundaries, causing large uncertainty in the estimated deformations
and in turn leading to dose wrapping/accumulation errors. This highlights the need for
DIR and DDA QA metrics that detect errors not just in high-contrast image areas like
organ boundaries but also in near-isointense areas often seen in soft tissue boundaries
[215], [264]. Statistical testing has largely shown significant differences in dose accu-
mulation accuracy among the institutions. On the other hand, it is worth noting that
such differences are often between 1 and 2% of the maximum prescribed dose and
thus their clinical relevance depends on the specific requirements.
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By nature, for the clinical cases no DDA ground truth was available. A DVF and dose
distribution analysis would provide a precise estimation of deformation results [160].
Unfortunately, this analysis was not possible due to export and reading issues and re-
quires additional investigation. Alternatively, the percentages of contours yielding DSC
> 0.8 were reported per algorithm, in addition to SDSC and HD95% were calculated.
Nevertheless, it is worth noting that DSC may have restricted sensitivity to local reg-
istration errors, particularly for volumes of varying sizes. The clinical cases presented
more variations in SDSC values among different algorithms as in the GS. Algorithms
A, C, and E presented higher SDSC values compared to others in the clinical cases,
indicating their relatively better performance in clinical scenarios.

The largest HD95% of 73.3 mm was found for duodenum in case (IV) which was not
clinically concerning as this contour region was far from the high- or near-high-dose
area. Nevertheless, this indicates remaining registration uncertainties underlining the
need for appropriate registration strategies depending on clinical priorities. In contrast,
for the CTVs of case (V), a maximum HD95% of 4.3 mm was reported, showing more
robust results in high-dose regions.

In our study, offline re-delineations were used for DIR and DDA analysis. Instead of
using propagated contours used for DIR guidance, re-delineation of deformed images
and subsequent comparison to reference contours may be an alternative approach for
investigating DIR quality. Unfortunately, such contours were not available for our anal-
ysis. However, it should be noted that the contours from the first fraction were used as
guidance. Consequently, observed DSC reduction may be caused by registration er-
rors or delineation variation. We acknowledge that manual contouring is subject to inter-
and intra-observer variability [23], [28]. However, this may also be observed in clinical
practice and thus requires thorough retrospective analysis. In contrast, re-delineation
in online adaptive RT must be fast and accurate to satisfy the precision standards for
DDA analysis. Automated deep-learning algorithms are currently developed for fast and
robust auto-contouring [16], [73], [252]. These tools may soon be available for online
adaptive RT, enabling contour-guidance for online DIR.

Analysis of DSC, SDSC and HD95% showed that the DIR algorithm relaying on con-
tours only performed poorest overall. This algorithm generally works well in regions
near contours but deteriorates significantly in more distant regions, such that the dis-
tance between the assessed OAR and the guiding contours can lead to significantly
decreased registration results. Furthermore, the accuracy of this algorithm seems to
decrease if more contours are used for guidance, most likely due to overfitting and in-
creasing model complexity. However, the study of Wahlstadt et al. [241] revealed best
performance for contour-only and hybrid algorithms in terms of DSC and HD95%, while
the hybrid and intensity-based algorithms performed best for image similarity metrics in
liver. In our study, consistent DIR results were found for hybrid intensity/structure-based
algorithms, suggesting this might be well suited for clinical DDA. Similar results were
found by Bosma et al. [28], who showed that contour-guidance significantly increased
registration accuracy. However, due to the low number of investigated approaches no
conclusion about the optimal registration strategy can be derived from this studly.
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An alternative comparison of DDA strategies was performed by comparing resulting
DVHs of the different strategies using ICC and ANOVA. Even though ICCs indicated
high correlation of DVHs, absolute differences in CDC were observed. Although the
CDC presents a single DVH point, it may be of clinical relevance and observed differ-
ences require further clinical evaluation as they might impact toxicity and target cover-
age after online adaptive RT DDA. Low ICCs were observed for left and right CTV in
case (V), due to inter-fraction motion of the lymph nodes [23], their very small volumes
[207], and image resolution [263]. As an alternative approach, separate rigid registra-
tion of each lymph node with dose summation might be considered. Nevertheless, to
estimate potential toxicity in the genitourinary system, DDA should be preferred.

The evaluation of the largest differences in the considered OAR CDC showed that
the algorithm without contour-guidance (E) yielded minimum or maximum values, even
though demonstrating better DSC, SDSC and HD95% results compared to the contour-
only algorithm (D). This might be related to registration uncertainties near the high-dose
gradient, i.e. a larger distance between points in high-dose areas results in small dose
differences as opposed to points in gradient areas near the high-dose [160].

Regarding DDM and EMT, no valid statement can be made, as there was not enough
variation in dose mapping approaches in this study. Furthermore, the decision about
EMT or DDM can become rather complex, depending on the deformation character-
istics over the course of the treatment [27], [160]. For the GS simulation, DDM- and
EMT-based accumulated doses did not show any significant differences. Thus, for the
institutional comparison DDM was employed, as it is currently the more commonly used
approach.

The study is subject to limitations; only one of the institutions used EMT for dose
warping and one used DIR without contour guidance. This makes the comparison of
algorithms challenging but also reflects the present clinical situation without clear rec-
ommendations for DDA usage. Furthermore, some of the employed software solutions
lack regulatory approval, thereby restricting their clinical use.

In conclusion, the compared algorithms for DIR and DDA yielded a generally high
level of agreement. Nevertheless, absolute differences of potentially clinically relevant
magnitude were observed depending on the clinical cases and algorithms. Before us-
ing DDA for online adaptive MRgRT in clinical practice, further studies are needed to
provide recommendations and guidelines. In addition, robust methods for uncertainty
quantification should be further investigated to determine areas of variation in the fu-
ture.

2.2.6 Supplementary Material

The supplementary material of the publication is depicted in the supplementary material
of the dissertation at section 9.2.
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2.3.1 Abstract

Background and Purpose Conventional image-guided radiotherapy (conv-IGRT) is
standard in prostate cancer (PC) but does not account for inter-fraction anatomical
changes. Online-adaptive magnetic resonance-guided RT (OA-MRgRT) may improve
organ-at-risk (OARs) sparing and clinical target volume (CTV) coverage. The aim of
this study was to analyze accumulated OAR and target doses in PC after OA-MRgRT
and conv-IGRT in comparison to pre-treatment reference planning (refPlan).

Material and Methods Ten patients with PC, previously treated with OA-MRgRT at
the 1.5T MR-Linac (20 x 3 Gy), were included. Accumulated OA-MRgRT doses were
determined by deformably registering all fraction’s MR-images. Conv-IGRT was sim-
ulated through rigid registration of the planning computed tomography with each frac-
tion’'s MR-image for dose mapping/accumulation. Dose-volume parameters (DVPs),
including CTV D50% and D98%, rectum, bladder, urethra, Dmax and V56Gy for OA-
MRgRT, conv-IGRT and refPlan were compared using the Wilcoxon signed-rank test.
Clinical relevance of accumulated dose differences was analyzed using a normal-tissue
complication-probability model.

Results CTV-DVPs were comparable, whereas OA-MRgRT yielded decreased me-
dian OAR-DVPs compared to conv-IGRT, except for bladder V56Gy. OA-MRgRT demon-
strated significantly lower median rectum Dmax over conv-IGRT (59.1/59.9 Gy, p=0.006)
and refPlan (60.1 Gy, p=0.012). Similarly, OA-MRgRT yielded reduced median bladder
Dmax compared to conv-IGRT (60.0/60.4 Gy, p=0.006), and refPlan (61.2 Gy, p=0.002).
Overall, accumulated dose differences were small and did not translate into clinically
relevant effects.

Conclusion Deformably accumulated OA-MRgRT using 20 x 3 Gy in PC showed sig-
nificant but small dosimetric differences comparted to conv-IGRT. Feasibility of a dose
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accumulation methodology was demonstrated, which may be relevant for evaluating
future hypo-fractionated OA-MRgRT approaches.

2.3.2 Introduction

Conventional image-guided radiation therapy (conv-IGRT) is the standard of care in
precise irradiation of the target volume and sparing of healthy tissue in prostate cancer
(PC) treatment [135].

Currently, radiation therapy (RT) is based on planning computed tomography (pCT)
images and sometimes additional magnetic resonance imaging (MRI) scans. The tar-
get volume and organs at risk (OARs) are identified and contoured on pCT and/or
MRI, and the treatment dose is optimized according to clinical dosimetric criteria. Prior
to irradiation, the patient’s position is validated and corrected, if necessary, based on
cone-beam CT (CBCT) images acquired on the treatment couch. Correction vectors
are determined via rigid registration of the CBCT to the reference anatomy defined by
the pCT. Despite the precision of this targeted radiation technique, PC patients can ex-
perience urogenital side effects such as strictures, obstruction, hematuria, dysuria, and
incontinence [111], [253].

With the introduction of conv-IGRT target coverage was increased, whereas the ac-
tual dose delivered to normal tissues remained highly uncertain because of volume as
well as positional changes of the OARs with respect to the target. This is due to the fact
that conv-IGRT lacks the ability to account for deformations and anatomical changes
between fractions and changes in volume, such as bladder and rectum filling, which are
critical for healthy tissue sparing [45]. Online-adaptive RT (OA-RT) techniques, such as
magnetic resonance-guided radiotherapy (MRgRT), promise better sparing of OARs
while ensuring high tumor dose coverage [4], as MRI scans are acquired daily, allowing
for dose re-optimization and -calculation based on the daily anatomy [247].

Fractionated OA-RT necessitates deformable dose accumulation (DDA) to determine
the total dose deposited in both the tumor and surrounding tissue [182]. DDA involves
several steps: deformable image registration (DIR) to accommodate anatomical varia-
tions, dose mapping to determine the delivered dose to normal tissues and the target
volume, and summation of deformed fractional doses to calculate the total delivered
dose [160]. However, integrating DDA into the clinical workflow for OA-RT faces chal-
lenges, primarily due to uncertainties associated with DIR [168] and its technical im-
plementation [160]. Despite these challenges, studies have demonstrated the potential
of DDA in MRgRT, including predicting toxicity and facilitating treatment adaptation [4],
[25], [42], [260].

The aim of this study was to investigate total deformably accumulated doses in PC after
OA-MRgRT and conv-IGRT, in comparison to doses from the pre-treatment reference
plan (refPlan), using relevant planning dose-volume parameters (DVPs) for clinical tar-
get volume (CTV) and OARs. The clinical significance of the differences was assessed
using a normal tissue complication probability (NTCP) model.
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2.3.3 Material and Methods

Patient characteristics

This prospective study included data from ten PC patients who were treated with OA-
MRgRT (20 x 3Gy) at the 1.5 T MR-Linac (Unity, Elekta AB, Stockholm, Sweden) be-
tween March 2019 and March 2020 at the University Hospital Tibingen. The cohort’s
median (range) age at treatment was 76.4 (58.8 - 83.1) years. All patients were part of a
clinical study approved by the institutional review board (NCT02724670) and gave writ-
ten informed consent. Patient inclusion criteria were histologically confirmed PC with
indication for curative RT, cT1b-cT3a cNO cM0, ECOG PS 0-2, and IPSS<12 (possibly
only achieved after neoadjuvant hormone therapy or tamsulosin administration).

Reference Planning

Before treatment initiation, a refPlan was created for each patient based on the pCT
(voxel size 1.17 x 1.17 x 3.00 mm?3) (Figure 17 a), matched to a T2-weighted (T2w) sim-
ulation MRI for precise MR contouring. The radiation oncologist delineated the CTV
defined by the prostate contour. The planning target volume (PTV60) was created us-
ing a 5mm margin around the CTV (except 3mm dorsally towards the rectum). The
CTV plus up to 20 mm of the seminal vesicle base determent the CTVgy, as well as a
respective planning target volume prescribed with 57.6 Gy (PTV57.6) with a 6 mm margin
around CTVgy (except 5 mm dorsally towards the rectum). Bladder, rectum, and urethra
were delineated as OARs. In addition to dose prescriptions of 60.0/57.6 Gy, maximum
dose constraints for rectum, bladder, and urethra were set to Dmax < 61.0 Gy. Further
OARs constraints were V56Gy < 13.5 % for the rectum and V56Gy < 18.0 % for the blad-
der. Dose planning and calculation was performed on a voxel grid size of 3x 3x 3 mm3,
employing nine IMRT beams with the MONACO treatment planning system (Version
5.51.11, Elekta AB, Stockholm, Sweden).

Conventional-IGRT workflow simulation

Before each daily radiation fraction using MRgRT, a T2w-MRI scan (voxel size 0.83x
0.83x 2.00 mm?3) was acquired. To simulate a conv-IGRT workflow, the pCT was rigidly
registered to the daily T2w-MRI of each fraction (cf. Figure 17 b) using a bounding box
around the CTV taking into account translations only. After rigid image registration, the
refPlan dose was mapped accordingly to each fraction’s T2w-MRI.

Online adaptive MRgRT

OA-MRgRT was applied based on the daily acquired T2w-MRI. For each fraction, the
refPlan was adapted to the patient’s anatomy using the adapt-to-shape (ATS) or, in
some cases, the adapt-to-position (ATP) workflow (cf. Figure 17 ¢ and Table 3). ATP
was only used after visual inspection by a radiation oncologist and no relevant anatom-
ical and position changes after initial image registration.

In the ATS workflow, the pCT and contours were deformably registered to the current
T2w-MRI. Contours were propagated, corrected, or re-delineated, if necessary, by the
radiation oncologist. Each adaptive plan was re-optimized based on the respective
T2w-MRI and the new fraction contours using a synthetic CT with assigned bulk elec-
tron density [48]. For further details regarding the workflows, please refer to [247]. In
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Figure 17: Schematic illustration of (a) the refPlan including pCT, contours and dose distribution, (b)
conv-IGRT simulation with rigid registration of the pCT to each T2w-MRI and the resulting translation
matrix T, and (c) OA-MRgRT with new online adaptive dose planning for each fraction.
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Table 3: Summary of the OA-MRgRT workflows used per patient. Fraction numbers using ATS or
ATP based on the pCT or previous T2w-MRI are given.

Patient | ATS ATP
to the pCT scan to a T2w-MRI
of a previous treatment
PO1 17 3 0
P02 9 11 0
P03 19 1 0
P04 20 0 0
P05 12 7 1
P06 14 6 0
P07 8 12 0
P08 16 3 1
P09 17 3 0
P10 13 0 7
Total 145 46 9

contrast, if the ATP workflow had been used, the daily T2w-MRI was rigidly aligned
with either the pCT or an individually selected T2w-MRI from a prior treatment fraction.
The location of the isocenter was updated accordingly, and the planned dose of the
respective fraction was then recalculated for this position.

Dose mapping and accumulation

For the DDA procedure and analysis, the contours of the CTV created during clini-
cal OA-MRgRT treatment on the daily T2w-MRI were used after cross-checking by an
experienced radiation oncologist, who also delineated the urethra on each T2w-MRI
manually. Bladder and rectum contours were created on the T2w-MRlIs using auto-
matic contouring (ADMIRE auto contouring, V1.0, Elekta AB, Stockholm, Sweden) to
ensure high anatomical accuracy of the DDA analysis.

As a first step of DDA for both, conv-IGRT and OA-MRgRT, the daily T2w-MRIs of
the OA-MRgRT were deformably registered to the first fraction, cf. Figure 18 a, using
the auto-contours of the prostate, bladder, and rectum of the first fraction as registra-
tion guidance. Subsequently, the fraction doses were deformably mapped according to
the deformation vector field (DVF) resulting from DIR (Figure 18 b). ADMIRE research
(Version 3.48, Elekta AB, Stockholm, Sweden) was employed to perform DIR and dose
mapping, using a hybrid intensity/structure-based algorithm [159]. The accumulation
was carried out using an in-house-developed Python script (Python Version 3).

Analysis

The comparison between the refPlan and the two adaptive treatment strategies, namely
the accumulated conv-IGRT simulation and OA-MRgRT doses, was conducted through
a dosimetric analysis. This involved evaluating DVPs derived from the planning objec-
tives used during routine plan approval in our department for the OARs rectum, bladder
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Figure 18: Schematic overview of a) the DIR and b) DDA procedure for conv-IGRT and OA-MRgRT.
The DIR resulted in a DVF used for dose mapping for both accumulation approaches rigid registered
refPlan doses of conv-IGRT and the daily adaptive doses of OA-MRgRT.

and urethra as well as for the prostate CTV (D98% > 57 Gy, D50% > 60 Gy). CTVsy
was excluded from this analysis due to the non-anatomical definition of this volume. All
relevant DVPs, CTV D50% and D98%, rectum, bladder, and urethra Dmax, and rec-
tum and bladder V56Gy, were extracted from corresponding dose-volume histograms
(DVHs), computed with a bin width of 0.01 Gy.

Whether dosimetric differences between the refPlan and the two adaptive treatment
strategies lead to clinically meaningful differences was calculated on the basis of the
NTCP using the Lyman-Kutcher-Burman (LKB) model

1
NTOP:1+€ ~EQD2 _TDhy (6)
m - TD50

with EQD2 equivalent dose in 2 Gy fractions (cf. Supplementary 9.3.1), T'D5, dose at
which 50 % of the population is expected to experience a complication and m slope
parameter describing the steepness of the dose-response curve [37], [124], [125],
[142]. The NTCP was calculated for bladder incontinence G2+ («/8 = 1.5Gy, T D5y =
108.9 Gy, m = 0.24, n = 0.02) [33], and for rectum late toxicity G2+ ( «/5 = 3.0 Gy [147],
T D5y = 80.8 Gy [59], m = 0.15 [37], n = 0.12 [37]).

Statistical analysis of the differences in DVPs and NTCP obtained for the different treat-
ment approaches was carried out using the non-parametric Wilcoxon signed-rank test,
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with o = 0.05 and a Bonferroni correction accounting for the three different treatment
approaches. Additionally, Cohen’s d was calculated for the DVPs (cf. Supplementary
9.3.1).

2.3.4 Results

Variability of bladder and rectum volumes per treatment fraction are presented in Sup-
plementary Fig. S7. The two investigated DDA approaches, OA-MRgRT and conv-
IGRT, resulted in comparable median (range) accumulated doses for CTV D50% with
60.0 (59.6 - 60.6) Gy and 59.9 (59.6 - 60.6) Gy, similar to the refPlan with 60.1 (59.7 - 60.6)
Gy. Additionally, the approaches achieved the CTV D98% planning objective in 100 %
of the patients, OA-MRgRT with a median (range) of 58.6 (57.6 - 59.5) Gy, conv-IGRT
with 58.3 (56.9 - 59.4) Gy and refPlan with 58.6 (57.8 - 59.2) Gy. Comparing OA-MRgRT
to conv-IGRT resulted in statistically significant differences for CTV D98% (p = 0.029),
whereas for CTV D50% was different between conv-IGRT and refPlan (p = 0.012).

In compliance with the planning objectives defined for OARs, the rectum Dmax was at-
tained for 10/10 patients for both the OA-MRgRT and the refPlan with a median (range)
of 59.1 (58.4 - 60.9) Gy and 60.1 (59.6 - 60.8) Gy respectively, while this objective would
have been reached in 90 % of the cases using conv-IGRT with 59.9 (59.2 - 61.6) Gy.
Statistically significant differences were found between OA-MRgRT and conv-IGRT (p
= 0.006) or refPlan (p = 0.012). Conversely, adherence to the rectum planning objec-
tive V56Gy was achieved with OA-MRgRT for all patients with a median (range) of
35% (1.4% - 7.9%), whereas 90 % of all patients achieved the planning constraint for
conv-IGRT with 4.2% (2.3% - 14.9%) and refPlan with 6.0% (2.4% - 15.4%). Com-
paring OA-MRgRT and refPlan, significant statistical differences were observed (p =
0.012). The bladder Dmax planning constraint was fulfilled in 100 % of the cases by
OA-MRgRT, 90 % by conv-IGRT, and 30% by refPlan, with a median (range) of 60.0
(59.5 - 60.9) Gy, 60.4 (59.4 - 61.4) Gy and 61.2 (60.9 - 62.4) Gy, respectively. Additionally,
bladder Dmax demonstrated significant differences comparing OA-MRgRT and conv-
IGRT to refPlan (both p = 0.006) and OA-MRgRT to conv-IGRT (p = 0.018). However,
all approaches achieved 100 % for the V56Gy planning objective of the bladder with a
median (range) 3.6 % (1.6 % - 9.7 %) for OA-MRgRT, 3.5% (1.7 % - 9.0 %) for conv-IGRT,
and 5.6 % (4.0 % - 8.9 %) for refPlan. For the urethra Dmax, attainment levels were 90 %,
80 %, and 50 % for OA-MRgRT with a median (range) of 60.3 (59.7 - 61.2) Gy, conv-IGRT
with 60.6 (60.1 - 61.1) Gy, and the refPlan with 61.0 (60.4 - 62.5) Gy, respectively. For
urethra Dmayx, a significantly lower value was observed for conv-IGRT compared to the
refPlan (p = 0.029). The detailed analysis and distribution of planning constraints and
DVPs for all investigated approaches are presented in Figure 19, including Cohen’s d
results. Additionally, population DVHs for CTV and all OARs are visualized in Figure
20. Figure 21 demonstrates the resulting accumulated dose distributions of the three
different approaches for a representative patient case, illustrating better rectal sparing
in the high-dose area with OA-MRgRT. No significant differences were found between
OA-MRgRT and conv-IGRT using DDA, with regards to NTCP (cf. Supplementary Fig.
S8).
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Figure 19: Boxplots showing the differences in the DVPs for CTV and OARs between refPlan, conv-
IGRT, and OA-MRgRT. The boxes represent interquartile range (IQR), which is the range between
the first quartile (Q1) and the third quartile (Q3). The black line inside the box is the median of
the dataset. The length of the whiskers is set to 1.5 times the IQR. Individual data points beyond
the whiskers are considered potential outliers and plotted as black circles. The color-coded points
are the patient-individual results. The red dotted lines represent the planning objectives: CTV
D50%>60 Gy (a), D98%>57 Gy (b), rectum, bladder, and urethra Dmax<61 Gy (c, e, g), rectum
V56Gy<13.5% (d), and bladder V56Gy<18% (f). Statistical analysis was performed using the non-
parametric Wilcoxon signed-rank test, with o = 0.05 and a Bonferroni correction accounting for the
three different treatment approaches, in addition to Cohen’s d.
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Figure 20: lllustration of the mean DVHs results across all patients for refPlan (red), conv-IGRT
(green) and OA-MRgRT (blue) in the CTV (a), rectum (b), bladder (c), and urethra (d). The trans-
parent area for each approach represents the standard deviation across all patients.
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Figure 21: Sagittal view of the refPlan and the different accumulated dose distribution results, conv-
IGRT and OA-MRQRT, for patient 10. The contours of CTV, rectum, and bladder are shown.
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2.3.5 Discussion

The aim of this study was to compare DDA for two adaptive treatment strategies, conv-
IGRT and OA-MRgRT, with refPlan. While the refPlan represents the intended dose
for targets and OARs, a conv-IGRT approach was simulated illustrating the total ac-
cumulated dose after e.g. CBCT adaptation. In contrast, the total accumulated dose
delivered to patients during OA-MRgRT including daily replanning was calculated. Our
DDA study showed that OA-MRgRT allows increased OAR sparing while maintaining
similar target coverage compared to the refPlan, indicating its potential clinical benefits
compared to conv-IGRT. However, for the treatment schedule of 20 x 3 Gy the overall
effects and thus clinical relevance were small. Nevertheless, the established workflow
will allow investigation of dosimetric differences for future hypo-fractionated treatments.

The process to generate the refPlan consists of two main phases: acquisition of the
pCT including patient positioning, which typically is done a week prior to the start of
the treatment, followed by contouring of targets and OARs in addition to dose planning,
which require approximately one working day for the physicist and the radiation oncolo-
gist. The duration of each treatment fraction varies depending on the chosen approach.
In the conv-IGRT workflow, which includes patient setup, position verification using on
board imaging such as CBCT and irradiation, each treatment session takes approxi-
mately 5 minutes [72]. In contrast, total prostate OA-MRgRT treatment times typically
range from 20 to 45 minutes per session, with the duration influenced by the necessity
for recontouring and the speed of adaptive as well as the replanning process [243].
Throughout this time, it is crucial to reduce intra-fraction motion. Efforts to expedite the
online-adaptive planning process have led to the development of automated contour-
ing [102], [109], [167], planning [123] and dose calculation [165] tools. However, the
management of intra-fraction motion during OA-RT remains challenging. To overcome
this, technologies such as real time motion management were recently proposed to ac-
commodate intra-fraction motion for patients undergoing OA-MRgRT [62], [77]. These
advancements might contribute to a reduction of the overall OA-MRgRT treatment time
in the future.

In this study, the decision to analyze CTV planning constraints instead of PTV after
DDA was based on the clinical rationale to ensure CTV dose coverage by defining
an artificially constructed PTV contour [155]. Consequently, analyzing planning objec-
tives, particularly CTV D50% and D98%, offers valuable insights into the dosimetric
performance of treatment planning and delivery after DDA. Our findings demonstrated
that both approaches, OA-MRgRT and conv-IGRT achieved similar median CTV doses
compared to the refPlan, indicating consistent target coverage across the different ap-
proaches. This consistency suggests that, irrespective of the specific treatment ap-
proach employed in our study, maintaining a comparable level of target coverage was
prioritized to ensure similar tumor control.

In the assessment of OAR-DVPs, differences were found between refPlan, conv-IGRT,

and OA-MRgRT, particularly in rectum, bladder, and urethra. Although the OAR plan-
ning constraints were not fully achieved for the refPlan across patients, OA-MRgRT
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effectively met these constraints in all but one OAR-DVPs (Dmax urethra). The com-
parison between OA-MRgRT and conv-IGRT showed a decrease in median high dose
constraints using OA-MRgRT. This indicates that OA-MRgRT may be more effective at
sparing OARs due to its ability to adapt the treatment plan for each fraction based on
daily high resolution anatomical imaging feedback, in contrast to conv-IGRT, where the
plan is based on a single pre-treatment image. We hypothesize that DDA consider-
ing multiple fractions results in smoothing high dose tails of DVHs and thus leads to
reduced maximum OAR-DVPs. Our results are consistent with the findings of recent
studies [46], [103]. However, the study by Xiong et al. [260] found that OA-MRgRT addi-
tionally enhances target coverage. These varying results highlight differing priorities in
adaptive planning, specifically, the optimization of planning for target volume coverage
versus minimizing OAR Dmax.

In our study, twenty fraction doses were accumulated. With a smaller number of frac-
tions, e.g. five, the contribution of each fraction dose map will increase. Consequently,
averaging of maximum DVPs will be less pronounced [241]. As a result, any discrep-
ancies between the planned dose and the delivered dose in individual fractions may be
more apparent in the accumulated dose distribution. Conversely, with a larger number
of fractions, there are more opportunities for the accumulated dose to integrate and av-
erage out variations between fractions. This may result in a more uniform accumulated
dose distribution, as the cumulative effect of multiple fractions tends to mitigate individ-
ual discrepancies. However, the number of fractions is not the only factor influencing the
accuracy of DDA [160]. Other factors, such as the magnitude and nature of anatomical
changes [220], the accuracy of DIR [168], and the robustness of the treatment planning
process [87], [267], also play critical roles. On the other hand, the PACE-B trial showed
that smaller fraction numbers are not inferior to the fractionation used in this study in
terms of biochemical and clinical outcome [9]. Additionally, it reduces patient atten-
dances and shortens treatment time. For DDA, this implies a requirement for robust
and precise implementation and performance.

In this study, a hybrid intensity/structure-based algorithm was employed for DIR. The
literature proposes two methods for dose resampling: direct dose mapping (DDM) and
energy/mass transfer (EMT) [160]. We utilized the DDM method, as a recent study from
our group [159] demonstrated that both methods yield comparable results. Additionally,
their study indicated that the algorithm used for this study provides robust quality as-
surance outcomes.

The NTCP model revealed no significant differences between the two RT approaches,
OA-MRgRT and conv-IGRT, and thus no clinical impact despite significant differences
in the DVP evaluation. However, in this study, patients were treated with medium to
long course RT applying twenty fractions of 3 Gy. We hypothesize that the difference
will be higher when applying fewer RT fractions. However, further studies are needed
to investigate this. Nevertheless, our study demonstrated feasibility and transferability
of the established DDA-method and -workflow to various RT scenarios.

There are limitations to the study. In the OA-MRgRT workflow, anatomical changes
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were compensated by the online-adaptive workflow, in contrast larger anatomical devi-
ations such as bladder and/or rectum filling which were accepted for certain treatment
fractions may not have been accepted during clinical conv-IGRT using a CBCT work-
flow. Ultimately this may imply limitations regarding our conv-IGRT simulations. Addi-
tionally, the simulated conv-IGRT workflow did not account for any rotation during rigid
registration. However, in practice, this could be compensated with a hexapod table.
Moreover, the calculation of accumulated doses currently lacks error and confidence
interval estimation. A further limitation is the small cohort size, which may have influ-
enced the statistical analysis.

In conclusion, the retrospective comparison of OA-MRgRT and conv-IGRT in PC pa-
tients demonstrated feasibility and transferability of the established DDA-method and
-workflow. Significant dosimetric differences were found, but due to the small effect
size when applying long course treatments, these did not translate into clinical rele-
vance with respect to NTCP. However, clinical effects might be more pronounced for
hypo-fractionated RT using only few fractions.

2.3.6 Supplementary Material

The supplementary material of the publication is depicted in the supplementary material
of the dissertation at section 9.3.
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In this present work, deformable dose accumulation in adaptive radiation therapy was
investigated to develop a robust deformable dose accumulation methodology and work-
flow for online adaptive MR-guided radiation therapy (OA-MRgRT).

In a first step, a current landscape was effectively developed by identifying and clas-
sifying the current applications of dose mapping/accumulation (DMA). Consequently,
the obstacles to DMA that hinder clinical implementation and adoption were identified
and analyzed. This led to the development of guidelines and requirements for providers
and users.

The second goal was to develop a robust deformable dose accumulation (DDA) so-
lutions. In a multi-center study, we compared and evaluated the solution with various
other solutions currently used in research and clinical practice. For RT, there are var-
ious deformable image registration (DIR) and DDA-solutions available. The solutions
use different settings, resampling methods, and registration guidance. Moreover, these
solutions find application in diverse anatomical regions. The multi-center study inves-
tigated potential differences between the DIR and DDA solutions used. Six institutes
from the MR-LINAC consortium participated in this study. The study included five clin-
ical cases from the participating institutions: two prostate cases, one cervix, liver, and
lymph node case that were treated with online adaptive MR-guided radiation therapy,
and one gold standard (GS) case based on a biomechanical model since there is no
known ground truth for DDA quality assurance (QA). We analyzed DIR using estab-
lished QA-metrics and DDA using the dose-volume histogram (DVH) and dose-volume
parameters (DVP).

The third objective included the elaboration of a DDA-workflow. Following the suc-
cessful development and positive test results of the robust DDA solutions, the work
concludes with applying the developed DDA solution in a retrospective study, compar-
ing non-adaptive and adaptive RT of prostate cancer patients who received OA-MRgRT.
Adaptive RT aims to spare normal tissue more effectively than non-adaptive. We dosi-
metrically compared the accumulated doses of the target volume and normal tissues
after classical image-guided and OA-MRgRT to the initial treatment plan doses. A nor-
mal tissue complication probability model was used to determine clinical impact.
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3.1 Current state and challenges of dose mapping and
accumulation in radiation therapy

The first objective of this thesis was to analyze the current status and the challenges of
dose mapping/accumulation (DMA) in radiation therapy (RT) [160]. By identifying the
challenges that hinder its integration into clinical practice, the aim was to provide clarity
to drive its integration forward.

To analyze the current status, the most recent DMA applications in RT were presented
in a landscape called DMAL. It combines the expected anatomical variations and the
impact of dose mapping uncertainties on patient safety of the use cases. The DMAL
presents use cases that provide an assessment on which the user can make deci-
sions. In this context, the DMAL can also serve as a tool for categorizing new use
cases or revising the ones already presented. The anatomical variations on the y-axis,
such as inter- and intra-fractional, are well known and have been the subject of previ-
ous and ongoing research [30], [91], [196]. We identified three main categories for the
impact of uncertainties in dose mapping: "quality" which refers to retrospective group
analysis; "inform" which provides information for secondary treatment; and "include"
which implies direct consideration in secondary treatment. For use cases categorized
as "incorporate" the DMAL requires full quantification of uncertainties in dose mapping,
including correctness and consistency. Nevertheless, tools to quantify these uncertain-
ties are not yet widely available in commercial solutions, and there is a lack of metrics
to quantify the impact of uncertainties on patient safety. As a result, we recommend
extreme caution and highly targeted use in clinical practice.

In order to shed light on the impact of uncertainties on patient safety in detail, the
first-order effects, i.e. the DIR uncertainties, were first identified, which are difficult to
quantify because no "ground truth" is known for verification. To begin with, DIR uncer-
tainties have various sources, which can be categorized into image-derived, including
anatomical changes, image quality and multimodal registration, and algorithm-derived,
which includes parameter settings [168]. Furthermore, because of their nature, pro-
posed metrics have limited meaning [168]. The selection of suitable metrics, among
other things, depends on the subsequent DIR application. For DIR quality assurance
for contour propagation, visual inspection of the registered image and contour is at
least recommended [29], [160]. As part of the DIR QA for deformation of quantitative
information such as dose, in addition to the visual inspection of the registered image, it
is recommended to assess a plausibility check of the Jacobi determinant, the bending
energy, and the dose (gradient) [29], [160], [168]. However, this necessitates the tools’
availability and applicability in commercial software solutions, as well as an assessment
of the interpretation of the results. In the near future, providers should develop and im-
plement tools to rationalize this quantification, ideally incorporating these uncertainties.

In addition to the quantification of DIR uncertainties as first-order effects, second-order

effects associated with dose mapping and accumulation were also identified as a chal-
lenge, which includes application methods of dose mapping. Two resampling and inter-
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polation methods are currently under discussion, DDM and EMT. We argue that correct
application of both methods yields the same result. However, the study by Bosma et
al. [27] found differences between the two methods and concluded that EMT performs
better in terms of decreasing dose errors for prostate treatment. DDM is hypothesized
to have limitations in deforming surfaces with significant fluctuations in tissue density,
as well as in tissue areas with internal density variations, resulting in a Jacobian deter-
minant that deviates from one, indicating compression or expansion. The intention of
EMT is to compensate for the changes in density caused by realignment. The results
of this thesis’s second objective [159], in contrast, support the assertion that there were
no significant differences between the methods. However, an important point is that not
only the method of resampling and interpolation is subject to uncertainties, but that it is
a sum of uncertainties (first- and second-order effects).

We further named and investigated radiobiological issues as a challenge posed by
second-order effects. The biological response to radiation may change over time and
is influenced by factors such as the fractionation regimen, the total treatment duration
and the individual patient recovery process. There is a complex interplay of various
biological factors, such as the microenvironment, genetic predisposition and cellular
repair mechanisms. NTCP models are based on certain mathematical assumptions
and parameters described by the LQM, which describes fractionated therapy using a
power-to-n rule. These assumptions may not always be correct, leading to possible
inaccuracies in predicting events. In dose accumulation, the power-to-n rule is only
applicable if the dose of each fraction is identical. Another reason may be an oversim-
plification of the actual biological effect of the dose in the different tissues [134]. Due to
the nonlinear nature of the cell survival curve, linear accumulation of dose is not useful
for predicting the biological effect of dose variations in the fractions [237]. Nieburg et al.
introduced the biological dose tool, bEQDy, which takes into account the dose of each
fraction and the radiobiology of the tissue, /5 values [171]. Uncertainties in the NTCP
model, as well as uncertainties in the actual applied dose distribution, have a significant
impact on accuracy achievements and challenges [60].

We formulated and developed specific recommendations and guidelines for providers
and users in light of the findings. The primary objectives are to prioritize context-driven
DIR and highlight its impact on clinical decisions and assessments, rather than striv-
ing for unachievable perfection in DIR accuracy. It is important to acknowledge the
limitations inherent in the implemented DIR algorithms. Furthermore, the analysis sug-
gests that dose mapping, even without precise quantification of uncertainties, could be
a better alternative than omitting dose mapping. These considerations underline the
importance of open discussion within a multidisciplinary team to thoroughly assess and
resolve the uncertainties associated with each specific use case. Such collaborative
assessments are critical to optimize clinical outcomes and ensure the reliability of DIR
applications in practice.
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3.2 Development and evaluation of a robust DDA solu-
tion by comparing different solutions

The second objective of this thesis was to develop a robust in-house solution for DDA
and investigate different available DDA algorithms [159]. We specifically investigated
the DDA solutions by comparing the differences between various available DDA algo-
rithms in different anatomical areas.

The study observed differences in the results when comparing the DSC results be-
tween a gold standard (GS) case with known ground truth and all clinical cases across
all contours. For the GS, all institute’s results presented with DSC > 0.8, while for the
clinical cases, one institute obtained a maximum of 81.3 %, and one institute yielded a
minimum DSC of 34.6 % of all contours in question with DSC > 0.8. The clinical cases’
DSC analysis revealed that using too many contours for registration guidance resulted
in lower DSC values. Carefully selecting the regions of interest can yield a robust and
context-driven registration result. However, the community highly debates the use of
DSC as a primary evaluation metric, arguing that it is not a suitable metric for evalu-
ating DIR or contour propagation, particularly in the case of small volumes. Bosma et
al. [27] recently presented classifications of metrics for the DIR analysis. Therefore,
the study also analyzed the SDSC and HD95% metrics. However, the study noted that
there is still room for improvement in both the selection of metrics for analyzing the DIR
and DDA results, as well as the interpretation of these results. DIR and DDA algorithms
are very complex, and an objective comparison of the results in a clinical context is
challenging. Nenoff et al. [168] discussed in detail the impact of DIR uncertainty on
RT use cases and how to deal with these uncertainties for patient-related applications.
The first objective of this dissertation [160] emphasized the need for analysis and com-
parison of the DVF. Unfortunately, in this study, it was impossible to export the DVF
for some solutions, and some DVFs could not be imported for analysis due to the file
format. This demonstrates the need for continued implementation of the software so-
lutions’ requirements. Additionally, the analysis still requires the DICOM tags for the
DVF to be sufficiently defined; other parts of the DIR have already sufficiently defined
DICOM tags [47].

The ICC analysis of the DVH results showed a good correlation across the solutions.
However, the OAR DVP analysis resulted in ranges of 10.2/7.6 % for bladder V28Gy
(prostate I/1), 2.8 Gy for rectum D2cm?3 (cervix), 7.1 Gy for duodenum Dmax (liver) and
up to 4.6 Gy for rectum D0.5cm? (lymph nodes). Several studies [160], [168], [241]rec-
ommend using different algorithms to estimate the accuracy of the dose accumulation
application. Nevertheless, what conclusions can we draw from such differences as
those mentioned above? The ground truth is unknown, and it is not known which of the
algorithm results comes closest to the unknown truth. The algorithm results can yield
a measure of the uncertainty in dose mapping. Focus should be on areas that directly
and critically affect patients. Again, for the subsequent clinical evaluation, a multidis-
ciplinary team is required, and more research on dose differences and their effects is
required.
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3.3 Application of the robust DDA solution in a clinical
ART scenario

In relation to the third objective of this thesis [161], we developed a deformable dose ac-
cumulation workflow that allows retrospective comparison of treatment strategies. We
demonstrated the workflow’s feasibility and transferability by comparing conventional
image-guided RT (conv-IGRT) and online adaptive MR-guided radiation therapy (OA-
MRgRT) with the initial treatment plan (refPlan).

The analysis of the DVPs for the target and the OAR revealed that the two investi-
gated DDA approaches, OA-MRgRT and conv-IGRT, resulted in comparable accumu-
lated doses for the target volume, like the refPlan. Compared with refPlan, OA-MRgRT
and conv-IGRT reduced median OAR DVPs; with the exception of bladder V56Gy, OA-
MRQgRT also resulted in lower median OAR DVPs than conv-IGRT. The comparison of
different RT methods, such as MRgRT and IGRT, reveals a dosimetric sparing of the
organs at risk with MRgRT, which confirms earlier study results [46], [103]. However,
the selection of adaptive planning priorities is crucial. Specifically, it is about optimizing
planning in terms of target volume coverage and minimizing the maximum dose to the
OAR. The study by Xiong et al. [260], which demonstrated that OA-MRgRT also en-
hanced target coverage, reflects this. However, these studies all confirm the potential
of OA-MRgRT.

Although there were significant differences in DVP assessment, the NTCP model showed
no significant differences between the two RT approaches, OA-MRgRT and conv-IGRT,
supporting the hypothesis of negligible clinical impact. The overall complications ana-
lyzed in the NTCP model were minimal. The NTCP model used the DVH as input to
predict the probability of toxicity based on dose thresholds and tissue-specific param-
eters [37], [124], [125], [142]. These analytical models are mathematically efficient but
may simplify the complexity of radiation-induced side effects [21], [237]. This includes
the fact that the DVH does not capture the spatial dose distribution. Furthermore, dif-
ferent patients may respond differently due to patient-specific factors, such as genetics,
even if they receive the same DVH curve. In addition, the method used did not take
into account patient-reported toxicity outcomes, which may be important for a more
comprehensive assessment of side effects. In this study, we treated the patients with
twenty fractions of 3Gy each. We assume that the differences will be greater when
applying fewer RT fractions. In any case, further investigations are required to clarify
these questions.

Two techniques for mapping and accumulating doses in the context of ART are currently
under discussion, the "star" and the "cascade" techniques. The "star" technique maps
all fractions to one reference fraction, such as the first fraction, while the "cascade"
technique maps the previous fraction to the current fraction. The impact of registra-
tion uncertainty varies depending on the technique employed. The cascade approach
propagates errors in previous registrations throughout the entire process. On the other
hand, with the star technique, it is more difficult to register images taken towards the
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end of the treatment, as these may show greater anatomical variations compared to
the reference image. Furthermore, the sequence in which the doses are mapped can
alter the accumulated dose outcome unless the procedure is both inverse-consistent
and transitive [20]. A preliminary study [162] analyzed the differences between the two
DDA mapping techniques, "start" and "cascade" techniques. While individual patients
showed large variations, particularly in the maximum OAR dose levels, the mean dif-

ferences between these approaches were only minor. This thesis utilized DDA’s "star"
techniques.

OA-MRgRT is one option of IGRT. A recently introduced integrated CT-LINAC for online
CBCT-guided ART uses artificial intelligence and machine learning to create and adjust
the treatment plan for highly targeted external beam RT [7], [131]. An iterative CBCT
reconstruction process reduces noise and improves the image quality of the CBCT im-
ages, resulting in improved soft tissue presentation and dose calculation [131]. The
developed DDA solution and workflow are feasible and transferable to this treatment
system. However, it’s important to note that, given the differences in contrast between
CT and MR images, the DIR algorithm must also ensure a suitable DIR quality for CT
image registration.

In this study, we performed the DDA retrospectively after the patient’s irradiation was
complete, using the "star" DDA approach. There was no time pressure in offline DDA,
allowing for the testing and adjustment of various DIR parameter settings as needed
to achieve a satisfactory registration. To perform the DIR and dose mapping steps, we
had to export and load the data sets, which included images, structure sets, plans, and
dose distributions, into our research system. Subsequently, we exported and analyzed
the datasets. It was always possible to check the results of the individual steps for plau-
sibility and quality using external tools. In this process, time did not play a decisive role.
It is also conceivable to implement an online DDA workflow with the following scenario:
From the second day of treatment, the previous fractional doses are accumulated of-
fline; on the day of irradiation, the plan and dose are adapted to the day’s anatomy, and
then the accumulated dose is calculated with the current dose of the day and revised
if necessary if criteria are not met. |f DDA is to be integrated into the online workflow,
several requirements must be met, as a short fraction of treatment time is crucial for
the patient. Firstly, the software must integrate the DDA solution to prevent import-
export. Moreover, the system must incorporate QA tools [160] to promptly determine
and evaluate the registration outcome in a reasonable time. The system must also be
straightforward to use.
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3.4 Further Application of DDA

The second and third objective of this thesis were to investigate and develop a solution
and workflow for deformable dose accumulation (DDA) in adaptive radiation therapy
(RT). However, the DMAL from the first project shows additional use cases for dose
mapping and accumulation. These other use cases face different challenges.

Treatment planning for 4D dose accumulation in lung cancer should explicitly account
for intra-fraction motion, such as respiratory movement. However, the time required
for 4D dose accumulation presents a challenge, as it necessitates recalculating the
planned dose in several respiratory phases of a 4D CT, up to approximately 10 [236].
This approach benefits from accounting for the differences in tissue density between the
first reference phase and the subsequent 4D CT phases. Studies have demonstrated
that phase-based 4D dose planning is more accurate than three-dimensional (3D) dose
planning based on average-intensity images due to the inclusion of respiratory move-
ment [1], [67], [75], [78], [153], [236]. Recently, He et al. [85] demonstrated that 4DCT-
based longitudinal dose accumulation in lung cancer patients provides a more accurate
estimate of the delivered dose and this approach may be especially advantageous for
patients who have a significant longitudinal response. However, it was found that most
studies did not investigate DIR-based dosimetric uncertainties, and those that did re-
port used different metrics across the studies to quantify these uncertainties [168].

When re-irradiating a patient due to recurrence, challenges arise with respect to anatom-
ical changes over time, including surgical removal of an organ, e.g., prostatectomy. For
instance, when radiating the affected lymph nodes in the pelvis, the dose from the pre-
vious RT for the prostate carcinoma must be considered. Calculating the total dose
for the risk organs already exposed to radiation from the previous irradiation and the
planned irradiation is the goal of dose accumulation during re-irradiation, along with en-
suring compliance with the re-irradiation’s dose limits. Studies found that re-irradiation
requires individual assessment, including fractionation correction, and registration can
provide relevant information on significant anatomical changes, offering the potential
for a better understanding of accumulated OAR tolerances in the future [175], [184].
The recently published ESTRO-EORTC consensus statement on re-irradiation [6], [246]
also confirms this. In 2022, an ESTRO physics workshop on "Reirradiation: Improving
dose summation for plan optimization, assessment, and outcome analysis" took place.
The workshop resulted in a comprehensive evaluation of the variability in estimating
accumulated doses in scenarios involving re-irradiation. The findings revealed substan-
tial variations in reporting accumulated doses, indicating a level of uncertainty. These
variations have important implications for outcome analysis and the interpretation of
published doses. Using a uniform technique that includes spatially mapped doses has
the potential to improve accuracy in estimating accumulated dose in re-irradiation sce-
narios [84].

The goal of DMA in response assessment and outcome modeling is to link the dose

received by an organ to a clinical outcome. Currently, two approaches are used: inter-
patient and intra-patient modeling. For intra-patient, voxel-based analysis is one of the
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few approaches. This is a challenge because the individual patient’s anatomy, such as
height and weight, varies much more than the variability between patients. An NTCP
model is then created from the accumulated dose data and the reported side effects
[151], [182]. Beasley et al. [19] presented an alternative technique for correlating dose-
response relationships, image-based data mining.

Another area involves the combination or summation of various radiation treatments,
such as external beam RT and brachytherapy (BT), commonly used in gynecologic
cancer treatment. In this context, DIR faces large and complex deformations, includ-
ing tumor shrinkage, bladder and rectum filling, BT application, and packing material.
According to Swamidas et al. [226], DIR algorithms lack the necessary robustness to
effectively manage the deformation complexity. Additionally, they noticed a broad range
of uncertainty when utilizing DDA. A recently published study [271] concluded that uti-
lizing DIR dose accumulation might serve as an alternative approach to demonstrate
and assess the delivered doses received by the OARs in the context of combination
treatment. Nevertheless, it is important to use DIR with caution in order to overcome or
at least respect its limits [271].

3.5 Weaknesses and risks

This thesis identified weaknesses and risks of the DDA. While there are several com-
mercial and open source DDA software solutions available, none, to the best of our
knowledge, enable easy use and complete DDA implementation, let alone provide QA
solutions. Furthermore, DIR and DDA solutions struggle with accuracy and uncertainty,
failing to accurately capture complex deformations. These, in turn, have a direct effect
on the accumulated dose, which can lead to an incorrect assessment of the delivered
dose. Uncertainties in the accuracy of accumulated dose distributions may affect clini-
cal decision-making regarding treatment adjustment (cf. DMAL 2.1.4 category "include"
on impact of uncertainties in dose mapping). This, in turn, can have a negative impact
on treatment and patient outcomes, such as underdosing the target volume or overdos-
ing the OAR. Furthermore, the QA suffers from a lack of ground truth [160]. Although
tools and metrics are available [29], the effective use of DIR requires expertise in the
selection of suitable algorithms, the setting of parameters, and the interpretation of re-
sults. This also applies to evaluating subsequent dose accumulation results.

3.6 Outlook

Currently, DDA predominantly uses classic DIR algorithms that are based on mathe-
matical models. These are based on techniques such as optimization, features and
physical models. Optimizing these algorithms requires knowledge of how to construct
features and adjust parameters. However, caution is required in this process. The
complexity of the chosen mathematical models limits the algorithms. We can usually
interpret the internal workings of classical algorithms as they are based on explicit math-
ematical formulations and principles.
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Similar to other areas of RT such as automatic planning [3], [43], [44], [61], [107], [110],
[214], [225] and contour generation [12], [100], [102], [167], [197], [206], deep learning
(DL) models have also found their way into DIR. These models learn representations
and patterns directly from the data. They use artificial neural networks with multiple
layers to automatically extract features and learn complex mappings from inputs to out-
puts. In DIR, DL approaches use e.g. bayesian frameworks [52], [113], [114] implicit
neural representations [251] or convolutional neural networks (CNNs) [13], [38], [64],
[90], [101], [115], [122], [137], [140], [251], [257] such as VoxelMorph [13], [14] and
U-NET [137] to directly learn from DVFs, resulting in a DL algorithm that directly deter-
mines the DVF. A second approach is to learn similarity metrics trained on image pairs
[218], [254], [270]. In DL training, there is typically a distinction between supervised
learning with available ground truth and unsupervised learning without additional data.
DL models are flexible and can adapt to different data types and tasks. They can learn
complex mappings and representations from large amounts of data without explicit fea-
ture engineering. However, they require data for training and can be computationally
intensive for training and inference. DL models are often considered black boxes due to
their complex architectures and the distributed nature of the learning representations.
Therefore, understanding why a DL model makes a particular decision or prediction can
be challenging.

For the second objective of this thesis [159], we used a gold standard case based
on a biomechanical model to provide a ground truth [143]. For this purpose, we sim-
ulated the moving images by applying representative bladder and rectal fillings [27],
resulting in known DVFs. This approach can serve as an alternative to the classic
DIR algorithms by reversing the method. Biomechanical modeling aims to model the
physical processes and characteristics that determine tissue deformation to achieve
a more precise alignment that closely matches the actual reality. It offers a physics-
based method for aligning images by simulating the mechanical behavior of tissues.
The biomechanical model uses the segmented data, mesh, material properties, and
boundary conditions for the simulation. It also uses a numerical method like the finite
element method (FEM) [14], [143] to solve the biomechanical equations for tissue de-
formation. An alternative approach is to use kinematic body models in conjunction with
a mass-spring model [170] or a chainmail algorithm [17], [229], [240] to deform the soft
tissue. The results of the biomechanical simulation derive a DVF that describes how
each point in the moving image should be transformed to match the fixed image. Using
physical principles for registration leads to more realistic and anatomically faithful align-
ments. However, this approach is more computationally intensive and requires detailed
anatomical and material data.
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3 Discussion

3.7 Conclusion

Dose accumulation is and will be a challenge in RT. Aiming for context-driven DIR rather
than an idealized, perfect one is important. This approach might necessitate favoring lo-
cal registration accuracy over global accuracy or using multiple registrations tailored to
specific organs or applications. Before using the DIR algorithm, it is important to know
what its limitations are. This is necessary to fully grasp how DIR and its related DMA
uncertainties affect clinical decisions and assessments [160]. For certain applications,
it is crucial to consider that DMA, provided the uncertainties are properly quantified,
may be a more advantageous alternative than not using DMA at all.

The analysis of various DIR and DDA implementations revealed a significant level of
agreement among them [159]. Nevertheless, there were noticeable variations in the
absolute differences, which might have substantial therapeutic implications, depending
on the specific clinical scenarios and algorithms employed.

The retrospective comparison of OA-MRgRT and conv-IGRT in PC patients demon-
strated the feasibility and transferability of the established DDA-method and -workflow
[161]. The study revealed significant dosimetric differences. Nevertheless, the small
effect size in applying long-term treatments did not result in clinical relevance for NTCP.
However, therapeutic effects may be more pronounced in hypo-fractionated RT.

Despite the challenges of DMA, algorithms from various institutions demonstrated high
consistency, although with case- and algorithm-dependent variations that could po-
tentially have significant clinical impact. In comparison to conv-IGRT, the deformably
accumulated OA-MRgRT dose revealed significant but small dosimetric differences.
We demonstrated the feasibility and transferability of a dose accumulation methodol-
ogy, which could be relevant for evaluating future hypo-fractionated OA-MRgRT ap-
proaches.
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4 Summary

Cancer is a common disease worldwide and the second cause of death in Europe.
In addition to chemotherapy and surgery, radiation therapy (RT) is used to kill cancer
cells by delivering a high dose of radiation. Today, innovative adaptive RT techniques,
such as image-guided RT (IGRT), enable precise treatment. However, IGRT, such as
cone beam computed tomography, often does not account for deformations between
fractions and volume variations, leading to uncertainties in dose delivery. In recent
years, developments in RT, including the combined magnetic resonance linear accel-
erator (MR-LINAC) system, have revolutionized adaptive RT. Online adaptive magnetic
resonance-guided RT (OA-MRgRT) allows daily adaptation of the treatment plan based
on the anatomy of the respective day. Despite these technological innovations, such as
daily anatomical imaging and plan adaptation, the accurate calculation of the total dose
delivered to the patient during treatment remains a challenge due to the deformations
between each fraction; this underlines the urgent need for robust deformable dose ac-
cumulation (DDA) solutions to accurately calculate the total dose delivered to the target
volume and surrounding tissue.

The first objective of this thesis was to investigate the applicability and use of dose
mapping and accumulation (DMA) in RT. This first phase involved the identification and
classification of current DMA applications in RT to develop a comprehensive landscape,
including the description of strengths and limitations. We then identified and analyzed
the significant barriers to clinical implementation and broad use for dose accumulation.
This phase included a thorough review of existing literature, case studies, and imple-
mentations to identify the current use of DMA. We closely examined the identified barri-
ers, which included technical, methodological, and biological issues, to understand their
causes and their impact on the applicability of DMA. This detailed analysis led to the
development of comprehensive guidelines and requirements tailored to researchers,
healthcare providers and manufacturers. These guidelines address the identified barri-
ers by providing practical solutions and best practices to overcome them.

Deformable dose accumulation includes deformable image registration, correspond-
ing dose mapping, and dose summation. Different mathematical models are available
for the first two applications. The second study of this dissertation involved the devel-
opment and investigation of a robust DDA solution, along with a comparison the DDA
implementations from other research groups. This was achieved by conducting a multi-
center study evaluating several solutions in different anatomical areas. The study evalu-
ated a gold standard case that served as known ground truth and analyzed five clinical
cases treated with online adaptive MRgRT. The study showed significant agreement
between the different implementations, but also revealed differences that depend on
specific cases and algorithms and may have significant consequences in the therapeu-
tic context. The study also showed that our proposed DDA solution worked consistently
and reliably, producing results equivalent to those of the other algorithms.

Adaptive RT, such as IGRT and OA-MRgRT, aims to account for inter-fraction anatomic
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4 Summary

variations that differ from situation during treatment planning. Fractionated irradiation
requires the use of DDA to compare different adaptive approaches in terms of the total
dose delivered to the tumor and surrounding tissue. In the third objective of this thesis,
we used the deformed dose accumulation solution from the second objective of this the-
sis to investigate the accumulated doses in a clinical study treating patient with prostate
cancer with adaptive, moderately hypo-fractionated RT. The total deformably accumu-
lated doses of two adaptive treatment strategies - conventional IGRT (conv-IGRT) and
OA-MRgRT - and the treatment plan generated during simulation were compared dosi-
metrically to investigate the hypothesis that OA-MRgRT allows more effective sparing
of organs-at-risk compared to reference planning and conv-IGRT. All techniques, in-
cluding reference planning, conv-IGRT, and OA-MRgRT, showed similar mean doses
in the target volume. Although all accumulated approaches resulted in lower maximum
organ-at-risk doses compared to the treatment plan, OA-MRgRT in particular showed
encouraging results compared to conv-IGRT. However, the dosimetric differences did
not translate into clinical relevance according to normal tissue complication probability
models. Overall, the study demonstrated feasibility and transferability of the established
DDA method and workflow.

This thesis provided a comprehensive methodological basis for the development of
a dedicated DDA approach and applied it for the first time to a clinical study dataset
using DDA in fractionated prostate cancer RT. Clinical evaluation and further research
focusing on dose differences and their effects are currently being developed to initiate
the next phase of OA-MRgRT, which may include online or real-time dose accumulation
in order to further personalize cancer treatment with RT.

Location, Date, Signature Prof. Dr. rer. nat. Daniela Thorwarth
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5 Zusammenfassung

Krebs ist eine weltweit verbreitete Krankheit und die zweithdufigste Todesursache in
Europa. Neben der Chemotherapie und der Chirurgie wird die Strahlentherapie (RT)
eingesetzt, um Krebszellen durch Abgabe einer hohen Strahlendosis abzutéten. Heute
ermdglichen innovative adaptive RT-Techniken wie die bildgesteuerte RT (IGRT) eine
prazise Behandlung. Allerdings werden bei der IGRT, z. B. bei der Kegelstrahl-Computer-
tomographie, Verformungen zwischen den Fraktionen und Volumenschwankungen oft
nicht bertcksichtigt, was zu Unsicherheiten bei der Dosisabgabe fuhrt. In den letzten
Jahren haben Entwicklungen in der RT, einschlie3lich des kombinierten Magnetresonanz-
Linearbeschleuniger Systems (MR-LINAC), die adaptive RT revolutioniert. Die on-
line adaptiven Magnetresonanztomographie-gefihrte RT (OA-MRgRT) ermdglicht eine
tagliche Anpassung des Behandlungsplans auf der Grundlage der Anatomie des jew-
eiligen Tages. Trotz dieser technologischen Innovationen, wie der taglichen anatomis-
chen Bildgebung und der Plananpassung, bleibt die genaue Berechnung der Gesamt-
dosis, die dem Patienten wéhrend der Behandlung verabreicht wird, aufgrund der Ver-
formungen zwischen den einzelnen Fraktionen eine Herausforderung; dies unterstre-
icht den dringenden Bedarf an robusten Lésungen fur die deformierbare Dosisakku-
mulation (DDA) zur genauen Berechnung der Gesamtdosis, die dem Zielvolumen und
dem umgebenden Gewebe verabreicht wird.

Das erste Ziel dieser Arbeit bestand darin, die Anwendbarkeit und den Einsatz von
Dosiskartierung und -akkumulation (DMA) in der RT zu untersuchen. In dieser er-
sten Phase wurden die aktuellen DMA-Anwendungen in der RT identifiziert und klassi-
fiziert, um eine umfassende Landschaft zu entwickeln, einschlieBlich der Beschreibung
von Starken und Grenzen. AnschlieBend wurden die wesentlichen Hindernisse fiir die
klinische Umsetzung und die breite Anwendung der Dosisakkumulation ermittelt und
analysiert. Diese Phase umfasste eine grindliche Durchsicht der vorhandenen Liter-
atur, Fallstudien und Implementierungen, um den derzeitigen Einsatz von DMA zu er-
mitteln. Wir untersuchten die identifizierten Hindernisse, zu denen technische, method-
ische und biologische Fragen gehdrten, genau, um ihre Ursachen und ihre Auswirkun-
gen auf die Anwendbarkeit der DMA zu verstehen. Diese detaillierte Analyse flhrte
zur Entwicklung umfassender Leitlinien und Anforderungen, die auf Forscher, Gesund-
heitsdienstleister und Hersteller zugeschnitten sind. Diese Leitlinien befassen sich mit
den ermittelten Hindernissen, indem sie praktische Lésungen und bewahrte Verfahren
zu ihrer Uberwindung anbieten.

Die deformierbare Dosisakkumulation umfasst die deformierbare Bildregistrierung (DIR),
die entsprechende Dosiskartierung und die Dosissummierung. FUr die ersten beiden
Anwendungen gibt es unterschiedliche mathematische Modelle. Die zweite Studie im
Rahmen dieser Dissertation befasste sich mit der Entwicklung und Untersuchung einer
robusten DDA-L&sung sowie mit einem Vergleich der DDA-Implementierungen anderer
Forschungsgruppen. Zu diesem Zweck wurde eine multizentrische Studie durchge-
fohrt, in der mehrere LOsungen in verschiedenen anatomischen Bereichen evaluiert
wurden. In der Studie wurde ein Goldstandard-Fall ausgewertet, der als bekannte
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5 Zusammenfassung

Grundwahrheit diente, und es wurden funf klinische Falle analysiert, die mit der online
adaptiven MRgRT (OA-MRgRT) behandelt wurden. Die Studie zeigte eine signifikante
Ubereinstimmung zwischen den verschiedenen Implementierungen, aber auch Unter-
schiede, die von spezifischen Féllen und Algorithmen abhangen und im therapeutis-
chen Kontext erhebliche Konsequenzen haben kénnen. Die Studie zeigte auch, dass
die von uns vorgeschlagene DDA-LOsung konsistent und zuverlassig funktioniert und
gleichwertige Ergebnisse wie die anderen Algorithmen liefert.

Adaptive RT, wie IGRT und OA-MRgRT, zielt darauf ab, anatomische Variationen zwis-
chen den Fraktionen zu berlcksichtigen Variationen zu berlcksichtigen, die von der
Situation wahrend der Behandlungsplanung abweichen. Die fraktionierte Bestrahlung
erfordert den Einsatz von DDA, um verschiedene adaptive Anséatze in Bezug auf die
Gesamtdosis fur den Tumor und das umliegende Gewebe zu vergleichen. In der dritten
Zielsetzung dieser Arbeit haben wir die deformierte Dosisakkumulationslésung aus der
zweiten Zielsetzung dieser Arbeit verwendet, um die akkumulierten Dosen in einer klin-
ischen Studie zu untersuchen, in der Patienten mit Prostatakrebs mit adaptiver, mod-
erat hypo-fraktionierter RT behandelt wurden. Die deformierbar akkumulierten Gesamt-
dosen von zwei adaptiven Behandlungsstrategien - konventionelle IGRT (conv-IGRT)
und OA-MRgRT - und der wahrend der Simulation generierte Behandlungsplan wur-
den dosimetrisch verglichen, um die Hypothese zu untersuchen, dass OA-MRgRT im
Vergleich zur Referenzplanung und conv-IGRT eine effektivere Schonung der Risikoor-
gane ermdglicht. Alle Techniken, einschlieBlich Referenzplanung, conv-IGRT und OA-
MRgRT, zeigten ahnliche mittlere Dosen im Zielvolumen. Obwohl alle akkumulierten
Ansétze im Vergleich zum Behandlungsplan zu niedrigeren maximalen Organ-Risiko-
Dosen flhrten, zeigte insbesondere die OA-MRgRT im Vergleich zur conv-IGRT er-
mutigende Ergebnisse. Die dosimetrischen Unterschiede flhrten jedoch nicht zu einer
klinischen Relevanz gemaf den Modellen fir die Wahrscheinlichkeit von Komplikatio-
nen im Normalgewebe. Insgesamt zeigte die Studie die Durchfiihrbarkeit und Uber-
tragbarkeit der etablierten DDA-Methode und des Arbeitsablaufs.

Diese Arbeit lieferte eine umfassende methodische Grundlage flr die Entwicklung eines
speziellen DDA-Ansatzes und wendete diesen erstmals auf einen klinischen Studien-
datensatz an, der DDA bei der fraktionierten Prostatakrebs-RT verwendet. Die klinis-
che Bewertung und weitere Forschung mit Schwerpunkt auf Dosisunterschieden und
deren Auswirkungen werden derzeit entwickelt, um die nachste Phase der OA-MRgRT
einzuleiten, die eine Online- oder Echtzeit-Dosisakkumulation umfassen kénnte, um die
Krebsbehandlung mit RT weiter zu personalisieren.
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9 Supplementary

9.1 Applicability and usage of dose mapping/accumulation
in radiotherapy

9.1.1 Supplementary A: Selected use cases

Three use cases from the DMAL were selected to be discussed in detail, highlighting
critical issues, current limitations and safety concerns when using dose mapping/accu-
mulation. Notice that these cases are in the extremes of DMAL, Figure 11 in the main
manuscript.

Adaptive radiotherapy (ART)

ART enables adapting a treatment to variations on the patient anatomy, by using treat-
ment images such as CT, CBCT, and MR [139]. The adaptation can be achieved online
(same day) or offline (scheduled or ad hoc) [22].

Ideally, dose accumulation in ART would allow to optimise treatment fractions based
on dose delivered in previous fractions, while properly accounting for tumour regres-
sion (that is, elastic and inelastic regression modes). This use can be translated to
"incorporate" in our DMAL uncertainty axis. However, due to several limitations in DIR
algorithms, including the proper management of tumour regression, dose accumulation
is mostly used to quantify the delivered dose to the tumour and critical organs when
each treatment fraction is a different plan and inform replanning. Therefore, dose accu-
mulation is currently not standard for offline/online ART.

Different approaches can be taken when dose is mapped and accumulated in the ART
scenario. For example, one can map the dose in a "cascade style", where the previ-
ous fraction is mapped to the current fraction [25] (Figure S1, top), or one can map
all fractions to a single reference image (1-n registrations, a.k.a. back-propagation,
etc), e.g., planning CT or the first fraction image (Figure S1, bottom). Depending on
the used approach, registration uncertainties will impact differently: in the cascade ap-
proach, errors in early registrations are propagated, while in the 1-n approach progres-
sive changes will result in more challenging registration for images acquired reaching
the end of treatment. Moreover, the order in which the doses are mapped can change
the accumulated dose result unless the algorithm is inverse-consistent and transitive
[20].

In the DMAL, ART is positioned in the anatomical variation axis from small to inter-
mediate changes Figure 11. We note that for some sites sudden large changes can
happen such as lung deflation; however, the treatment may be interrupted for a com-
plete re-plan. Particular challenges under this context include (dis)appearing of tissue
(e.g. tumour), large volume changes (e.g. bladder or intestines) and deformations as
well as small volume for registration (e.g. penile bulb) and image field of view cropped
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images and dose warping (either via DDM or EMT). At the impact of dose mapping un-
certainties axis, offline ART is positioned at the beginning of high as it is used informa-
tive (retrospective, offline) in a patient-specific setting which typically does not affect the
patient/treatment directly. However, notice that if a new plan is created mid-way in treat-
ment due to the patient’s anatomy changing dramatically, for example lung atelectasis,
any uncertainty when estimating the previously given dose would systematically impact
the new treatment, increasing the risk of impact of dose mapping on patient safety. On-
line ART on the other hand is positioned at high, whenever mapped/accumulated dose
is directly used for treatment optimisation (such as in "incorporate"), as it may directly
affect treatment outcome if mapping uncertainties result in cancerous regions being
underdosed or OARs overdosed.

Caution is advised with plans adapted on accumulated doses. We currently recom-
mend against daily plan adaptation based on dose accumulation in clinical settings
when the mapped dose is directly incorporated in treatment optimisation. In particular,
when soft-tissue contrast is limited, registration uncertainties will directly impact dose
mapping [264]. Studies reporting whether accumulated dose helps to better estimate
risks of toxicities are a way to demonstrate the value of the tool, for example, retrospec-
tive MRgRT dose accumulation study of Bohoudi et al. showed potential to reduce the
risk of acute urinary toxicity using dose accumulation [22]. In this case, mapped and
accumulated doses were used to inform treatments.

Re-irradiation

In a recent consensus, re-irradiation has been defined as "a new course of radiotherapy,
either to a previously irradiated volume (irrespective of concerns for toxicity) or where
the cumulative dose raises concerns of toxicity [6]", where often months or years hap-
pen between the two radiation treatments. Thus the key consideration in this scenario
is the dose to critical organs that may have been previously irradiated. Re-irradiation
is becoming more prevalent due to the ability of contemporary radiation therapy plan-
ning, delivery and image guidance technology to sculpt radiation dose distributions,
minimising dose to previously treated critical organs/structures. The efficacy and safety
of re-irradiation to tumour sites throughout the body has been demonstrated [79], [117],
[120], [163], [166], [180], [192], [202], [212], however there still remains instances of
high risk of catastrophic side effects due to excessive cumulative doses to critical or-
gans/structures [70], [121], [149], [234], [255]. The risk of serious side effects is typically
linked to complications that arise from maximum doses to structures ("serial" complica-
tions [49]). Notably, the cumulative maximum dose to a given organ/structure does not
necessarily arise at the location of maximum dose from individual treatment courses.
The concerns of toxicity from cumulative doses and whether the new course of RT over-
laps with ir-radiated volume of previous course are both to be considered [6]. A lesser,
but still important consideration is the less severe side effects which may impact patient
quality of life such as brain necrosis and lung pneumonitis [121], [172], [255] are de-
pendent not only on maximum organ doses but often volumetric metrics such as mean
dose.

In re-irradiation, it is recommended that if the previous dose distributions are available,
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Cascade accumulation (chain accumulation)

R

Fraction 1 — Fraction2 — — Fraction n

One to n accumulation (star accumulation)

Figure S1: lllustration of the dose accumulation scenarios in ART. The "cascade" accumulation
(chain accumulation) is illustrated on the top. On the button, the "one to n" accumulation also
known as star accumulation is illustrated.
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these are overlaid onto the new treatment planning image [6], [26], [175], [184], [209].
Dose from previous treatment(s) can be deformably mapped to a new planning image
to assess delivered dose from previous treatment(s) to each spatial sub-volume of the
organs/structures of interest as they appear in the new image.

The complexity of cumulative dose assessment depends on the quality of prior dose in-
formation, ranging from conservatively approximations of dose from previous treatment
records in text or portal images, to dose accumulation of biologically equi-effective 3D
dose [6]. From this information, the treating team can determine what dose can be
safely delivered to each location of the critical organs/structures to minimise the risk of
serious side effects from re-irradiation. It should be noted the importance of conver-
sion of doses to biologically equieffective dose such as EQD2 via the linear quadratic
formalism [26], [184], [209]. Interestingly, there is no consensus on the adequate order
for dose mapping and radiological correction, with approaches using both orders in the
literature (e.g., map then correct [175] vs correct then map [35]). Additionally, tissue
recovery factors, applied to the dose in specific organs typically spinal cord and central
nervous system structures may or may not be included.

The position of re-irradiation in the DMAL is highly variable depending on the organ
and dose to consider. Given the critical safety issue when quantifying the previously
delivered dose (and cumulative dose from all courses), it is important that a high level
of caution is exercised when applying deformable dose accumulation in re-irradiation.

The position, size and shape of critical organs such as the spinal cord may be rel-
atively constant over time-spans of months to years between treatment courses. As
such, the anatomical variation is relatively small and rigid registration can be done with
a relatively high degree of accuracy. Contrast this with tubular structures such as the
bowel, where the filling and position will vary substantially not only between treatment
courses but between each treatment session in a given treatment course. In this sce-
nario, measurement of registration accuracy is extremely challenging and deformable
dose mapping should be avoided; it is highly unlikely the accuracy of mapped dose
can be determined in the instance where no clear corresponding anatomical landmarks
exist. In between these two are deformable organs such as blood vessels and the oe-
sophagus, where DIR accuracy can be improved and or assessed using contours in
each image. In these cases deformable dose mapping may be considered.

Where mean doses are of importance, the variation in mean dose with different im-
age registrations may be minimal, but likely depending on the volume of the organ;
deformed mean dose to larger volume organs such as the lung and liver being more
robust to uncertainties in dose mapping.

There is a high impact on patient safety from dose mapping uncertainty in organ max-
imum doses. To classify where high accuracy deformable dose mapping is required,
one can perform a conservative estimate; in the absence of registration between the
two courses, does the summation of the point maximum doses for a given organ from
each individual course approach or exceed the tolerance for that organ? This is the

105



9 Supplementary

worst case scenario; in this case, the application of deformable dose mapping should
be accompanied with a high level of rigour to maximise the accuracy of the underlying
deformation, and to quantify and communicate the uncertainty. The uncertainty may
be estimated via performing the assessment using multiple methods such as the con-
servative approach described above, and by performing rigid registration in a localised
region where high doses overlap.

A further consideration is the relevance of the planned dose in the absence of real-time
dose accumulation during the course of each treatment using daily volumetric imaging.
The estimated dose from the treatment planning scan to relatively rigid structures such
as bones and spinal cord may be very close to the delivered dose. The planned dose
to organs subject to a high level of random variation day-to-day however may be a poor
estimate of the actual delivered dose to the organ. Thus using the planned dose grid
from the original treatment course for highly variable structures may place a ceiling on
the achievable accuracy of dose accumulation in the re-irradiation scenario.

Finally, we would recommend assessing the impact of registration uncertainties on
the mapped dose. Methods have been proposed, see section first-order effects in the
manuscript. As these tools are not currently available in treatment planning systems,
performing different registrations (by varying either algorithm parameters/initial global
alignment) and comparing the doses will help identify regions where the mapped dose
is (un)stable.

Response assessment

Dose-response assessment tries to establish a relationship between the dose received
by an organ (or subvolume of an organ) and clinical outcome. To increase the thera-
peutic ratio of RT, relations of true accumulated dose delivered to tumours and organs
at risk (OARs), rather than the planned pretreatment dose, should be related to clinical
outcome [98].

Per-patient dose-response assessment

The dose delivered during a treatment can be accumulated between treatment fractions
to account for inter-fractional anatomical variations. Bohoudi et al. [25] used such an
approach to estimate the dose delivered to the bladder for 101 prostate cancer patients
treated with five fractions of magnetic resonance-guided stereotactic body radiation
therapy. They showed that an increase in International Prostate Symptoms Score cor-
related better with bladder doses accumulated after three and five fractions of prostate
RT than with pretreatment planned dose. This indicates that dose accumulation could
improve understanding of dose-response relationships.

Voxel-wise analysis
Another implementation of dose mapping for dose response assessment is voxel-wise
analysis. Voxel-wise analysis aims at exploring and locating dose-sensitive anatomical
regions for a given treatment outcome. This analysis relies on mapping dose distri-
butions of the studied cohort into a reference anatomy, commonly using DIR [182].
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Voxel-wise analysis is one of the few inter-patient dose mapping cases in current use.
As anatomical variations between patients are substantial, larger deviations are ex-
pected than the per-patient approach described above. For example, this methodology
has been used to identify the association between dose to the obturatorial lymph node
region and treatment failure after prostate RT [249], [250], dose to the heart and overall
survival after lung RT[40], [150], dose to the masseter muscle and trismus after head
and neck RT [19], among others.

Both approaches are used to quantify and compare dose distributions given to patients,
in a retro-spective fashion. The results of these studies are hypothesis generating and
form the basis of subsequent analysis aiming at confirming or rejecting the hypothesis.
In this context, the impact of registration uncertainties is limited for a given patient.

9.1.2 Supplementary B: List of discussed articles

Table S1: List of discussed articles on DIR and dose accumulation to identify current challenges
during the online meetings and via email.

Ref. Aim Highlights, issues and challenges Keywords
Articles discussed during the online meetings
wgf;’igge g{rgggilg%ﬁ?méigggﬁ The chosen dose warping strategy, EBMEMT
Bosma et al., | to-noise ratio on accumulated gg\él dvgée E'C\)Ar-g’ tﬁgﬁ%ﬁg SPF? aallccu_mu— compensated
: gorithm
2021 [27] motion-compensated dose for | o nioveq or the signal-to-noise ratio of | d0S€ accumula-
MR-guided  radiotherapy  of the images. tion (MCDA)
prostate cancer. Prostate
- Comparison of dosimetric differ- | pigterences between DDM and EMT of
I[_1|3e6t] al., 2014 2Bc%between DD'\IA?”d EM-lr for | 11% and 4% were observed for PTV | DDM/EMT
SBRTose accumuiation In - lung | ang TV minimum dose, respectively.
P 1o The interpolation method alone did not
I tigat f d d size | : & S :
Rosu et al anr:/c?sdlgsaeloirrzteorpoloaﬁf)ng%etﬂgd yield clinically significant changes in Dose grid size
2005 [199] " | on dose accumulation in a de- | d0S€ accumulation results. These ef- | ggonie (Lung)
forming lung anatom fects were larger in high dose gradient 9
g lung y regions for larger dose grid sizes.
The usage of bEQDd (total biological
) ) dose) in terms of dose accumulation, Biological &
Niebuhr et al.. | Based on daily CT images an | copes with a potential systematic inac- h si%al dose
2021 (171] assessment of biological dose | curacy predicting biological effects, in gczumulation
accumulation was performed. particular, serial OAR in regions with Re-irradiation
dose gradients and for hypofractiona-
tion.
Development of a software tool | Re-irradiation cases require fractiona-
for use with commercial treat- | tion correction to meaningfully assess | Re-irradiation
Nix et al ment planning systems, taking | cumulative doses and reduce the risk of | Pelvic
2021 [175] | radiation biology and anatom- | unintentional OAR overdose. DIR can | Dose summa-
ical changes into account, by | add clinically relevant information in se- | tion

comparing three dose summa-
tion approaches.

lected cases, especially for significant
anatomical change.

Radiobiologically

Continued on next page
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Table S1 — continued from previous page

Ref. Aim Highlights, issues and challenges Keywords
Presentation of a new and prac- | | order to assess DIR for dose accu- | QA

Kainz et al., | tical QA method, the DVH over- i - .

2022 [106] lap technic, for DIR-based dose mulation, in which the ICE was low, the | Inverse consis

accumulation.

DVH overlay technique can be used.

tency

Paganelli et
al., 2018 [181]

Enabling a patient-specific as-
sessment of registration quality
and subsequently improved per-
sonalised treatment.

Patient-specific evaluation of DIR with
both geometric and dosimetric meth-
ods were reviewed; challenges in clin-
ical use, guidelines, and validation of
deformable dose propagation were dis-
cussed.

QA

DIR

Patient specific
validation

Palma et al,
2020 [182]

Review article on how to imple-
ment voxel-wise analysis to ex-
plore local anatomical radiosen-
sitivity for a given outcome.

As DIR is often used to map the dose
distributions of multiple patients to a
common reference to analyse a given
treatment outcome, several considera-
tions are introduced in this article. In
particular, different methods to evaluate
inter-patient DIR are presented.

VBA
Image-based
data-mining
Outcome mod-
elling

Chetty and
rosu-Bubulac,
2019 [45]

Review of currently available
DIR and dose accumulation
methods as well as their related
clinical application.

Overview article of DIR used for dose
accumulation, mainly focused on the
registration aspects.

DIR
Methods of DA

Garcia-Molla
et al., 2015
[69]

Validation of a CT-CBCT ART
DIR algorithm by using POls,
and development of a method of
encountering the results affect-
ing the dose by using IC.

The algorithm is useful for head and
neck patients, however clinical deci-
sions for plan adaptation need to be
ruled with respect to the variation of the
results.

ART
Head and neck
Validation

Qin et al,
2018 [189]

Investigation of the differences
of clinical-relevant doses in
intensity-homogeneous organs
warped by purely image-based
and biomechanical model based
DIR (BM-DIR).

For intensity-homogeneous organs BM-
DIR could be useful, because these or-
gans are affected with larger deforma-
tion, shrinkage.

Biomechanical
model

Dose warmin-
guncertainty

Roussakis et
al., 2015 [201]

Workflow demonstration and
evaluation for the interfractional
deformable image registration
followed by dose accumulation.

Under clinically realistic scenarios the
dependability of a CT-to-CT commercial
DIR-based dose warping and a work-
flow to assist clinical personnel to as-
sess the results was shown.

QA, uncertain-
ties

head and neck

Bohoudi et al.,
2021 [25]

Identification of bladder dose pa-
rameters based on the accumu-
lated treatment dose and inves-
tigation of the prediction of the
accumulated treatment dose via
the first three fraction doses.

In the prediction of urinary symptoms
the accumulated dose was more spe-
cific than the planned dose, also the
prediction of the accumulated dose via
the first three fraction doses showed a
positive correlation.

Accumulated
dose prediction
Toxicity predic-
tion

The developed method makes real-time

Ziegenhein et | Development of a real-time dose | dose reconstitution via energy/mass | EMT
al 92018 [274] reconstruction via energy/mass | transfer. Clinically applicable with the | Real-time dose
" transfer mapping. caveat that more computing power is re- | reconstruction
quired.
Development of a retrospec- Verification

Chao et al,,
2012 [41]

tively reconstruction method of
the delivered dose by using DIR
in relation to the anatomical
changes.

The method provides verification of the
treatment dose with potential use in
ART.

treatment dose
ART
Irradiation
body

total

Continued on next page
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Table S1 — continued from previous page

Ref. Aim Highlights, issues and challenges Keywords
Rigaud et al Description of current main DIR | DIR should be evaluated with geomet- DIR
20%9 [194] | applications, their methods and | rical and dosimetric metrics appropri- QA

principles and the evaluation.

ately.

Additional discu

ssed articles

Yin et
2009 [266]

al.,

Introduces a new similarity mea-
sure, the sum of squared tissue
volume difference (SSTVD),
which accounts for density
changes between CT images,
thus ensuring mass is preserved
by the registration.

Over the registration pairs the SSTDV
methods results showed a smaller av-
erage landmark error than the SSD
method.

Sum of squared
tissue vol-
ume difference
SSTVD

Demonstration of a volumetric

image-guided radiotherapy and | The derived PTV margins were 3 and | PTV margins
Frederick et | dose accumulation approach to | 5 mm and ensured that in 90% of the | Oropharyngeal
al., 2022 [66] | derive planning target volume | patients at 98% of the CTV 95% of the | cancer
(PTV) margins for a patient pop- | prescribed dose was delivered. Breast cancer
ulation.
For clinical use DIR is still in develop-
ment regarding accuracy and efficiency.
From the effective biological dose a Dose summa-
Kim et gl | Review for external beam radi- compostt_ed I(DI;/IEl}-lRpl'f ctjhe b'°|°9'cal(§i?ﬁe tion
o ; summation ose map and the lani
2021[116] ation therapy and brachytherapy IGBT fractions) can be generated but Biologic

dose summation strategies.

an accurate radiobiological parameter
is tissue dependant. The limitations of
these methods of approximating dose
accumulation needs to be considered.

weighted dose
maps
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9.2 A multi-institutional comparison of retrospective de-
formable dose accumulation for online adaptive MR-guided
radiotherapy

9.2.1 Supplementary A: Material and Methods

Fx01 Fx02 Fx03 Fx04 Fx05

Figure S2: lllustration of the five deformed images, which resulted from the FEM experiment, in a
representative sagittal slice.
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Table S2: Specific MR images, dose files, and SBRT treatment information for the gold standard (GS), and the clinical cases; (I) prostate 1, (ll)
prostate 2, (lll) cervix, (IV) liver, and (V) lymph node. Abbreviations; TR: repetition time TE: echo time. * MR image acquisition type: 4D, a MidP
image was created for planning, and a motion-averaged 3D MR image from the 4D MR image was used for DIR [185].

Specific MR Image Dose SBRT
information Treatment
MR )
) ) ) . Spacing )
Image Pixel Flip Number Pixel Slice Number Pixel
TR TE Acquisition between . Dose
Cases type Bandwith | Angle of Rows | Columns | gpacing | Thickness of Rows | Columns | gpacing | Fractions
[ms] [ms] Matrix Slices [Gy]
for [Hz/Px] [9 Frames [mm] [mm] [mm] Frames [mm]
mm
DIR
Gold 0.83
© 3D 1535 277 740 90 268 x 268 150 480 480 X 2 2 100 150 217 3x3 5 7.25
standard
0.83
| 0.83
M 3D 1535 277 740 90 268 x 268 150 480 480 X 2 2 100 150 217 3x3 5 7.25
Prostate 1
0.83
0 0.83
h 3D 1535 277 740 90 268 x 268 150 480 480 X 2 2 100 150 217 3x3 5 7.25
Prostate 2
0.83
" 0.8
(t 3D 1400 150 694 90 497 x 497 125 672 672 X 2 2 85 188 217 3x3 5 7
Cervix
0.8
v 1.64
() 3D* 4.3 2.071 775 50 256 x 256 84 256 256 X 2.38 2.38 67 190 217 3x3 5 7
Liver
1.64
V) 0.83
Lymph 3D 1535 277 740 90 268 x 268 300 480 480 X 2 1 150 251 325 2x2 5 6
node 0.83

Aiejusweiddns 6
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Transverse Coronal Sagittal

Gold Standard

— CTV
Bladder
— Raectum

(l) Prostate 1

— CTV
Bladder
— Rectum

(I Prostate 2

—_— Gw
Bladder
— Rectum

(Ill) Cervix

(IV) Liver

— GTV

— Caolon
Srmall Bowel
Spinal Cord
Liwar

(V) Lymph
node

CTVR

CTVL

Bladder
— Rectum

Figure S3: lllustration of the golds standard (GS), and the clinical cases; (l) prostate 1, (Il) prostate
2, (lll) cervix, (IV) liver, and (V) lymph node. The illustration shows one slice of transverse, coronal
and sagittal view of the first fraction (Fx01) of each case. The different contours per case show the
offline recontoured contours of Fx01. Note that for the GS, prostate 1 fraction 1 was used as base
image. Abbreviations; CTV: clinical target volume, GTV: gross tumor volume, CTVyr: High risk
clinical target volume, CTV|g: Intermediate risk clinical target volume, R: right, L: left, P: posterior,
A: anterior, I: inferior and S: superior.
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Table S3: Clinical dosimetric criteria (CDC) results, fraction-based and deformable dose accumulation (DDA) of the institutes for the
gold standard (GS) and the clinical cases; (I) prostate 1, (ll) prostate 2, (lll) cervix, (IV) liver, and (V) lymph nodes. The respective
CDC for the individual institutes DDA were calculated by ProKnow by the use of offline re-contoured structure set of fraction one (Fx01).
Abbreviations; CTV: clinical target volume, GTV: gross tumor volume, CTVyg: High risk clinical target volume, CTV,g: Intermediate risk
clinical target volume, CTV,: left clinical target volume, CTVg: right clinical target volume, Sum: summed dose.

Clinical dosimetric

Case o Fraction based Accumulated

criteria

(CDC) Fx01 Fx02 Fx03 Fx04 Fx05 | Sum A B (¢} D E F Mean | Std

CTV V34.4Gy | >99.0 | [%] | 99.8 | 834 | 99.9 | 975 | 100.0 | 96.1 | 86.3 | 93.1 926 | 929 | 958 | 920 | 921 | 3.1

D5cm® | <37.0 | [Gy] | 369 | 378 | 344 | 356 | 356 | 36.1 | 346 | 340 | 342 | 342 | 330 | 338 | 340 | 05

Bladder V28.0Gy | <15.0 | [%] | 109 | 15.9 8.7 6.1 8.0 9.9 8.6 8.0 7.9 7.9 8.1 7.7 80 | 03

Gold Standard V32.0Gy | <20.0 | [%] 7.5 12.0 4.9 3.9 5.1 6.7 4.7 4.1 4.1 4.1 3.2 3.9 40 | 05

Dicm® | <38.0 | [Gy] | 363 | 276 | 359 | 358 | 37.7 | 346 | 33.0 | 340 | 34.1 340 | 353 | 339 | 341 | 0.7

Rectum V28.0Gy | <150 | [%] | 12.1 1.4 148 | 124 | 173 | 116 | 98 102 | 103 9.8 12.5 9.8 104 | 1.1

V32.0Gy | <20.0 | [%] 8.5 0.3 10.6 8.4 130 | 82 35 4.8 4.9 45 7.6 42 49 1.4

CTV V34.4Gy | <99.0 | [%] | 100.0 | 99.7 | 100.0 | 100.0 | 100.0 | 99.9 | 100.0 | 100.0 | 100.0 | 99.9 | 100.0 | 100.0 | 100.0 | 0.0

D5cm® | <37.0 | [Gy] | 347 | 317 | 360 | 363 | 363 | 350 | 334 | 358 | 340 | 319 | 365 | 338 | 342 | 1.7

Bladder V28.0Gy | <15.0 | [%] 7.6 238 10.5 55 126 | 7.8 7.6 11.3 8.1 5.9 16.1 75 94 | 37

(1) Prostate1 V32.0Gy | <20.0 | [%] 45 1.2 6.8 3.7 8.4 4.9 3.8 71 45 25 10.5 41 5.4 2.9

D1cm?® <38.0 | [Gy] 37.3 37.6 36.6 37.7 37.2 37.3 36.4 35.8 36.5 36.7 36.5 36.3 36.4 0.3

Rectum V28.0Gy | <15.0 [%] 15.5 15.7 12.9 16.0 10.9 14.2 14.0 14.0 14.6 14.5 14.7 13.9 14.3 0.4

V32.0Gy | <20.0 [%] 11.8 12.2 9.2 12.3 6.5 10.4 9.6 9.4 10.4 10.4 9.6 9.0 9.7 0.6

CTVv V34.4Gy | <99.0 [%] 99.8 100.0 99.5 100.0 | 100.0 | 99.9 | 100.0 | 100.0 | 100.0 | 100.0 97.1 100.0 99.5 1.2

D5cm?® <37.0 | [Gy] 36.8 36.6 36.6 36.7 36.4 36.6 36.3 36.2 36.3 36.3 36.5 36.2 36.3 0.1

Bladder V28.0Gy | <15.0 | [%] | 30.4 | 31.9 184 | 230 | 205 | 248 | 228 | 224 | 227 | 256 | 30.0 | 227 | 244 | 3.0

(I1) Prostate2 V32.0Gy | <20.0 | [%] | 226 | 23.0 12.9 16.0 149 | 179 | 14.8 14.1 14.7 16.8 | 215 14.5 161 | 2.8

Dicm? <38.0 | [Gy] 33.6 35.3 36.1 36.8 36.0 35.6 34.7 34.8 34.0 35.0 32.8 34.9 34.4 0.8

Rectum V28.0Gy | <15.0 | [%] 6.6 9.8 115 16.7 9.1 10.7 9.0 8.4 8.1 10.7 5.5 9.5 8.5 1.7

V32.0Gy | <20.0 [%] 3.0 5.2 6.1 11.3 4.8 6.1 4.7 4.6 3.7 5.5 2.2 5.2 4.3 1.2

GTV D98% >35.0 | [Gy] | 358 | 355 | 344 | 356 | 344 | 351 | 349 | 352 | 348 | 347 | 338 | 346 | 347 | 05
(1) Cervix CTVur D90% >33.0 | [Gy] | 336 | 337 | 332 | 334 | 282 | 324 | 330 | 330 | 329 | 330 | 329 | 330 | 33.0 | 0.1
CTVir D98% >25.0 | [Gy] | 320 | 320 | 316 | 318 | 257 | 306 | 310 | 309 | 31.0 | 309 | 311 312 | 310 | 0.1

Continued on next page
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Table S3 — continued from previous page

143"

Case Clinical .do?imetric Fraction based Accumulated
criteria
(CDC) Fx01 Fx02 Fx03 Fx04 Fx05 | Sum A B (¢} D E F Mean | Std
CTVi D98% >145 | [Gy] | 249 | 244 | 246 | 25.1 182 | 234 | 253 | 254 | 252 | 257 | 238 | 252 | 251 | 0.7
Bladder D2cm® | <275 | [Gy] | 267 | 278 | 270 | 273 | 260 | 27.0 | 269 | 269 | 269 | 264 | 270 | 267 | 268 | 0.2
Rectum D2cm® | <215 | [Gy] | 165 | 194 | 143 | 213 | 159 | 175 | 174 | 174 173 | 193 | 165 | 17.7 | 176 | 0.9
Sigmoid D2cm® | <215 | [Gy] | 21.4 | 207 | 220 | 209 | 226 | 215 | 21.1 22.1 209 | 235 | 21.7 | 211 217 | 1.0
Colon Dmax <320 | [Gy] | 217 | 195 | 210 | 183 | 201 | 197 | 226 | 235 | 229 | 197 | 17.1 228 | 214 | 25
Duodenum Dmax <300 | [Gy] | 218 | 207 | 240 | 324 | 184 | 239 | 237 | 225 | 230 | 177 | 166 | 228 | 21.1 | 3.1
(IV) Liver Small bowel Dmax <300 | [Gy] | 11.4 16.4 14.9 15.5 1.9 | 147 | 127 10.2 11.0 10.2 11.3 11.0 111 | 0.9
Spinal cord Dmax <225 | [Gy] | 5.2 6.4 5.3 5.7 6.0 5.9 5.4 5.5 5.4 5.1 5.3 5.4 54 | 0.1
Stomach Dmax <300 | [Gy] | 31.8 | 282 | 331 323 | 306 | 311 | 289 | 298 | 293 | 263 | 266 | 298 | 285 | 1.6
o1V, D0.5cm3 | <420 | [Gy] | 415 | 418 | 412 | 419 | 418 | 417 | 408 | 393 | 409 | 382 | 40.1 415 | 401 | 1.2
D98% >300 | [Gy] | 31.8 | 32.8 | 332 | 305 | 318 | 321 | 374 | 336 | 39.6 | 331 375 | 386 | 366 | 27
TV, D0.5cm3 | <420 | [Gy] | 41.3 | 414 415 | 419 | 425 | 418 | 410 | 406 | 406 | 374 | 41.1 417 | 404 | 15
(V) Lymphnode D98% >30.0 | [Gy] | 305 | 31.8 | 318 | 328 | 332 | 324 | 394 | 377 | 395 | 319 | 389 | 400 | 379 | 3.0
Bladder D0.5cm® | <32.0 | [Gy] | 8.9 10.7 | 128 8.0 7.6 9.8 9.0 9.0 9.0 9.1 9.3 9.0 9.1 0.1
Rectum D0.5cm® | <32.0 | [Gy] | 16.6 | 11.3 | 138 | 162 | 163 | 144 | 142 | 148 | 144 | 14.1 18.7 | 148 | 152 | 1.8
Sigmoid D0.5cm® | <32.0 | [Gy] | 0.7 0.7 1.0 5.6 2.0 2.3 1.6 1.4 1.8 1.2 15 15 15 | 0.2
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9 Supplementary

Table S4: Overview of the software used by the institutes (A-F) for deformable image registration
(DIR) and dose accumulation. DVF: deformation vector field, DDM: direct dose mapping, EMT:
Energy mass transfer.

Institute A B C D E F
Monaco
Research
ADMIRE In-house
(3.44.2) ) developed
Raystation
Software for DIR and MIM ©B) MIM dual-force RRTracker
(Version) Slicer 3D (6.8.5) (7.0.6) demons (v4.0)
ANACONDA
(4.11) deformable
for dose registration
mapping/
accumulation
Hybrid Hybrid
Mixed / Normalized
DIR intensity / intensity / Contour based Intensity ) .
hybrid gradient fields /
algorithm structure structure Deformable based
DIR structure based
based based
DIR Yes Yes Yes Yes No Yes
Contour guidance
DIR
DVF DVF DVF DVF DVF DVF
transformation
Contour propagation DVF DVF DVF DVF DVF DVF
transformation
Dose DVF DVF DVF DVF DVF DVF
transformation
Dose DDM DDM DDM DDM DDM EMT
method

Deformable image registration / Contour propagation / Dose accumulation soft-
ware:

Institute A used Monaco ADMIRE Research (Elekta, Stockholm, Sweden) for deformable
image registration and contour propagation. The software used an Efficient Inverse-
Consistent Diffeomorphic Image Registration Method [83]. Case-specifically selected
contours at the first fraction were used for guidance. The offline re-contoured contours
of Fx02-Fx05 were propagated to Fx01 during DIR by using the corresponding DVF.
For the dose mapping and accumulation 3D slicer [63] an open software tool was used.
The doses of each fraction were mapped according to the DVF to the first fraction of
the treatment. The accumulated dose was calculated by weighting the deformed doses
by 20 %.

Institute B: Hybrid deformable image registration involves registrations using contours
as well as image intensity. For contour-based deformable registration, MIM iteratively
minimizes the signed distance differences between the two images, as measured from
the surface of contour pairs. For intensity-based registration, intensity differences be-
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tween the two images are minimized using a constrained, free-form deformable regis-
tration based on intensity. For the hybrid mode, the influence of the contour surface
matching decreases with increasing distance from the contour surface. As part of DIR
workflow, the MRI of Fx01 was selected as reference to which all other images were
deformably registered, using an appropriate set of contours as well as image intensity.
The DVF generated for the DIR was used to deform the associated dose for each case.
A dose accumulation was then performed by equally weighting each of the fractional
doses included in the registration to achieve the prescribed dose. No changes in the
DIR protocols were made during the study. However, two different versions of MIM were
used; with the last dataset being processed with version 7.2.7.

Institute C: We employed a hybrid intensity and structure-based DIR approach called
ANAtomically CONstrained Deformation Algorithm (ANACONDA) integrated in the Ray-
Station 8B treatment planning system. This algorithm computes a deformation vector
field by optimizing both image similarity and alignment of controlling ROI structures
segmented a priori on the registered images. The optimization includes regularization
terms to control smoothness and invertibility as well as penalize generation of large
ROI deviations. The optimization employs a nonlinear limited memory solver applied
sequentially over 10-, 5- and 2.5-mm resolutions, with result of each resolution used
as the starting point for the next level. We employed default settings in RayStation
to generate each DIR and used the deformation vector field to map the dose for each
fraction back to the first fraction image. Accumulation was performed by weighting each
fractional dose by 1/total number of fractions and then performing a summation of all
fractional doses.

Institute D used the contour-only deformable registration for this study. The registration
starts from an image intensity-based rigid registration and followed by a deformable
registration that iteratively minimizes the signed distance between the surfaces of con-
tour pairs in the two images. The default parameters in MIM were used for both the
clinical and gold standard cases without any modification. However, individual contours
used in each registration may vary. Details are specified in the corresponding figures.

Institute E: The daily MR images (Fx02, ..., Fx05) were deformably registered to the
first fraction MR image (Fx01) using a dual-force demons deformable registration [242].
The 'Demons’ algorithm introduced demons force from thermodynamics into image do-
main for deformable registration [233]. The demons force is driven by image gradients
and image intensity differences and is updated iteratively and successively over entire
image domain followed by a Gaussian-type kernel to smooth the force vectors and to
propagate the forces to areas with low image gradients [269]. The dual-force demons
algorithm was first developed for CT-CT deformable registration and was later validated
for MR-MR deformable registration [71]. For this application, the algorithm parameters
were set to allow only small deformation. The resulting deformation vector fields were
used to deform the daily dose to first fraction and the deformed dose was then scaled
to a fraction dose for accumulation [129], [138], [262].

Institute F: The employed dose accumulation solution relied on a variational registra-
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tion algorithm, estimating displacements as the minimizer of a cost function composed
of three terms: an image similarity term, a contour matching term and a regularization
term. In summary, the image similarity term uses normalized gradient fields [80] in order
to match similar contrast patterns between the registered images, whereas the contour
matching term penalizes misalignments between any particular contour pairs defined
by the user on the images. Finally, the regularization term constrains the estimated
deformations to be spatially smooth, ensuring the well-posedness of the minimization
problem. Further details regarding the method can be found here [28]. The deforma-
tions estimated by the DIR algorithm were subsequently used to warp each daily dose
distribution onto the reference grid, via energy-per-mass transfer [136], with the warped
doses being added-up in order to generate the accumulated dose.

Data analysis:
The DSC is defined by o )
21 XNY
DSC (X,Y) X[ (7)
where X,Y are the two volume sets to be compared. AAPM TG132 [34] indicates a
DSC tolerance of 0.8 - 0.9, except for very large or very small volumes. In addition,
the SDSC, was calculated with a threshold value of 2mm. The SDCS quantifies the
similarity between two surfaces by measuring the overlap and mismatch between them.
Third, HD was determined, which is defined as the greatest distance of a contour set
X to the closest point of the other set Y [95]

HD(X,Y) =max (h(X,Y),h(Y,X)), (8)

where h is defined by
h(X,Y) = maxmin |z —y|, (9)

reX,yeY.
Due to the outlier sensitivity of HD, the HD95% was calculated over the histogram of all
distances given points on X and Y by excluding the 5 % highest outliers [198].

9.2.2 Supplementary B: Results
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Table S5: Statistical values of dose accumulation errors selected for the gold standard (GS) case
for the participating institutes. Values are in [Gy] and are presented individually for CTV (prostate),
bladder, and rectum. Abbreviations; CTV: clinical target volume, IQR: interquartile range.

Volume
Institute of Mean Standard Sth 95th Median | IQR
Interest deviation | percentile | percentile
A 0.09 0.24 -0.24 0.50 0.05 | 0.16
B 0.30 0.46 -0.18 1.31 0.10 | 0.45
Cc CTV 0.30 0.45 -0.18 1.22 0.10 | 0.49
D (Prostate) 0.28 0.42 -0.18 1.20 0.10 | 0.44
E 0.39 0.85 -0.52 2.22 0.16 | 0.65
F 0.27 0.40 -0.18 1.08 0.11 | 0.44
A 0.40 0.76 -0.58 2.02 0.16 | 0.71
B 0.41 0.67 -0.50 1.73 0.22 | 0.73
C Bladder 0.47 0.72 -0.49 1.89 0.24 | 0.81
D 0.12 0.74 -0.85 1.51 0.00 | 0.46
E 0.68 1.84 -1.40 4.38 0.18 | 1.05
F 0.40 0.67 -0.63 1.68 0.24 | 0.74
A 0.21 0.43 -0.33 1.02 0.02 | 0.47
B 0.37 0.51 -0.20 1.44 0.12 | 0.62
C Rectum 0.32 0.53 -0.26 1.45 0.05 | 0.59
D 0.23 0.44 -0.26 1.20 0.00 | 0.40
E 2.92 2.29 0.03 7.31 2.84 | 3.86
F 0.25 0.50 -0.40 1.22 0.11 | 0.49
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Table S6: Gold standard (GS) contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm thresh-
old, and HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance, if checked the contour was used as
guidance by the institute. DSC printed in red if < 0.8. Abbreviations; Femur,: left femur, Femurg: right femur, CTV: clinical target volume, GTV:
gross tumor volume.

A
psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95%
[mm] [mm] [mm] [mm] [mm]
Fx02t0Fx01 | 099 | 042 | 527 099 | 047 | 507 097 | 043 | 449 098 | 038 | 536 098 | 065 | 374
Bladder Fx03toFx01 0.99 0.42 5.27 0.99 0.49 5.16 0.98 0.42 4.25 0.98 0.40 2.64 0.99 0.69 4.01
Fx04t0Fx01 | 099 | 042 | 524 099 | 049 | 503 097 | 041 453 096 | 033 | 541 099 | 061 418
FXO510FX01 | 0.99 | 042 | 526 099 | 049 | 524 097 | 041 4.45 098 | 038 | 258 099 | 064 | 400
Fx02toFx01 0.98 0.56 3.40 0.98 0.63 3.38 0.97 0.58 3.13 0.97 0.54 3.49 0.95 0.66 2.75
Foctum |_FO3t0Fx01 | 099 | 057 | 339 099 | 066 | 337 095 | 085 | 327 098 | 056 | 343 094 | 070 | 305
Fx04t0Fx01 | 098 | 056 | 3.41 098 | 064 | 347 095 | 055 | 336 094 | 051 3.60 094 | 063 | 275
FxO5t0FX01 | 0.99 | 056 | 339 099 | 066 | 331 096 | 057 | 316 098 | 056 | 350 093 | 062 | 320
Fx02t0Fx01 | 097 | 055 | 362 098 | 066 | 340 097 | 059 | 322 096 | 054 | 359 091 | 063 | 323
sphincter |_FX030F01 | 098 | 057 | 364 098 | 067 | 356 092 | 053 | 395 098 | 057 126 091 | 064 | 333
FxO4toFx01 | 097 | 056 | 3.66 098 | 066 | 336 095 | 056 | 323 092 | 050 | 380 090 | 066 | 410
Fx05toFX01 0.99 0.58 3.63 0.98 0.68 3.32 0.97 0.58 3.30 0.97 0.57 3.56 0.89 0.58 3.29
Fx020Fx01 | 1.00 | 050 | 424 100 | 062 | 412 099 | 052 | 398 098 | 048 | 431 097 | 070 | 273
Gold Fomur, | FX0300F01 | 100 | 049 | 424 100 | 062 | 415 089 | 020 | 531 099 | 049 | 432 098 | 083 | 820
Standard Fx04toFx01 1.00 0.50 4.23 1.00 0.62 413 0.87 0.18 7.24 0.95 0.41 4.75 0.95 0.58 3.29
FXO510FX01 | 1.00 | 050 | 424 100 | 062 | 413 088 | 019 | 509 099 | 048 | 431 097 | 070 | 275
Fx020Fx01 | 1.00 | 054 | 403 100 | 064 | 390 099 | 054 | 400 098 | 051 410 095 | 057 | 347
Fomur, | _FX03t0F01 | 100 | 053 | 404 100 | o064 | 386 089 | 027 | 439 099 | 053 103 097 | 072 | 309
FxO4toFx01 | 1.00 | 054 | 402 100 | 065 | 386 088 | 020 | 587 095 | 047 | 425 098 | 077 | 27
FXO510FX01 | 1.00 | 054 | 403 100 | 065 | 388 091 | 030 | 457 098 | 052 | 411 095 | 057 | 328
Fx02toFx01 0.97 0.45 4.35 0.99 0.57 4.07 0.95 0.44 3.72 0.97 0.44 4.35 0.97 0.65 3.72
cTV Fx03toFx01 0.99 0.47 4.31 0.99 0.57 4.09 0.97 0.48 3.76 0.98 0.49 4.35 0.98 0.72 3.28
Fx04t0Fx01 | 097 | 046 | 430 099 | 057 | 397 094 | 038 | 415 096 | 041 4.36 096 | o064 | 362
Fx05toFX01 0.97 0.45 4.34 0.99 0.57 4.08 0.96 0.44 3.97 0.97 0.44 4.61 0.96 0.61 3.46
Fx02toFx01 0.92 0.69 2.87 0.93 0.74 2.74 0.90 0.68 2.88 0.91 0.67 2.84 0.89 0.77 2.98
ary  |_Po3tFxot | 093 | 069 | 297 095 | 077 | 272 091 | o070 | 278 095 | 070 | 282 002 | o84 | 27
Fx04toFx01 | 092 | 068 | 290 094 | 077 | 294 090 | oes | 277 088 | 062 | 324 090 | 083 | 276
FXO510FX01 | 092 | 068 | 288 094 | 073 | 267 091 | 068 | 280 091 | 066 | 293 083 | 064 | 402
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Table S7: (1) Prostate 1 contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm threshold, and
HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance; if checked the contour was used as guidance by
the institute. DSC printed in red if < 0.8. Abbreviations; Femur, : left femur, Femurg: right femur, CTV: clinical target volume, GTV: gross tumor

volume.
c
psc | spsc | HP9% osc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP9%

[mm] [mm] [mm] [mm] [mm]

Fx02t0Fx01 | 099 | 074 | 3.10 098 | 073 | 338 091 | 054 | 431 070 | 023 | 17.50 098 | 058 | 581

Bladder Fx03toFx01 0.99 0.75 3.05 0.99 0.79 3.29 0.97 0.64 3.53 0.96 0.55 412 0.99 0.65 4.31
Fx04t0Fx01 | 0.99 | 074 | 3.06 098 | 073 | 326 094 | 051 419 085 | 025 | 802 098 | 067 | 413

FxO5t0Fx01 | 0.99 | 075 | a1 099 | 080 | 8322 097 | 064 | 373 097 | o058 | 259 099 | 063 | 456

Fx02toFx01 0.97 0.84 1.45 0.95 0.83 2.81 0.86 0.54 5.50 0.83 0.46 6.85 0.81 0.35 8.99

Foctum |_FPX03t0Fx01 | 098 | o087 | 233 096 | 086 | 308 093 | 073 | 201 091 | 070 | 427 092 | 060 | 366
Fx04toFx01 | 0.96 | 084 | 233 088 | 069 | 483 088 | 061 6.58 086 | 058 | 14.17 086 | 053 | 1515
FxO5t0Fx01 | 0.96 | 084 | 271 093 | 076 | 309 089 | 063 | 406 086 | 056 | 17.34 088 | 051 | 14.94

Fx02t0Fx01 | 091 | 066 | 228 090 | 076 | 242 092 | 068 | 294 084 | 054 | 313 082 | 049 | 480

Sphincter |_PXO%0F01 | 096 | 075 | 173 097 | 081 2.89 095 | 077 | 272 087 | 060 | 279 089 | 054 | 355
Fx04toFx01 | 0.90 | 061 2.87 089 | 061 281 084 | 048 | 321 086 | 050 | 359 086 | 040 | 510

Fx05toFx01 0.88 0.67 2.71 0.92 0.76 2.20 0.92 0.71 3.31 0.81 0.39 4.07 0.83 0.46 4.39

Fx020Fx01 | 1.00 | 090 | 218 098 | 093 | 224 077 | 026 | 1068 097 | 089 117 095 | 061 414

0 Fomur, | _P030Rx01 | 09 | 080 | 217 098 | 093 | 225 091 | 063 | 467 097 | 088 | 240 095 | 057 | 426
Prostate 1 Fx04toFx01 1.00 0.90 2.18 0.99 0.93 2.18 0.83 0.36 10.37 0.97 0.89 1.32 0.95 0.62 415
FxO5toFx01 | 099 | 090 | 2.18 096 | 089 | 235 089 | 051 467 095 | 081 262 094 | 050 | 413

Fx02toFx01 0.99 0.92 2.10 0.99 0.95 2.10 0.45 0.12 24.20 0.98 0.91 2.16 0.97 0.64 4.25

Femurg Fx03toFx01 0.99 0.92 2.10 0.98 0.94 2.13 0.91 0.56 3.71 0.97 0.90 2.24 0.96 0.62 4.12
FxO4toFx01 | 099 | 092 | 2.10 098 | 094 | 191 084 | 040 | 685 098 | 090 | 223 096 | 063 | 411

FxO5t0Fx01 | 099 | 082 | 211 096 | 093 | 222 080 | 034 | o972 095 | 088 | 206 096 | 062 | 408

Fx02t0Fx01 | 0.93 | 054 | 411 098 | 080 | 289 094 | 055 | a74 093 | 048 | 425 096 | 058 | 382

cTV Fx03toFx01 0.93 0.53 3.65 0.98 0.83 2.70 0.95 0.64 3.42 0.92 0.46 3.59 0.96 0.60 3.89
FxO4toFx01 | 0.95 | 065 | 334 098 | 078 | 293 092 | 051 436 094 | 057 | 375 096 | 057 | 370

FxXO5t0Fx01 | 0.93 | 049 | 407 098 | 081 2.78 095 | 065 | 323 092 | 045 | 430 096 | 058 | 408

Fx02toFx01 0.65 0.45 4.21 0.82 0.77 3.48 0.70 0.53 5.22 0.67 0.47 4.26 0.66 0.37 5.29

oy |_Px03oRor | 076 | 064 | a4 08t | 076 | 275 084 | 073 | 302 075 | o060 | 358 074 | o052 | 412
Fx04toFx01 0.92 0.94 2.10 0.91 0.93 2.24 0.92 0.94 2.04 0.93 0.95 2.06 0.91 0.75 2.75

Fx05toFx01 0.75 0.57 3.64 0.82 0.72 2.77 0.78 0.57 4.28 0.76 0.55 3.72 0.74 0.45 4.26
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Table S8: (ll) Prostate 2 contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm threshold, and
HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance; if checked the contour was used as guidance by
the institute. DSC printed in red if < 0.8. Abbreviations; Femur, : left femur, Femurg: right femur, CTV: clinical target volume, GTV: gross tumor

volume.
psc | spsc | HP9% osc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP9%
[mm] [mm] [mm] [mm] [mm]
Fx020Fx01 | 099 | 082 | 272 098 | 081 3.43 095 | 059 | 394 095 | 056 | 514 097 | o062 | 442
Bladder Fx03toFx01 0.99 0.83 2.71 0.98 0.83 2.81 0.94 0.53 5.30 0.92 0.52 10.35 0.98 0.66 412
FxO4toFx01 | 099 | 083 | 271 099 | 086 | 280 096 | 062 | 319 093 | 056 | 7.17 098 | 064 | 423
FxO5t0Fx01 | 0.99 | 083 | 274 098 | 079 | 305 091 | 042 | B4 085 | 040 | 1249 097 | 059 | 417
Fx02toFx01 0.98 0.86 2.38 0.84 0.73 15.17 0.87 0.51 4.62 0.81 0.52 12.79 0.87 0.43 5.54
Foctum |_FX080Fx01 | 097 | 085 | 181 097 | o087 | 247 082 | 047 | 705 083 | 055 | 1125 081 | 040 | 1050
Fx04toFx01 0.98 0.87 0.97 0.97 0.89 2.45 0.78 0.44 7.32 0.93 0.71 2.62 0.89 0.51 3.37
FxO5toFx01 | 0.98 | 086 | 1.8 096 | 086 | 256 078 | 039 | 965 074 | 038 | 15142 084 | 040 | o981
Fx020Fx01 | 081 | 051 3.36 078 | 085 | 371 082 | 059 | 287 079 | 040 | 390 085 | 051 427
Sphincter |_FX030F01 | 079 | 0se [ ass 078 | 068 | 351 083 | 062 | 367 079 | o046 | 370 084 | 055 | 383
Fx04toFx01 0.73 0.49 5.10 0.73 0.49 5.43 0.77 0.52 5.12 0.70 0.34 5.44 0.64 0.35 5.77
Fx05toFx01 0.75 0.51 5.60 0.76 0.55 5.87 0.72 0.51 4.05 0.68 0.27 6.55 0.72 0.37 5.19
Fx020Fx01 | 099 | 090 | 218 098 | 093 | 220 014 | 007 | 3185 096 | 088 166 091 | 039 | 579
an Fomur, | _P030Fx01 | 098 | 0s0 | 218 098 | 093 | 220 012 | 006 | 3402 097 | 089 155 097 | 060 | 460
Prostate 2 Fx04toFx01 0.99 0.90 2.18 0.97 0.93 2.23 0.21 0.08 27.35 0.96 0.87 2.34 0.93 0.47 4.89
FxO5toFx01 | 099 | 090 | 2.19 093 | 066 | 278 004 | 003 | 4026 092 | 061 2.02 090 | 036 | 549
FX02toFx01 | 0.99 | 090 | 214 090 | 050 | 411 059 | 016 | 1836 089 | 049 | 420 083 | 020 | 566
Femur, |_FX030P01 | 099 | 091 214 096 | 090 | 282 037 | 009 | 2570 096 | 086 | 240 096 | 055 | 468
FxO4toFx01 | 0.99 | 091 2.14 097 | 094 | 220 065 | 014 | 1268 097 | oss | 227 096 | 057 | 491
Fx05t0Fx01 | 0.99 | 0.91 213 095 | 089 | 282 034 | 008 | 2402 095 | 085 | 243 094 | 046 | 474
Fx020Fx01 | 093 | 056 | 276 098 | 085 | 261 089 | 03t 4.58 092 | 052 | 325 095 | 055 | 433
cTV Fx03toFx01 0.92 0.51 3.51 0.98 0.85 2.74 0.93 0.56 3.63 0.90 0.49 4.04 0.95 0.55 3.46
Fx04t0Fx01 | 0.92 | 051 3.18 098 | 085 | 265 092 | 055 | a8 090 | 045 | 382 094 | 053 | 39
Fx05t0Fx01 | 0.91 | 0.51 410 098 | 083 | 270 092 | 055 | 388 089 | 044 | 393 094 | 054 | 427
Fx02toFx01 0.43 0.49 3.76 0.49 0.42 4.79 0.60 0.55 4.03 0.23 0.61 4.82 0.19 0.31 5.21
oy |_Px0soRor | 043 | o046 | 406 040 | 030 | 607 016 | 025 | 685 026 | 052 | 525 023 | 028 | 488
Fx04toFx01 | 019 | 053 | 680 016 | 049 | 806 014 | 043 | 817 012 | 0as | 767 006 | 045 | 1012
Fx05toFx01 0.73 0.76 3.38 0.35 0.35 7.00 0.01 0.14 10.21 0.23 0.50 4.41 0.27 0.30 5.27
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Table S9: (lll) Cerfix contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm threshold, and
HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance; if checked the contour was used as guidance by
the institute. DSC printed in red if < 0.8. Abbreviations; GTV: gross tumor volume, CTVyr: High risk clinical target volume, CTV|g: Intermediate
risk clinical target volume.

A C D E F

DSC SDSC HD95% G DSC SDSC HD95% G DSC SDSC HD95% G DSC SDSC HD95% G DSC SDSC HD95% G
[mm] [mm] [mm] [mm] [mm]
Fx02toFx01 0.97 0.80 1.32 0.97 0.76 2.01 0.86 0.23 5.87 0.93 0.71 2.93 0.97 0.62 3.14

Bladder Fx03toFx01 0.97 0.70 1.98 X 0.97 0.70 2.10 M 0.82 0.62 5.63 X 0.93 0.67 2.59 0.97 0.51 3.02 X
Fx04toFx01 0.97 0.75 1.37 0.97 0.79 2.04 0.87 0.84 4.14 0.94 0.73 2.77 0.97 0.56 3.08
Fx05toFx01 0.97 0.70 1.84 0.97 0.68 1.94 0.77 0.25 6.17 0.92 0.67 2.70 0.96 0.27 2.09
Fx02toFx01 0.97 0.64 1.94 0.97 0.61 1.84 0.76 0.23 7.35 0.90 0.58 2.59 0.93 0.69 3.12

Rectum Fx03toFx01 0.97 0.57 1.98 X 0.97 0.56 1.84 X 0.79 0.59 4.34 X 0.90 0.57 2.39 0.94 0.62 3.09 X
Fx04toFx01 0.97 0.67 1.94 0.97 0.67 1.80 0.79 0.78 4.78 0.92 0.65 2.22 0.92 0.62 3.18
Fx05toFx01 0.97 0.07 2.00 0.97 0.09 1.88 0.69 0.11 7.78 0.92 0.08 2.21 0.93 0.32 3.09
Fx02toFx01 0.95 0.40 1.87 0.95 0.38 1.83 0.59 0.20 11.49 0.81 0.30 6.72 0.80 0.34 6.27
Sigmoid Fx03toFx01 0.96 0.43 1.09 X 0.96 0.46 1.52 M 0.60 0.47 9.30 . 0.82 0.39 4.09 0.82 0.39 4.28
Fx04toFx01 0.97 0.54 1.50 0.96 0.54 1.45 0.74 0.58 4.57 0.86 0.50 2.47 0.85 0.44 3.08
(I Fx05toFx01 0.96 0.16 1.62 0.96 0.19 1.47 0.58 0.12 6.91 0.84 0.16 4.13 0.82 0.15 3.86
Cervix Fx02toFx01 0.90 0.97 2.68 0.88 0.97 2.92 0.66 0.49 6.90 0.88 0.84 2.86 0.92 0.65 3.51
GTV Fx03toFx01 0.86 0.97 4.60 0.85 0.97 5.07 0.82 0.41 3.28 X 0.87 0.85 4.39 0.88 0.66 4.1
Fx04toFx01 0.89 0.97 2.58 0.89 0.97 2.46 0.92 0.55 2.34 0.87 0.85 2.76 0.89 0.64 3.40
Fx05toFx01 0.85 0.97 3.20 0.84 0.98 3.71 0.66 0.31 6.50 0.84 0.83 3.80 0.70 0.64 6.42
Fx02toFx01 0.89 0.97 3.38 0.88 0.98 3.54 0.76 0.51 6.03 0.89 0.85 3.76 0.95 0.68 3.18

CTVim Fx03toFx01 0.85 0.97 5.24 0.85 0.98 4.99 0.85 0.55 3.78 X 0.86 0.85 4.62 0.94 0.69 2.66 M
Fx04toFx01 0.88 0.97 2.40 0.89 0.98 2.48 0.92 0.50 3.20 0.88 0.91 3.10 0.93 0.62 3.40
Fx05toFx01 0.55 0.96 11.28 0.56 0.98 11.32 0.53 0.40 12.66 0.56 0.89 11.20 0.81 0.69 7.56
Fx02toFx01 0.92 0.96 5.05 0.90 0.98 4.46 0.86 0.37 6.52 0.90 0.71 5.91 0.92 0.45 4.65
CTVg Fx03toFx01 0.91 0.98 5.77 0.91 0.98 6.10 0.91 0.37 4.22 X 0.90 0.76 5.77 0.91 0.49 5.16
Fx04toFx01 0.94 0.98 2.55 0.94 0.98 2.72 0.95 0.48 3.72 0.94 0.83 2.66 0.93 0.50 4.24
Fx05toFx01 0.72 0.98 11.10 0.72 0.98 11.15 0.70 0.31 12.55 0.73 0.80 10.58 0.72 0.47 11.10
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Table S10: (IV) Liver contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm threshold,
and HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance; if checked the contour was used
as guidance by the institute. DSC printed in red if < 0.8. Abbreviations; Kidney, : left kidney, Kidneyg: right kidney, GTV: gross tumor

volume.
A F

DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95% G
[mm] [mm] [mm] [mm] [mm]
Fx02toFx01 0.95 0.86 3.17 0.78 0.65 4.57 0.51 0.18 13.58 0.70 0.43 8.01 0.75 0.25 7.30

Stomach Fx03toFx01 0.95 0.83 2.50 0.77 0.61 5.09 0.59 0.22 10.43 0.66 0.39 11.78 0.75 0.24 7.29 X
Fx04toFx01 0.95 0.84 3.27 0.78 0.66 4.33 0.61 0.27 10.51 0.70 0.47 9.92 0.76 0.26 7.41
Fx05toFx01 0.94 0.81 3.18 0.77 0.61 5.38 0.62 0.22 9.53 0.68 0.45 12.84 0.75 0.25 9.42
Fx02toFx01 0.96 0.89 2.74 0.82 0.66 3.14 0.70 0.26 7.42 0.80 0.57 5.16 0.82 0.23 5.80
Spleen Fx03toFx01 0.93 0.76 3.81 0.79 0.56 4.83 0.68 0.24 8.79 0.78 0.59 5.27 0.78 0.17 6.96
Fx04toFx01 0.96 0.88 2.68 0.81 0.64 3.75 0.75 0.28 5.23 0.81 0.68 4.90 0.82 0.22 6.25
Fx05toFx01 0.95 0.87 2.74 0.81 0.61 4.39 0.70 0.35 8.56 0.76 0.61 16.31 0.82 0.24 6.04
Fx02toFx01 0.87 0.83 1.69 0.80 0.80 9.53 0.64 0.51 7.28 0.83 0.80 3.27 0.79 0.47 4.48
Spinal cord Fx03toFx01 0.87 0.27 4.89 0.53 0.27 7.08 0.51 0.26 8.24 0.51 0.27 7.71 0.50 0.13 8.39
Fx04toFx01 0.88 0.81 0.83 0.83 0.81 2.62 0.68 0.49 4.67 0.84 0.81 2.77 0.81 0.51 3.70
Fx05toFx01 0.88 0.80 0.80 0.81 0.78 2.88 0.60 0.46 6.50 0.81 0.79 2.95 0.79 0.49 3.56
Fx02toFx01 0.82 0.72 19.92 0.65 0.30 17.53 0.60 0.20 16.83 0.68 0.33 18.61 0.58 0.09 19.45
Small bowel Fx03toFx01 0.85 0.72 7.34 0.65 0.25 17.27 0.61 0.16 15.66 0.61 0.28 20.38 0.62 0.09 22.67
Fx04toFx01 0.85 0.69 5.84 0.55 0.22 19.06 0.52 0.12 18.41 0.60 0.29 17.69 0.54 0.07 22.00
Fx05toFx01 0.84 0.67 6.22 0.61 0.29 14.73 0.51 0.18 15.10 0.61 0.34 19.50 0.40 0.09 21.57
Fx02toFx01 0.80 0.64 6.44 0.93 0.87 3.20 0.57 0.26 8.69 0.87 0.73 4.49 0.81 0.24 8.71
Pancreas Fx03toFx01 0.80 0.62 5.65 0.93 0.87 3.26 0.63 0.35 8.01 0.84 0.68 6.06 0.80 0.22 7.98
Fx04toFx01 0.82 0.67 4.86 0.95 0.91 2.65 0.73 0.37 7.03 0.88 0.77 412 0.83 0.29 8.20
Fx05toFx01 0.76 0.54 6.21 0.94 0.87 2.65 0.58 0.32 11.06 0.82 0.63 5.57 0.77 0.24 10.52
Fx02toFx01 0.90 0.60 4.96 0.85 0.74 2.74 0.76 0.19 9.62 0.82 0.47 6.15 0.83 0.15 714
(V) Liver Fx03toFx01 0.85 0.63 18.47 0.85 0.75 3.66 0.73 0.20 10.68 0.80 0.42 8.71 0.79 0.14 14.18
Liver Fx04toFx01 0.91 0.67 5.00 0.85 0.74 3.39 0.75 0.15 9.64 0.83 0.60 4.67 0.83 0.18 7.00
Fx05toFx01 0.91 0.73 3.90 0.85 0.77 3.06 0.75 0.18 10.26 0.83 0.65 4.69 0.84 0.19 3.77
Fx02toFx01 0.82 0.69 3.01 0.84 0.69 10.61 0.69 0.26 13.26 0.89 0.76 10.26 0.87 0.22 11.15
Kidneye Fx03toFx01 0.84 0.70 2.18 0.84 0.77 4.81 0.66 0.22 11.96 0.87 0.80 3.73 0.82 0.24 7.46
Fx04toFx01 0.84 0.77 2.21 0.87 0.79 3.87 0.71 0.29 9.33 0.87 0.81 4.46 0.85 0.29 7.03
Fx05toFx01 0.84 0.76 212 0.87 0.82 2.96 0.71 0.27 8.60 0.88 0.86 2.74 0.86 0.29 6.25
Fx02toFx01 0.83 0.77 3.44 0.81 0.80 19.71 0.67 0.30 12.61 0.87 0.75 10.27 0.86 0.24 14.59
Kidney, Fx03toFx01 0.85 0.66 2.30 0.88 0.78 3.75 0.80 0.36 6.37 0.88 0.76 5.30 0.87 0.22 6.24
Fx04toFx01 0.85 0.78 2.31 0.92 0.86 3.26 0.85 0.53 4.78 0.92 0.87 2.88 0.92 0.30 2.66

Continued on next page
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Table S10 — continued from previous page

Cc

D

DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95% DSC SDSC HD95%
[mm] [mm] [mm] [mm] [mm]
Fx05toFx01 0.85 0.81 2.06 0.91 0.91 2.48 0.79 0.38 6.63 0.91 0.88 2.68 0.92 0.31 5.38
Fx02toFx01 0.71 0.45 5.29 0.79 0.85 2.32 0.26 0.26 12.00 0.49 0.31 5.75 0.76 0.49 4.45
GTV Fx03toFx01 0.73 0.48 5.49 0.79 0.78 3.12 0.44 0.45 8.53 0.60 0.35 5.29 0.74 0.32 5.74
Fx04toFx01 0.75 0.52 6.90 0.79 0.82 2.38 0.61 0.42 5.04 0.55 0.32 7.57 0.76 0.45 4.40
Fx05toFx01 0.72 0.49 7.72 0.78 0.81 2.75 0.32 0.20 11.50 0.52 0.29 7.18 0.73 0.33 4.59
Fx02toFx01 0.79 0.79 5.23 0.92 0.89 2.07 0.53 0.38 14.04 0.78 0.73 15.15 0.76 0.33 73.26
Duodenum Fx03toFx01 0.81 0.78 2.54 0.87 0.87 2.90 0.52 0.30 10.70 0.78 0.68 4.64 0.73 0.32 34.02
Fx04toFx01 0.81 0.78 2.61 0.91 0.88 2.89 0.53 0.28 9.73 0.84 0.80 2.70 0.76 0.33 33.68
Fx05toFx01 0.81 0.78 2.58 0.87 0.90 2.52 0.46 0.21 12.18 0.81 0.76 3.25 0.72 0.32 13.28
Fx02toFx01 0.86 0.72 3.91 0.58 0.24 18.47 0.55 0.19 16.36 0.60 0.28 16.10 0.44 0.07 63.04
Colon Fx03toFx01 0.87 0.76 6.16 0.46 0.17 23.35 0.60 0.17 13.96 0.54 0.20 19.12 0.45 0.06 65.06
Fx04toFx01 0.86 0.73 6.53 0.46 0.16 24.36 0.55 0.16 15.30 0.51 0.19 20.52 0.37 0.04 64.42
Fx05toFx01 0.87 0.75 5.22 0.48 0.15 20.16 0.60 0.19 13.07 0.51 0.20 19.85 0.40 0.05 64.62

Aiejusweiddns 6



Gcl

Table S11: (V) Lymph node contour propagation evaluation metrics, DSC (Dice similarity coefficient), SDSC (surface DSC) with 2 mm threshold,
and HD95% (Hausdorff distance 95%) for the contours and deformed fraction. G: contour guidance; if checked the contour was used as guidance

by the institute. DSC printed in red if < 0.8. Abbreviations; CTV, : left clinical target volume, CTVg: right clinical target volume.

A c D F
psc | spsc | HP9% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP95% psc | spsc | HP9%

[mm] [mm] [mm] [mm] [mm]

Fx02toFx01 0.99 0.99 0.62 0.96 0.95 1.43 0.69 0.14 11.01 0.77 0.63 10.64 0.98 0.53 1.79

Bladder | _FX03toFx01 | 099 | 0.99 1.04 098 | 0.98 1.19 0.85 | 052 6.08 096 | 0.91 1.90 098 | 055 3.09
Fx04toFx01 0.99 1.00 1.02 0.99 0.99 117 0.84 0.43 711 0.97 0.92 1.82 0.98 0.53 3.13

Fx05toFx01 | 0.99 | 0.99 1.03 098 | 098 1.22 092 | 058 3.45 097 | 093 1.64 098 | 054 3.01

Fx02toFx01 0.98 1.00 0.70 0.97 0.99 1.24 0.78 0.54 6.67 0.89 0.96 1.68 0.96 0.63 2.61

Rectum |_FXO3toFx01 | 0.98 | 1.00 0.74 0.96 | 0.99 1.01 0.76 | 0.50 6.68 0.87 | 082 2.55 095 | 061 2.62
Fx04toFx01 | 0.98 | 0.99 0.82 097 | 0.99 1.26 070 | 0.44 8.19 0.86 | 0.95 6.08 0.95 | 0.60 2.74

Fx05toFx01 0.98 0.99 0.79 0.97 0.98 1.27 0.79 0.60 6.23 0.89 0.97 1.27 0.95 0.60 2.50

Fx02toFx01 | 0.76 | 0.88 51.75 064 | 062 52.19 026 | 0.29 55.91 0.61 0.60 54.68 096 | 032 2.61

) Sigmoid Fx03toFx01 | 0.63 | 0.80 52.98 0.40 | 062 61.45 039 | 055 58.96 0.37 | 058 66.65 095 | 0.40 2.62
Lymph node Fx04toFx01 0.76 0.88 50.16 0.51 0.52 51.46 0.31 0.22 11.27 0.55 0.56 25.83 0.95 0.27 2.74
Fx05toFx01 | 0.80 | 0.89 22.98 053 | 0.59 56.27 052 | 0.50 12.43 059 | 0.63 52.89 095 | 032 2.50

Fx02toFx01 0.72 1.00 1.37 0.89 1.00 0.79 0.46 0.84 2.90 0.58 0.95 2.22 0.68 0.91 1.75

cTV, Fx03toFx01 0.40 0.92 3.44 0.87 1.00 0.77 0.00 0.44 7.09 0.27 0.89 3.67 0.33 0.86 4.21

Fx04toFx01 0.67 1.00 2.04 0.91 1.00 0.90 0.00 0.41 7.27 0.53 0.94 2.49 0.53 0.88 2.48

Fx05toFx01 | 0.70 | 0.98 1.34 055 | 0.99 0.94 0.00 | 0.00 n.a. 069 | 0.96 1.27 0.51 0.86 2.55

Fx02toFx01 | 0.82 | 1.00 1.01 0.91 1.00 0.87 0.00 | 0.22 6.98 052 | 075 3.18 075 | 0.90 1.90

CTVx Fx03toFx01 0.83 0.97 1.20 0.87 1.00 0.88 0.58 0.84 2.27 0.22 0.49 4.26 0.74 0.92 2.46

Fx04toFx01 | 0.82 | 1.00 1.15 0.49 | 1.00 1.02 0.02 | 0.39 7.04 0.31 0.50 3.91 072 | 093 1.83

Fx05toFx01 | 0.82 | 0.98 117 055 | 1.00 1.04 0.00 | 0.00 n.a. 062 | 0.84 2.64 069 | 094 2.40
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Table S12: Summary of the ANOVA for repeated measures with post-hoc test for DSC analysis.
Abbreviations CTV: clinical target volume, GTV: gross tumor volume, CTVyg: High risk clinical
target volume, CTV)g: Intermediate risk clinical target volume, CTV,: left clinical target volume,
CTVg: right clinical target volume, A-F are the Institutes, N/A: not applicable, n.s.: not statistically
significant.

ANOVA for repeated measures with post-hoc test
Cases & contours Global hypothesis Pairwise comparison
p-Value Combination of pairs p-Value
AC
AF
Bladder CF n-s.
DE
all other combination pairs <0.05
AD
AF
Rectum cD <0.05
CF
EF
all other combination pairs n.s.
AF
CF
Sphincter DF <0.05
EF
all other combination pairs n.s.
StaG:(;:rd <005 é B
Femur, DE <0.05
DF
all other combination pairs n.s.
AD
Femurg CD <0.05
DE
all other combination pairs n.s.
CD
cTV CE <0.05
CF
all other combination pairs n.s.
GTV CF <0.05
all other combination pairs n.s.
Bladder A E - - <0.05
all other combination pairs n.s.
AD
Rectum AE <0.05
(I) Prostate 1 <0.05 A F - -
all other combination pairs n.s.
Sphincter all combination pairs n.s
AD
CD
Femur_ DE <0.05
DF
all other combination pairs n.s.

Continued on next page
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Table S12 — continued from previous page

Cases & contours

ANOVA for repeated measures with post-hoc test

Global hypothesis

Pairwise comparison

p-Value

Combination of pairs

p-Value

Femurg

CTVv

AD
CD
DE
DF

<0.05

all other combination pairs

n.s.

AD
AE
CF
DE

n.s.

all other combination pairs

<0.05

GTV

0.78

N/A

() Prostate 2

Bladder

Rectum

<0.05

AD
AE
CE
EF

<0.05

all other combination pairs

n.s.

AD
AE
AF
CD

<0.05

all other combination pairs

n.s.

Sphincter

0.90

N/A

Femur_

Femurg

CTV

<0.05

AD
CD
DE
DF

<0.05

all other combination pairs

n.s.

AD
CD
DE
DF

<0.05

all other combination pairs

n.s.

AD
AE
DE

n.s.

all other combination pairs

<0.05

GTV

0.21

N/A

(1) Cervix

Bladder

Rectum

Sigmoid

<0.05

AD
CD
DE
DF

<0.05

all other combination pairs

n.s.

AC
AF
CF
EF

n.s.

all other combination pairs

<0.05

AC
EF

n.s

all other combination pairs

<0.05

CTVhr

0.70

N/A

Continued on next page
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Table S12 — continued from previous page

Cases & contours

ANOVA for repeated measures with post-hoc test

Global hypothesis

Pairwise comparison

p-Value Combination of pairs p-Value
CTVir 0.99 N/A
GTV 0.26 N/A
CD
CE n.s.
Colon CF
<0.05 DE
all other combination pairs <0.05
Duodenum A E - - ns.
all other combination pairs <0.05
AE
. DE n.s.
Kidney_ bF
all other combination pairs <0.05
CE
) CF n.s.
Kidneygr EE
all other combination pairs <0.05
AE
Pancreas AF n-s.
EF
(IV) Liver all other combination pairs <0.05
AC
AD
SmallBowel AE <0.05
AF
all other combination pairs n.s.
SpinalCord 0.59 N/A
CE
Spleen CF n.s.
EF
all other combination pairs <0.05
Stomach <0.05 c F . - n-s.
all other combination pairs <0.05
CE
Liver CF n-s.
EF
all other combination pairs <0.05
AC
AF
GTV CE n.s.
DE
all other combination pairs <0.05
AD
Bladder cD <0.05
DF
(V) Lymph node <0.05 all other combination pairs n.s.
AC
Sigmoid AD <0.05
all other combination pairs n.s.

Continued on next page
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Table S12 — continued from previous page

ANOVA for repeated measures with post-hoc test
Cases & contours Global hypothesis Pairwise comparison
p-Value Combination of pairs p-Value

AC
AF n.s.
CF
all other combination pairs <0.05
AD
CD
CTVL DE
DF
all other combination pairs n.s.
AD
AE
CTVg CcD

DF

Rectum

<0.05

<0.05

H(;"S Left lymph node to left femur b} Right lymph node to left femur ?5 Left lymph node to right lymph node
0.0 - 0.0 - 0.0
0.5 1 0.5 4 0.5
£ -1.0 -10 -10
1.5 4 1.5 1.5
_2.0 -7.0 -2.0
—2.5 o —2.5 - —25
Bx0l  Ex02  FeO3  ExDA Fxob Px0l  FxD2  FxO3  FeD4 FaOS Fa0l  Fx02  Fx03  Ex04  Pads

Figure S4: Differences in magnitude vectors a) left lymph node to left femur (mm) b) right lymph
node to left femur (mm) and c) left lymph node to right lymph node (mm) of fractions 2-5 to fraction
1. The magnitude vectors were calculated from the x, y and z coordinates of the vectors a) left
lymph node to left femur (mm) b) right lymph node to left femur (mm) and c) left lymph node to right
lymph node (mm) which were calculated from the center of mass of the left lymph node, right lymph
node, and left femur.

Table S13: Summary of the intraclass correlation coefficient (ICC) and the ANOVA for repeated
measures with post-hoc test. Abbreviations CTV: clinical target volume, GTV: gross tumor volume,
CTVygr: High risk clinical target volume, CTV|g: Intermediate risk clinical target volume, CTV,: left
clinical target volume, CTVg: right clinical target volume, A-F are the Institutes, N/A: not applicable,
n.s.: not statistically significant.

ANOVA for repeated measures

Reliabilit i -
Cases & contours eliabiiity with post-hoc test
Global Pairwise
hypothesis comparison
ICC 95% Confidence p-Value Combination of pairs p-Value
Interval

CTV 1.00 | 1.00 1.00 <0.05 all combination pairs <0.05

Gold Standard AB n.s

Bladder | 1.00 | 1.00 | 1.00 <0.05 AF n-s

BF n.s
all other combination pairs <0.05

Continued on next page
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ANOVA for repeated measures
Reliabilit i .
Cases & contours y with post-hoc t_eSt.
Global Pairwise
hypothesis comparison
S -
ICC 95% Confidence p-Value Combination of pairs p-Value
Interval
Rectum 0.99 | 0.99 0.99 <0.05 all combination pairs <0.05
CTV 1.00 | 1.00 1.00 0.24 N/A
(I) Prostate 1 Bladder 0.99 | 0.99 0.99 <0.05 all combination pairs <0.05
Rectum 0.99 | 0.99 0.99 <0.05 all combination pairs <0.05
AC n.s
CTV 1.00 | 1.00 1.00 <0.05 CF n.s
() Prostate 2 all other combination pairs <0.05
Bladder | 1.00 | 1.00 | 1.00 <0.05 bE ns
all other combination pairs <0.05
Rectum 0.98 | 0.98 0.98 <0.05 all pair of combination <0.05
DF .
GTV 1.00 | 1.00 | 1.00 <0.05 o n-s
all other combination pairs <0.05
CTVhr 1.00 | 1.00 1.00 <0.05 all pair of combination <0.05
(1) Cervix CTViR 1.00 | 1.00 1.00 <0.05 all pair of combination <0.05
BD .
Bladder | 1.00 | 1.00 | 1.00 <0.05 S ns
all other combination pairs <0.05
Rectum | 1.00 | 1.00 | 1.00 <0.05 AC ns
all other combination pairs <0.05
AE n.s
Sigmoid 1.00 | 1.00 1.00 <0.05 CE n.s
all other combination pairs <0.05
. GTV 0.92 | 0.92 0.92 0.33 N/A
(IV) Liver - —
Colon 1.00 | 1.00 1.00 <0.05 all pair of combination <0.05
Duodenum 1.00 | 1.00 1.00 <0.05 all pair of combination <0.05
Small bowel | 0.99 | 0.99 0.99 <0.05 all pair of combination <0.05
Spinal cord | 0.99 | 0.99 0.99 0.22 N/A
AD .
Liver 1.00 | 1.00 | 1.00 <0.05 S n-s
all other combination pairs <0.05
Bladder 1.00 | 1.00 1.00 0.05 N/A
AF .
Rectum | 1.00 | 1.00 | 1.00 <0.05 - ns
(V) Lymph node all other combination pairs <0.05
AE n.s
AF .
Sigmoid | 1.00 | 1.00 | 1.00 <0.05 ns
EF n.s
all other combination pairs <0.05
CTV, 0.84 | 0.84 0.85 <0.05 all pair of combination <0.05
AE .
CTVg 072 | 071 | 073 <0.05 - n-s
all other combination pairs <0.05

130




9 Supplementary

Fx02 to Fx01 Fx03 to Fx01 Fx04 to Fx01 Fx05 to Fx01

—CTv
s Bladder
= = Rectum

Gold
Standard

—C1Vv
s Bladder
= = Rectum

U

Prostate 1

Volume [%)]

—CTv
e Bladder
= = Rectum

(I
Prostate 2

Volume [%]

—GTV

(D]

Cervix —-—- Bladder

——Rectum
— — Sigmoid

—GTV

= = Colon

+===+= Duodenum

- Small bowel
Spinal cord
Liver

v

Liver

Volume [%)]

—CV,

- CT\/L

——Bladder
-------- Rectum
=-== Sigmoid

Lymph
node

Volume [%]

0 10 20 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
Dose [Gy] Dose [Gy] Dose [Gy] Dose [Gy]

Institute color code —A —B ¢ —bp —E —F

Figure S5: Gold standard and clinical cases resulted DHVs of the deformed dose for fraction two
(Fx02) till fraction five (Fx05) to fraction one (Fx01) by the use of offline re-contoured structure set
of fraction one (Fx01). The colors illustrate the different institutes (A-F) and the line type illustrates
the clinically relevant contours. Note: Institute B did not provide mapped dose files for cervix and
prostate 1. Abbreviations; CTV: clinical target volume, GTV: gross tumor volume, CTVyg: High risk
clinical target volume, CTV|g: Intermediate risk clinical target volume, CTV,: left CTV, CTVg: right
CTV.
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Figure S6: Results of the accumulated DVH per tumor volume and wall contours and institutes; for
the cases gold standard (a), (I) prostate 1 (b), (ll) prostate 2 (c), (lll) cervix (d), (IV) liver (e) and (V)
lymph node (f). Wall contours for rectum, colon, and duodenum, likewise for bladder and stomach
were created using negative margins of 3 and 4 mm. The institutes (A-F) are presented in different
colors, the case-related contours are presented in different line styles. Contours of fraction one

were used for the respective DVH calculation.
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Table S14: Clinical dosimetric criteria (CDC) results of deformable dose accumulation (DDA) of
the institutes for the gold standard (GS) and the clinical cases; (I) prostate 1, (ll) prostate 2, (Ill)
cervix, (V) liver, and (V) lymph nodes. Wall contours for rectum, colon, and duodenum, likewise for
bladder and stomach were created using negative margins of 3 and 4 mm. The respective CDC
for the individual institutes DDA were calculated by Monaco by the use of offline re-contoured wall

structure set of fraction one (Fx01).

Case Clinical dosimetric criteria Accumulated
(CDC) A B o] D E F | Mean | Std
D5cm? | <37.0 | [Gy] | 33.0 | 32.7 | 328 | 324 | 31.4 | 326 | 325 | 0.6
Bladderwan V28.0Gy | <15.0 | [%] | 14.1 | 140 | 140 | 136 | 13.9 | 139 | 139 | 0.2
(Gold) V32.0Gy | <20.0 | [%] | 95 | 93 | 93 | 88 | 64 | 9.1 87 | 1.2
Standard Dicm3 <38.0 | [Gy] | 33.1 | 343 | 343 | 341 | 354 | 340 | 34.2 0.7
Rectumya V28.0Gy | <15.0 | [%] | 120 | 129 | 13.1 | 11.8 | 13.7 | 120 | 126 | 0.8
V32.0Gy | <20.0 | [%] | 67 | 82 | 84 | 74 | 99 | 73 8.0 | 1.1
D5cm® | <37.0 | [Gy] | 37.1 | 33.9 | 32.3 | 31.2 | 356 | 30.1 | 33.3 | 2.7
0 Bladderwai V28.0Gy | <15.0 | [%] | 136 | 158 | 14.4 | 143 | 211 | 52 | 141 | 5.1
Prostate 1 V32.0Gy | <20.0 | [%] | 85 | 113 | 95 | 73 | 157 | 25 9.1 4.4
Rectumy Dicm? | <380 | [Gy] | 36.5 | 36.4 | 36.6 | 36.8 | 36.6 | 36.4 | 36.6 | 0.2
V28.0Gy | <15.0 | [%] | 154 | 16.3 | 16.0 | 16.9 | 16.0 | 15.0 | 159 | 0.7
D5cm? | <37.0 | [Gy] | 35.8 | 36.0 | 359 | 36.1 | 36.1 | 358 | 359 | 0.1
Bladderwa V28.0Gy | <15.0 | [%] | 20.7 | 22.0 | 20.7 | 239 | 226 | 20.8 | 218 | 1.3
(I V32.0Gy | <20.0 | [%] | 152 | 17.0 | 154 | 17.3 | 158 | 152 | 16.0 | 0.9
Prostate 2 Dicm? | <380 | [Gy] | 349 | 349 | 34.3 | 35.1 | 33.1 | 30.1 | 33.7 | 1.9
Rectumyay V28.0Gy | <150 | [%] | 11.8 | 105 | 11.1 | 1382 | 7.7 | 116 | 110 | 1.8
V32.0Gy | <20.0 | [%] | 78 | 73 | 68 | 85 | 44 | 8.1 72 | 15
() Bladderyay D2cm3 | <275 | [Gy] | 26.5 | 27.0 | 26.5 | 26.3 | 266 | 26.2 | 26,5 | 0.3
_ Rectumyya D2cm3 | <215 | [Gy] | 17.3 | 180 | 176 | 19.7 | 166 | 175 | 17.8 | 1.0
Cervix Sigmoidyyay D2cm3 | <215 | [Gy] | 21.7 | 21.3 | 21.3 | 22,6 | 220 | 216 | 21.8 | 0.5
™) Colonyay Dmax <320 | [Gy] | 22.7 | 233 | 225 | 19.3 | 17.3 | 226 | 21.3 | 2.4
Liver Duodenumyyy Dmax <300 | [Gy] | 240 | 219 | 223 | 17.2 | 165 | 229 | 20.8 | 3.2
Stomachyay Dmax <30.0 | [Gy] | 29.7 | 30.1 | 30.3 | 26.9 | 28.0 | 30.4 | 29.2 | 1.4
V) Bladderyyg D0.5cm3 | <32.0 | [Gy] | 9.0 9.1 9.1 9.2 9.3 9.1 9.1 0.1
Lymph node Rectumyya D0.5cm3 | <32.0 | [Gy] | 145 | 150 | 148 | 143 | 192 | 152 | 155 | 1.8
Sigmoidwa | D0.5cm3 | <32.0 | [Gy] | 1.7 | 15 | 19 | 1.3 | 15 | 1.6 16 | 0.2
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9.3 Comparison of online adaptive and non-adaptive
magnetic resonance image-guided radiation therapy in
prostate cancer using dose accumulation

9.3.1 Supplementary A: Material and Methods

EQD2 was calculated with the linear-quadradic model

Zz(D?VD)n d+% (10)
> Vi 2+5

where D; specifies the dose and V; the volume at dose level i, respectively. Parameter n
describes the volume effect, d the dose per fraction and the o/ ratio the dose-response
relationship.

Cohen’s d was calculated by

EQD2 = (

M; — Ms)

a1 (11)

Sp
with A, and M, being the mean values of the two groups to be compared and s, the
pooled standard deviation which is a weighted average of the standard deviations of
the two groups.

9.3.2 Supplementary B: Results

Figure S7 illustrates the variability of bladder and rectum volumes for the initial treat-
ment plan and across fractions per patient.

The two investigated DDA approaches, OA-MRgRT and conv-IGRT, yielded compa-
rable median (range) NTCP results (cf. Supplementary Figure S8), in detail for bladder
incontinence G2+ with 2.4 % (2.2% - 3.0%) and 2.4 % (2.3 % - 2.9 %) and for rectum late
toxicity G2+ OA-MRgRT and conv-IGRT resulted in 0.4 % (0.4 % - 0.6 %) and 0.5 % (0.4 %
- 0.7%). The statistical analysis yielded no significant differences.
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Figure S7: Variability of bladder and rectum volumes for the initial treatment plan and across frac-
tions per patient.
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a) , b) .
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Figure S8: Boxplots showing the differences in the NTCP for a) bladder incontinence G2 and b)
rectum late toxicity G2+ between refPlan, conv-IGRT, and OA-MRgRT. The boxes represent in-
terquartile range (IQR), which is the range between the first quartile (Q1) and the third quartile
(Q3). The black line inside the box is the median of the dataset. The length of the whiskers is set to
1.5 times the IQR. Individual data points beyond the whiskers are considered potential outliers and
plotted as black circles. The color-coded points are the patient-individual results.
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