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Abstract

Thanks to combined magnetic resonance (MR) linear accelerators (LINACs) called MR-
LINAC S, the integration of image guidance and online plan adaptation into radiother-
apy became feasible. Dose-free magnetic resonance imaging (MRI), daily plan adjust-
ments, and gating were shown to improve treatment outcomes and reduce side effects.
However, treatment adaptation entails time-consuming segmentation of organs at risk
(OARs) and target volumes, not only on the pre-treatment planning MRI but also on
all daily fraction images. Quick segmentation of fraction images is crucial to minimize
patient waiting time for irradiation. To improve and speed up fraction segmentation
compared to conventional auto-segmentation models, expert knowledge from the plan-
ning phase could be leveraged.

The aim of this work was to investigate deep learning (DL) auto-segmentation
methods for cancer patients receiving conventional radiotherapy or magnetic resonance-
guided radiation therapy (MRgRT). The main focus was on personalized models to
enhance the segmentation in fractionated online adaptive treatments.

The first paper analyzed the impact of DL contours on dose optimization in con-
ventional radiotherapy of prostate cancer patients. It investigated the possible correla-
tion between contour quality and the quality of treatment plans optimized using these
contours. The study concluded that networks achieving state-of-the-art segmentation
performance predict contours that lead to satisfactory dose distribution in most inves-
tigated cases. No strong correlations were found between the geometric and dosimetric
metrics.

The second study explored personalized models generated by fine-tuning conven-
tional DL population models with the manually delineated planning MRI of a patient.
The target group were prostate cancer patients undergoing MRgRT. Personalized mod-
els effectively learned organ shapes as defined on the planning image for each patient.
They were particularly beneficial for target volume segmentation and for patients with
unusual anatomies.

The third study investigated networks for combined image registration and seg-
mentation as an alternative to personalized models from the second paper. These
networks were trained to register the planning and fraction MRIs and propagate the
planning expert contours to the daily anatomy. The registration-based networks were
successful in prostate clinical target volume (CTV) segmentation. The latter is difficult
to segment with population models due to the individual shape but does not change
significantly throughout the weeks. Personalized models performed better than regis-
tration networks for OARs undergoing larger changes.

The last study explored further options for personalized training. It analyzed the
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impact of population models on patient-specific segmentation networks for abdominal
OARs. The study investigated the adjustment of personalized models to the patient’s
anatomy from the planning day and optionally from additional fractions. It also ex-
plored whether training from scratch (i.e., without the population model) using only
the segmented planning MRI is sufficient to create a personalized model. The study
showed that by fine-tuning population models with expert delineations of a given
patient (planning or planning plus previous fractions), the models predict clinically
usable contours with little to no corrections needed. Using single patient data was in-
sufficient to develop robust personalized models. Regardless, all personalized models
improved with updates to the prior fraction anatomies.

Summarizing, personalized models created by fine-tuning population models with
expert-segmented images of a given patient performed best among all investigated
alternatives. Training times of personalized models were short enough for clinical im-
plementation. By reducing the necessity of manual contour corrections, personalized
models have the potential to shorten treatment adaptation and reduce inter and intra-
observer segmentation variability in MRgRT at MR-LINAC:s.



Zusammenfassung

Die Integration von Bildfiihrung und Online-Plananpassung in die Strahlentherapie
wude dank der kombinierten Magnetresonanz-(MR)-Linearbeschleuniger (LINACs),
den so-genannten MR-LINACs, ermdglicht. Bilgebung ohne Strahlungsbelastung durch
die Magnetresonanztomographie (MRT), tiagliche Plananpassungen und Gating kénnen
nachgewiesen die Behandlungsergebnisse verbessern und die Nebenwirkungen ver-
ringern. Die Anpassung des Bestrahlungsplans erfordert jedoch eine zeitaufwéndige
Segmentierung der Risikoorgane und der zu bestrahlenden Volumen, und das nicht
nur bei den MRT-Bildern der Bestrahlungsplanung, sondern auch bei allen tiaglich auf-
genommenen Fraktionsbildern. Eine schnelle Segmentierung von Fraktionsbildern ist
von entscheidender Bedeutung, um die Wartezeit der Patienten zu minimieren, so-
wie die Zahl der Patienten am MR-LINAC zu maximieren. Zur Verbesserung und Be-
schleunigung der Segmentierung der Fraktionsbilder im Vergleich zu herkdmmlichen
Auto-Segmentierungsmethoden konnte die drztlich verifizierte Segmentierung aus der
Planungsphase genutzt werden.

Ziel dieser Arbeit war die Untersuchung von deep learning (DL) Autosegmen-
tierungsmethoden fiir Krebspatienten, die eine konventionelle Strahlentherapie oder
Magnetresonanz-gestiitzte Radiotherapie (MRgRT) erhalten. Das Hauptaugenmerk lag
dabei auf personalisierten Modellen zur Verbesserung der Segmentierung bei fraktio-
nierten online-adaptiven Behandlungen.

In der ersten Arbeit wurden die Auswirkungen der DL-Konturen auf die Dosisop-
timierung in der konventionellen Strahlentherapie von Prostatakrebspatienten analy-
siert. Eine mogliche Korrelation zwischen der Qualitdt der Konturen und der Qualitét
der Behandlungspline, die anhand dieser Konturen optimiert wurden, wurde unter-
sucht. Die Studie kam zu dem Schluss, dass DL-Netzwerke, die eine state-of-the-art
Segmentierungsleistung erreichen, in den meisten untersuchten Féllen Konturen vor-
hersagen, die zu einer zufriedenstellenden Dosisverteilung fithren. Es wurden jedoch
keine starken Korrelationen zwischen den geometrischen und dosimetrischen Metri-
ken festgestellt.

Die zweite Studie untersuchte personalisierte Modelle, die durch Feinabstimmung
konventioneller DL-Populationsmodelle mit den manuell erstellten Planungs-MRT-
Segmentierungen eines Patienten optimiert wurden. Die Zielgruppe waren Prostata-
krebspatienten, die mit MRgRT behandelt wurden. Personalisierte Modelle konnten
effektiv die spezifischen Organstrukturen der Patienten anhand der Planungsbilder
und Konturen erlernen. Sie waren besonders vorteilhaft fiir die Segmentierung von
Tumorvolumen und fiir Patienten mit ungewohnlicher Anatomie.

In der dritten Studie wurden neuronale Netzwerke fiir die kombinierte Bildregi-
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strierung und -segmentierung als Alternative zu den personalisierten Modellen aus der
zweiten Studie untersucht. Diese Netzwerke wurden darauf trainiert, die Planungs-
und Fraktions-MRTs aufeinander zu registrieren um die Expertenkonturen der Pla-
nungsphase auf die aktuelle Anatomie zu iibertragen. Die Bildregistrierungs-basierten
Netzwerke waren bei der Segmentierung von Prostata-Zielvolumen erfolgreich. Letz-
tere sind aufgrund der individuellen Form schwer mit Populationsmodellen zu seg-
mentieren, dndern sich aber im Laufe der Behandlungsfraktionen nicht wesentlich.
Personalisierte Modelle schnitten besser ab als Bildregistrierungsnetzwerke fiir Risiko-
organe, die groflere Verdnderungen durchlaufen.

Die letzte Studie untersuchte weitere Varianten des personalisierten Trainings. Sie
analysierte die Auswirkungen von Populationsmodellen auf patientenspezifische Seg-
mentierungsnetzwerke fiir abdominale Risikoorgane. Die Studie untersuchte die An-
passung der personalisierten Modelle basierend auf der Anatomie des Patienten am
Planungstag und optional an zusétzlichen Fraktionen. Es wurde zudem untersucht, ob
ein eigenstdndiges Training (d. h. nicht auf dem Populationsmodell basierend) nur
unter Verwendung des segmentierten Planungs-MRT ausreicht, ein personalisiertes
Modell zu erstellen. Die Studie zeigte, dass die Modelle durch Feinabstimmung von
Populationsmodellen mithilfe von Expertensegmentierungen eines gegebenen Patien-
ten (Planungbild oder Planungs- und vorherige Fraktionsbilder) klinisch akzeptable
Konturen vorhersagen, wobei nur wenige bis keine Korrekturen erforderlich sind. Die
Verwendung von Daten eines einzelnen Patienten war nicht ausreichend, um robuste
personalisierte Modelle zu erstellen. Unabhingig davon verbesserten sich alle perso-
nalisierten Modelle unter Verwendung zusétzlicher Fraktionsbilder und Konturen.

Zusammenfassend ladsst sich sagen, dass personalisierte Modelle, die durch Fein-
abstimmung von Populationsmodellen mithilfe von &rztlich verifizierten Segmentie-
rungen der jeweiligen Patienten erstellt wurden, unter allen untersuchten Alternativen
am besten abschnitten. Die Trainings der personalisierten Modelle sind ausreichend
schnell fiir die klinische Anwendung. Indem sie die Notwendigkeit manueller Kon-
turkorrekturen verringern, haben personalisierte Modelle das Potenzial, die Behand-
lungsanpassung zu verkiirzen und die Segmentierungsvariabilitdt bei der MRgRT am
MR-LINAC zu reduzieren.
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Chapter 1

Introduction

Cancer has been a significant global public health concern for many years [1]. The
International Agency for Research on Cancer estimated nearly 20 million new inci-
dences and 9.7 million deaths caused by cancer in 2022 [2]. Despite an increase in
incidence, the mortality rate has been decreasing [1]. That can be attributed to the con-
tinuous advancements in diagnostics and therapy. The five most important techniques
of cancer treatment, the so-called pillars, include surgery, chemotherapy, radiotherapy,
immunotherapy, and molecularly targeted therapy [3]. These pillars are frequently
combined rather than used in isolation, and about half of the patients receive radio-
therapy in the course of their treatment [4].

Radiation therapy can be classified into two types based on the location of the radiation
source. In brachytherapy, radioactive sources are placed inside the patient’s body close
to or inside the tumor, in order to minimize the healthy tissue exposure [5]. The second
type is external beam radiation therapy (EBRT). It is a non-invasive technique that uses
therapeutic radiation coming from outside the patient. It employs photons, electrons,
protons, or heavy ions [6]. The most prevalent form of EBRT is intensity-modulated
radiation therapy (IMRT) with photons at medical LINACs. In IMRT, the intensity of
beams passing through the primary target volume is increased, while the intensity of
beams passing through sensitive organs is decreased [7]. IMRT allows for high tumor
volume coverage and more effective healthy tissue sparing. However, it is sensitive to
setup uncertainties (e.g., patient positioning), anatomical changes (weight loss or gain),
or physiological motions (breathing or peristaltic movements) and requires consider-
able safety margins around the target volumes [8].

A recent development addressing the shortcomings of IMRT is the implementation
of image guidance and online treatment adaptation at combined MR-LINACs [9, 10].
They introduce daily MRI acquisition followed by quick plan adaptation to the current
patient’s anatomy. Additionally, the implementation of fast MRI sequences enables
gated treatment, that is, pausing irradiation when the beam misses its target. MR-
LINACs allow for smaller safety margins, which leads to two main benefits. Firstly,
normal tissue is spared more efficiently, resulting in lower toxicity and fewer side
effects [11]. Secondly, higher doses can be safely delivered to the tumor without ex-
ceeding limits in OARs. Thus, fewer irradiation sessions, i.e., fractions, are necessary
while improving tumor control [12]. However, image-guided treatments also have
some disadvantages that need to be considered. Besides the high costs of combined
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MR-LINAC S, the radiotherapy workflows are more laborious and time-consuming [13].
There is also an intrinsic trade-off involved in online adaptation. More precise adjust-
ments improve treatment plan quality but prolong the time the patient has to spend
on the treatment couch. In turn, the longer patients wait for the irradiation, the higher
the likelihood of anatomical changes.

Accurate segmentation of organs and target volumes is an important step in the ra-
diotherapy workflow. Yet, if performed fully manually, it can be very time-consuming.
Long segmentation times are not the only concern of manual contouring. The inter-
and intra-observer variability and the need for trained experts are other frequently
reported issues [14]. Motivated by these disadvantages, many auto-segmentation algo-
rithms have been developed over the years. There are methods based on image inten-
sities, organ shape modeling, or using previously segmented images, i.e., atlases [15].
Several years ago, DL algorithms entered the stage of auto-segmentation. Two impor-
tant breakthroughs significantly impacted this field: the convolutional neural networks
(CNNs) [16] and the U-Net [17] architecture. By introducing convolutional layers, in-
formation encoded in the pixel intensities could be combined with their spatial loca-
tion, which is crucial for image processing. The strength of the U-Net is that thanks
to its encoder-decoder structure with skip connections, it captures both the coarse and
fine image features. The DL algorithms were shown to be significantly faster and more
accurate than previous segmentation methods [15,18].

The research topic of this dissertation combines the fields of radiation therapy and
deep learning. DL algorithms were studied for auto-segmentation of OARs and target
volumes in medical imaging, especially for daily plan adaptation in MRgRT. The data
in the study originated from prostate cancer patients and patients diagnosed with tu-
mors in the abdominal area. An important new aspect of this work was the departure
from the following typical DL assumption: neural networks must be trained on large
and diverse datasets. This assumption is to ensure that the networks learn generic
data features that enable them to perform well on new unseen examples. However,
in fractionated MRgRT, the images on consecutive fraction days are highly correlated,
and the same anatomical structures of the same patient must be repeatedly contoured.
Therefore, adjusting the model to a given patient using segmented data from the begin-
ning of the treatment may outperform the population models on subsequent treatment
days. This has the potential to reduce the contouring workload for the physicians while
ensuring that patient-specific delineation choices are consistently preserved, shorten
treatment adaptation time, and consequently improve treatment outcomes.

This cumulative dissertation is structured as follows. In Chapter 2, the principles of
computed tomography (CT) and MR imaging, as well as image registration, are pre-
sented. Chapter 3 describes the role of radiation therapy in cancer treatment and
outlines the workflows of conventional EBRT and MRgRT. The main topic of Chap-
ter 4 is DL and its applications in image segmentation and registration. Chapter 5
lists studies carried out in the scope of this thesis. The first study investigated CT
auto-segmentation models for prostate cancer patients treated at conventional LINACs.
Moreover, it examined the impact of DL-generated contours on optimizing dose dis-
tributions. In the remaining studies, the focus was on MRgRT at the MRIdian MR-
LINAC installed at the LMU University Hospital. The second study compared two
auto-segmentation strategies for prostate cancer patients: population-based and per-



sonalized DL models. The third study investigated an alternative approach to DL
auto-segmentation relying on deformable registration of a previously segmented im-
age followed by contour propagation. The fourth study brought new ideas to person-
alized auto-segmentation models. It investigated the impact of population models on
personalized networks, analyzed progressive learning, and explored the possibility of
single-image training. Chapter 6 summarizes the thesis’s main findings and provides
an outlook on possible future implementations and studies.
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Chapter 2
Medical imaging

CT and MRI imaging play a crucial role in this thesis. This chapter introduces both
modalities together with methods commonly used for medical image registration.

2.1 Computed tomography

This section introduces the basics of CT imaging. First, the photon-matter interactions
and methods for X-ray generation are described. Subsequently, the main aspects of CT
in the view of radiation therapy are presented. Finally, the filtered back projection is
explained, which is the most common algorithm for CT image reconstruction.

2.1.1 X-ray interactions with matter

X-rays are a type of electromagnetic radiation commonly used in diagnostics and ra-
diation therapy [19]. When X-ray photons are sent through a patient’s body, they
interact with the tissues and transfer their energy through photon-matter interactions.
The three processes most relevant for therapeutic and diagnostic X-ray energies are
the photoelectric effect, Compton scattering, and pair production [20,21]. Figure 2.1
presents the regions where each of the three interactions dominates depending on the
atomic number of the absorber and the initial photon energy.

In the photoelectric effect, a bound atomic electron absorbs a photon. A fraction
of the photon’s energy is used to ionize the atom, while the released electron carries
away its remaining part in the form of kinetic energy. The photoelectric effect is the
dominant form of interaction in biological tissues for photon energies up to tens of
keV (see Figure 2.1). Therefore, it is more relevant for diagnostic imaging, where X-ray
energies range from 70 to 140 keV [21]. Typical therapeutic beam energies lie between 6
and 15 MeV [24], with an average of approximately one-third of the maximum energy
achieved at a given acceleration voltage. In this range, X-rays interact predominantly
through the Compton interaction. In the Compton effect, photons passing through the
medium scatter on electrons loosely bound to their atoms (i.e., the valence electrons)
and transfer a fraction of their energy to these electrons. The third major process is
pair production. It is particularly relevant for materials with high atomic numbers
and energies above 10 MeV. The pair-production effect can occur when a photon with
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Figure 2.1: Three most relevant photon-matter interaction processes for diagnostic and ther-
apeutic photon energies. The curves divide regions where the photoelectric effect, Compton
scattering, or pair production are dominant depending on the photon energies hv and the
atomic number of the absorber Z. Typical Z values for human body tissues are below 10 [22].
Figure adapted from [23]

energy above 1.02 MeV passes close to an atomic nucleus. In the process, the photon is
converted into an electron-positron pair.

2.1.2 Diagnostic X-rays generation

X-rays for medical purposes are produced by fast electrons colliding with materials
of high atomic number. For energies used in diagnostics (mostly between 70 and
140 keV [21]), they are generated inside X-ray tubes, as shown in Figure 2.2. The X-
ray tube cathode is heated to temperatures that allow the electrons to overcome their
binding energy and be emitted from the filament [24]. The electrons released from the
cathode are accelerated by the tube voltage and hit the anode at a high speed. Within
the anode, X-rays are produced in two main processes that contribute to the X-ray
tube’s continuous and discrete energy spectrum. First, the electrons slow down within
the anode by interacting with atomic nuclei, which leads to a continuous spectrum of
bremsstrahlung radiation. Second, fast electrons interact with the inner-shell electrons
of the anode material and kick them out of the atom. Electrons from the outer shells
almost instantaneously fill up the created vacancy. The transition to the lower shell
is accompanied by an emission of a photon with a characteristic energy. They appear
on the X-ray tube spectrum as discrete sharp peaks, the so-called K, L, etc., lines. An
exemplary X-ray tube spectrum is presented in Figure 2.3. The maximum energy of
the X-ray spectrum is determined by the tube voltage, while its intensity scales with
the cathode filament current.

21.3 Computed tomography imaging

CT is a quantitative volumetric imaging technique of crucial importance for radiation
therapy [19,27]. It is essential for dose calculation during treatment planning and is
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widely used for diagnostics as a fast and cost-effective imaging technique.
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Figure 2.4: Scheme of a typical CT scanner with a patient couch. The X-ray source, collimator,
and filters are on one side of the gantry, while the detector and anti-scatter grid are on the
other side. As the gantry rotates around the patient the couch moves along the scanner axis.
This results in a helical path of the X-ray source with respect to the patient. Figure courtesy of
Dr. Moritz Rabe [28].

Figure 2.4 shows the design of a typical CT scanner. It consists of a patient couch
and a circular gantry with an X-ray tube and an arc-shaped detector. A collimator and
a beam hardening filter are installed in front of the X-ray tube. The filter aims to elim-
inate low-energy photons from the spectrum, which would otherwise be attenuated
within the first centimeters of the patient. This would increase the imaging dose with-
out improving image quality. The detector array with an anti-scatter grid is mounted
on the opposite side of the gantry. Each detector element consists of a scintillator cou-
pled with a photodiode. This combination converts the scintillation photons generated
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Table 2.1: Typical CT values for several organs and tissues in the human body for photon
energies of 120 kV [21].

Tissue/Organ CT value [HU]

Air -1000
Lungs -900 to -500
Fat -100 t0 -70
Water 0
Kidneys 20 to 40
Pancreas 20 to 50
Blood 30 to 60
Liver 40 to 70
Bones (marrow) 70 to 350

Bones (cortical) 350 to 2000

by the impinging X-rays into an electrical signal.

During a typical CT scan, the gantry rotates around the patient, and the couch moves
continuously along the scanner axis, to cover the region of interest. The measured
quantity is the amount of X-ray attenuation caused by a patient. To find it, the initial
(Io) and final (I) beam intensities are compared. According to Lambert-Beer’s law:

I=1y exp<—/r]/t(r)ds), (2.1)

where p(r) is the attenuation coefficient, and I is the beam path. Since the measure-
ment is repeated from different angles, i.e., the X-ray source rotates around the patient,
it is possible to reconstruct the spatial distribution of y(r). By convention, the resulting
p-values are represented in Hounsfield units (HU), which are defined as follows:

CT(r) = M) = Bwater 4500 Hu, (2.2)
Uwater

where jiwater is the attenuation coefficient of water. The scale is chosen such that water
is assigned a value of 0 HU and air a value of -1000 HU. Table 2.1 lists typical CT
numbers for several organs and tissues in the human body. For historical reasons
(using 12-bit integers), CT numbers typically range from -1024 to 3071 HU and cover
all human tissues. With the help of a calibration curve, the HUs are converted to
the tissue electron densities. This information is then used by the dose calculation
algorithms [29].

CT provides quantitative information, short acquisition times, cost-effectiveness,
high geometric accuracy, and spatial resolution. Yet, it also has disadvantages. The
tirst drawback is the poor soft-tissue contrast. The CT value ranges overlap for organs
such as kidneys, pancreas, or blood. The second drawback is the imaging dose in the
order of several mSv per scan. Despite being relatively low, especially if compared to
doses used in radiotherapy, each scan increases the probability of secondary cancer.
Like any other imaging technique, CT is prone to artifacts. High-Z materials like den-
tal fillings, metal implants, fiducial markers, and calcifications can cause them. The
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artifacts are visible in images as white stars covering the material location and the
neighboring region. In addition, photon scattering, beam hardening, patient move-
ment, and noise can further degrade the image quality.

2.1.4 Filtered back projection

The goal of CT image reconstruction is to find the object of interest based on the
measured projections [21]. There are two main classes of reconstruction algorithms:
iterative and analytical. The analytical methods are more widespread due to easier
implementation and shorter computation times. The following paragraph describes
the basis of the most commonly used analytical reconstruction method, i.e., filtered
back projection (FBP) for a parallel beam geometry. Dedicated modifications for fan-
beam or cone-beam geometries are necessary but beyond the scope of this work. They
can be found in [19].

Figure 2.5: CT scan geometry. Figure adapted from [30]

In its simplest 2D form, the FBP assumes a parallel beam geometry and reconstructs
the object slice by slice. Figure 2.5 shows a typical system geometry. Every beam path
through the patient is represented by a line parameterized via angle 6 and the distance
from the rotation center ¢ = x cos 6 + ysin6. The projection p(¢,0) can be calculated

p(E,0) = / dxdyf (x, y)6(x cos 8+ ysinf — ), 2.3)

where f(x,y) represents the image to be reconstructed. The one dimensional Fourier
transform P(u,0) of p(¢,6) with respect to ¢ can be calculated as follows

P(u,G) — /de(C,G)e_Zm”C :/ dxdyf(x’y)e—zmu(xcos@—i—ysim’)) _ F(le, uy) (2.4)

where u, = ucost and u, = usin6. It can be observed that the one-dimensional
Fourier transform of projections w.r.t. ¢ is equivalent to the two-dimensional Fourier
transform of f(x,y) in polar coordinates. This relationship is known as the Fourier



10 2. Medical imaging

slice theorem.

In principle, it is possible to calculate f(x,y) as the inverse Fourier transform of
F(uy,u,) using Equation (2.4). However, it would require resampling F data from
the polar to Cartesian coordinates system in the Fourier domain, which could intro-
duce strong artifacts to the image. To avoid these artifacts, an additional analytical step
is carried out, i.e., Equation (2.4) is transferred back to the spatial domain:

T o] . . T oo ,
flx,y) = / dé / dut|u|P(u, 0)e?™H(xcos+ysind) / do / duK(u)P(u,0)e? 1
0 —o0 0 —00
(2.5)
where K(u) = |u| is the ramp kernel. The final equation can be re-written by applying
the convolution theorem, which states that the Fourier transform of the product of two
functions is equivalent to the convolution of their Fourier transforms

Flxy) = [ dop(z) « k(@) 2.6)

where k(&) is the inverse Fourier transform of the filter K(u).

2.2 Magnetic resonance imaging

This section introduces the fundamental concepts of nuclear magnetic resonance (NMR)
and MRI. First, the physics background on the spin, net magnetization, and their in-
teraction with an external magnetic field is described. Following that, the focus is on
the basic elements of MRI sequences and the description of the related Fourier space.
This section ends with a brief description of common imaging artifacts.

Although NMR can occur for all nuclei with a non-zero spin, the focus in this work
is on the hydrogen nucleus (a single proton) as it is commonly used in clinical MRI.
A Cartesian coordinate system is used throughout this chapter. Following common
convention, the main magnetic field B is assumed to be aligned with the z-axis, i.e.,
B= Boz, where B is its absolute field strength.

2.2.1 Spin

Spin angular momentum S or simply spin, is an intrinsic property of particles that
plays a crucial role in the NMR phenomenon [21,31]. It is a vector quantity with a
magnitude S, which is connected to the quantum spin number s through the formula:

S=/s(s+1)h, 2.7)

where 1 = h/27m denotes the Planck constant /i divided by 27t. The quantum spin
number s can only take a multiple of half-integer values. For the hydrogen nucleus,
H!, s =1/2 and the z-component of the spin vector is S, = msh where ms = £1/2.

All particles having a non-zero spin interact with an external electromagnetic field.
To describe this interaction, a vector quantity called magnetic dipole moment ji is intro-
duced:

= 1
=95 z-component: y; = yS; = ii'yh, (2.8)
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where v = 2.675 x 10%s 71T~ [32] is the proton gyromagnetic ratio, and the plus/minus
sign indicates the parallel (”spin-up”)/anti-parallel (“spin-down”) orientation of the
spin with respect to the magnetic field vector. The potential energy E associated with
a spin placed in an external magnetic field B is

—

E=—ji-B for B = By2: E = —u,By. (2.9)

Combining Equation (2.8) and Equation (2.9) reveals an energy difference AE between
the spin-up and spin-down configurations

AE = %’yhBo — (—%’)’FZBQ) = ’)/hB(). (2.10)

This energy level split is known as the Zeeman effect. The transition between the energy
levels is accompanied by the emission or absorption of a photon with energy AE = fiwy
and frequency wy

wo = vBy. (2.11)

The frequency wy is known as the Larmor precession frequency [33] and will be discussed
turther in the subsequent sections.

2.2.2 Magnetization, relaxation, and the Bloch equation

Despite NMR being a quantum mechanical phenomenon, it is possible to explain most
of the concepts using classical mechanics [31,34]. Moreover, it is more practical not to
think of individual nuclei but rather consider their sum over a given volume V, which
is referred to as magnetization M

- 1 .
M = v Z ;. (2.12)
HieV

The volume V should be large enough to contain many protons but small enough to
approximate any external fields to be constant within.

Let us consider a magnetization vector M placed in an external magnetic field B. As-
suming no additional external forces and no spin interactions, the evolution of the
magnetization can be described as follows:

—

dM -
—— =M x B. 2.13
q = TMx (2.13)
Setting B = Bo2 leads to two decoupled equations for the longitudinal M, and transver-

sal M| components of the magnetization vector [31]:

dM,
dt
dM |
dt

= 0= M, = M(t),
(2.14)

= yM, x (Bp2) = M, = M, (tg)e "',
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where tj is the initial time and wp = By is the Larmor precession frequency. Ac-
cording to Equation (2.14) the longitudinal magnetization component remains con-
stant, while the transverse component precesses around the z-axis with the Larmor
frequency.

In order to model interactions between nuclear spins and their environment modifica-
tions of Equation (2.14) are necessary. Let us assume that at time fp = 0 the magne-
tization vector (with initially M = My2) was entirely tipped to the transversal plane.
To return to the state of minimal energy (alignment with the z-axis), protons transfer
their excess energy to the environment (lattice). The speed of the process is directly
proportional to the number of protons remaining in the transversal plane My — M,
and can be described as follows

dM, 1

= —(Mo— M:) = M(t) = My(1—e /1), (2.15)
dt Ty

where T is the experimentally determined spin-lattice relaxation time [35].

There is another mechanism causing modifications to Equation (2.14). Each spin gener-
ates a small magnetic field, which alters the main magnetic field and leads to spatially
dependent Larmor frequencies. Consequently, spins precess with slightly different fre-
quencies and acquire different phases. The net transversal magnetization component
diminishes over time according to the equation

—

dM,
dr

- 1 = o N .
= yM, x (By2) — TZML = M, = M (tg)e te=t/T, (2.16)

where T, is the experimentally determined spin-spin relaxation time [35]. The two, Equa-
tion (2.15) and Equation (2.16) are known as the Bloch equations [36] that describe the
evolution of the magnetization vector in the presence of an external magnetic field.
The dephasing process characterized by the T, constant is random in nature and thus
irreversible. Apart from the T, processes, spin dephasing is accelerated by the mag-
netic field inhomogeneities characterized by the T} constant. Their sources include the
main magnet imperfections or susceptibility-induced local field distortions. The total
relaxation time T; can be determined as follows

1 1 1
—_ =+ . 217
T T - T} (217)
The hydrogen nuclei in various biological tissues exhibit different values of T; and
T,. Liquids such as blood and cerebrospinal fluid tend to have longer relaxation times
than solid tissues like muscle, fat, or tendon. Thanks to these variations tissues in the
human body can be differentiated.

2.2.3 MRI signal

When a magnetization vector My located in an external magnetic field B is tipped out
of an equilibrium state it starts to precess [31,34]. The precession results in a chang-
ing magnetic field that induces a voltage in a nearby conductor according to Faraday’s
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Law of Induction. The properties of the generated signal are impacted by human body
composition, the strength of the external field By, and additional interactions with the
magnetization.

The magnetization can be tipped with an additional oscillating magnetic field B; per-
pendicular to B lasting a short time tp, the so-called radio frequency (RF) pulse. If its
frequency matches the Larmor precession frequency wy = 7By (on-resonance condi-
tion), My is rotated away from the z-axis by an angle «

a = yBitp. (2.18)

The flip angle often gives the name to the applied pulse. For instance, a pulse that flips
the entire net magnetization to the perpendicular plane is referred to as a 77/2-pulse
while the one that causes a 180° flip is called a m-pulse. Although 71/2 and 7 pulses
are frequently used to explain principles of MRI, other flip angles are possible. In
fact, smaller flip angles are more common as they can speed up signal acquisition or
increase its amplitude [37].

Three basic signal types can be obtained by an application of one or two RF-pulses:
free induction decay (FID), gradient echo (GRE), and spin echo (SE) [38].

Free induction decay FID is one of the most fundamental signals in MRI [38]. After
an RF-pulse flips the magnetization vector, its transversal component M, starts to
precess around the main magnetic field axis. The generated signal is strong initially
but decays as the spins lose their coherence due to the T, processes. The resulting FID
signal is a sinusoidal wave with wy frequency and exponentially decreasing amplitude
as described by Equation (2.16) (with T; replaced by T7).

Gradient echo The GRE is a modification of the FID [38]. First, a 7t/2-pulse is used to
flip the magnetization vector. Second, a dephasing gradient is switched on to introduce
known changes to the main magnetic field By. This change in the main magnetic field
alters the local frequency at which the spins rotate and accelerates the loss of coherence
on the transversal plane. In the second step, a reverse gradient is applied to undo the
previous dephasing. As a result, the spins get re-focused and a GRE is created.

Spin echo The SE begins with a 7r/2-pulse [38]. The transversal magnetization de-
cays quickly due to the dephasing as observed in the FID signal. However, many of
the T, processes are reversible. Flipping the magnetization by a 7-pulse effectively
“inverts” the time. The spins can refocus again and generate an SE signal.

2.2.4 Spatial encoding

To reconstruct an MR image the acquired signal must be connected to the voxels that
produced it. Two primary techniques make it possible, namely frequency encoding
(FE) and phase encoding (PE) [31].
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Figure 2.6: Free induction decay (FID), gradient echo (GRE), and spin echo (SE) signals. (a):
After a 7t/2 excitation pulse, the FID signal decays as exp(—t/T;). (b): Shortly after the rr/2
excitation pulse, a dephasing gradient G is applied to diminish the transversal magnetization
component in a controlled way quickly. After reversing the gradient polarity, a GRE is formed.
(c): The SE is generated at the echo time Tg by two RF pulses: a 77/2- pulse applied at time
t=0, and a 7r-pulse applied at time t = Ty /2. All signals were plotted using the same T, and T,
values. Tg was set to approximately 3T5. Sketch inspired by figure 11.10 in [21].

Frequency encoding FE is implemented by adding a magnetic field gradient G 7 to

the main magnetic field, which changes By by a few percents. As a result, the spin
resonance frequency w depends on the spatial position. Assuming that the gradient
varies linearly with position 7 the precession frequency is given by [31,34]

w(7) = 7By +7F- Gr. (2.19)
~~

wo

This method is utilized for slice selection (i.e., z-coordinate encoding) by applying
an FE-gradient along the By simultaneously with the first RF-pulse. By setting the
frequency of the RF-pulse to w(z;), only spins located at z; are flipped to the transversal
plane contributing to the acquired MRI signal.

The same method can be used for in-plane localization (x- or y-position within the
slice; let us assume the former without loss of generality). Applying a gradient along
the x-axis during the signal readout alters the spin precession frequency according to
Equation (2.19). As a result, spins at position x; produce a signal of frequency w(x;).
To determine the third coordinate (y-position) a method called PE is typically used.

Phase encoding The phase and frequency encoding gradients both alter the local spin
precession frequency. The PE gradient Gp is turned on along the y-axis for duration
t, only. After this gradient is switched off protons return to their original precession
frequency with different accumulated phases. For a linearly varying PE gradient, the
phase difference is [31,34]

®(y) = vGp(W)tp- (2.20)
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Repeating the PE step multiple times with different gradient strengths G, leading to
different phase shifts can differentiate between y-positions in the image.

2.2.5 Imaging sequences

An MRI sequence is a combination of RF pulses and magnetic field gradients applied
in a particular order [21,31,38]. Various imaging contrasts can be achieved by manipu-
lating the timing, duration, and order of the RF pulses and gradients. Two frequently
used parameters are the echo time Tg and repetition time Tg. The echo time specifies
the time between the excitation pulse and the signal’s peak generated in the receiver
coils, while the repetition time is the period between two successive excitation pulses.

TR

TE/2 TE/2

RF  foor N | o0
G\ [\ R
G, =

G | —"

Figure 2.7: Schematic representation of the spin echo sequence. During the application of two
radio frequency (RF) pulses, 90° and 180° at times 0 and TE/2, respectively, the slice selection
gradient G, along the z-axis is switched on. The phase encoding gradient Gy is switched on
between the RF pulses. To read out the signal at time TE, the frequency encoding gradient Gy
is switched on. The sequence repeats after the repetition time TR.

For an exemplary SE sequence shown in Figure 2.7 proper selection of Ty and Tr
determines the contrast or “weighting” of the resulting image. The dependence of the
SE signal intensity S on time constants and proton density [H] can be approximated
by [21]:

S o [H|(1—e ®R/T)e Te/T2, (2.21)

Long Tr allows all spins to recover between excitation pulses, minimizing T; effects.
Short Tg reduces the impact of T, processes since there is not enough time for T, decay
to differentiate between tissues. Consequently, setting both Tr and T to be short/long
results in Tj-weighted /T>-weighted images. Choosing a long TR and short TE can
suppress the impact of both T1 and T2, resulting in proton density weighting.

2.2.6 Fourier space in image processing

According to the Fourier series theorem, any function f(¢) that is periodic with period
T can be represented as a sum of sinusoidal terms having fundamental frequency w
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and complex amplitude a, [30]

f) =) aner, ay = % / 2 f(eiends (2.22)

nez —T/2

where w, = 27n/T. Taking the limit of infinite periodicity T — oo leads to:

£(t) = % / " F(w)e “tdaw, Fw)= [ °:o F(Hetdr.  (2.23)

— 00

The equation on the left is known as the inverse Fourier transform, while the one on the
right is the Fourier transform [30].

In 2D imaging, the time t and the temporal frequency w are replaced by the position
(x,y) and spatial frequency (ky, k), respectively, while f(x,y) is a function describing
pixel intensities [21,31,34]. A common representation of a two-dimensional Fourier
space, also known as k-space, is an array with x and y axes representing the k, and k,
frequencies. Each array entry represents the contribution of a given frequency to the
final image. In the k-space, the low spatial frequencies correspond to the rough shapes
of the imaged objects, while the high frequencies encode fine-grain details and sharper
edges.

Let us consider a simple FID signal from a two-dimensional object of proton density
p(x,y) while a FE gradient Gy is switched on and the PE gradient was applied prior to
that for a short time fpe. At time ¢, the signal comes from all spins [31,34]

S(t) = //p(x’y)ei'y(Gxtx-l—Gytpey)dxdy _ //p(x’y)ei(kxwkyy)dxdy, (2.24)

where ky = 7Gyt, and ky = yGytpe. A comparison of Equation (2.23) and the mea-
sured signal shows that the latter is the Fourier transform of the proton density across
the object, which is often the quantity of interest in MRI. The sampled signal data can
directly fill one line (for a given k) of the k-space matrix.

2.2.7 MR artifacts

MRIs are susceptible to various artifacts that degrade their quality [31,34]. These can
be grouped into three categories: tissue, motion, and acquisition-related distortions.

Tissue-related artifacts The first group includes the chemical shift and susceptibility
artifacts. The former is attributed to slight variations in the local resonance frequencies
caused by different nuclei being shielded differently by their environment from the
externally applied magnetic field (e.g., fat and water molecules). As a consequence,
the signal from some protons gets mislocalized. The susceptibility artifact is caused by
substances altering the local magnetic field (dia, para, and ferromagnetic substances),
leading to mismapping or even loss of the MRI signal [39].
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Motion-related artifacts Motion artifacts in the form of discrete “ghosts” appear
when the imaging structures move periodically in the field-of-view (FOV) [34]. Non-
periodic movements result in diffused noise rather than ghosts. Motion artifacts are
more severe along the phase encoding direction as the time necessary to cover the en-
tire phase encoding space might take several minutes. A single echo (encoding one
line in the frequency encoding) is much shorter than the movement itself.

Technique-related artifacts Many technique-related artifacts are caused by the fact
that the acquired signal is discretized and the image to reconstruct is pixelated. Arti-
facts may occur when the Nyquist sampling theorem [30] is violated, the FOV is set
smaller than the object dimensions, or because only a finite number of frequencies
can be sampled from the Fourier domain [34]. They can also be related to hardware
issues like insufficient shimming, coil heating, or eddy currents. Low-frequency inten-
sity variations throughout the image, i.e., bias fields, occur when the signal is partially
attenuated by tissues on its way to the coil. Due to gradient nonlinearities, the MRI sig-
nal generated by elements located further from the scanner center is assigned to more
central grid voxels. As a result, the reconstructed object appears smaller, as shown in

Figure 2.8 [40].
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Figure 2.8: An illustration depicting the nonlinearity of the magnetic field gradient within an
MRI scanner. A linear function can well approximate the gradient at the scanner center. How-
ever, the gradient coils generate non-linear magnetic fields close to the edges of the scanner.
If not taken into account, it might lead to incorrect encoding of the edge pixels and make the
reconstructed object appear smaller.

2.3 Image registration

The aim of image registration is to find a geometric transformation that aligns two
images of interest. Registration has a wide range of applications in radiotherapy. Ex-
emplary applications include combining information from different modalities, moni-
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toring anatomical changes over time, dose accumulation, pseudo CT (pCT) generation,
or using templates/prior images for contour propagation [41,42].

Fixed
image X Converged
— Metric —— Termination
Movin i
. & — Interpolator —— Did not
image I converge

Transformation <——— Optimization
Figure 2.9: Typical workflow of iterative image registration. Figure adapted from [43].

Figure 2.9 presents a general scheme of iterative image registration. The inputs are
the two images to be registered: a fixed (also known as static, reference, or target)
and a moving (also known as floating) image. In the first step, the moving image
is transformed and interpolated onto the static image grid, and a similarity metric
is calculated between them. Subsequently, the optimizer updates the transformation
parameters, and the process repeats until the metric reaches a certain limit or stops
improving.

One distinguishes between parametric and non-parametric image registration [44]. In
the non-parametric case, a dense displacement field that contains per-point informa-
tion where the point should move in 3D is predicted directly. This method comes with
a high computational cost due to the high number of degrees of freedom. In paramet-
ric image registration, a deformation field is described by a parametric model. The
optimizer only needs to optimize the parameters of the model. This thesis used only
conventional parametric or DL-based registrations; therefore, the non-parametric types
are not described further.

2.3.1 Transformation

Rigid registration is a simple transformation model with only six degrees of freedom
in 3D: three for translation and three for rotation. Rigid registration is used in ra-
diotherapy to position the patient as the treatment couch can be shifted accordingly.
Adding three degrees of freedom for scaling and three for shearing results in an affine
transformation [45].

Models more complex than affine transformation are needed to describe anatomical
changes. A common deformable image registration method uses B-splines. B-splines
are basis functions of minimal support. They can effectively model local changes but
are rather inefficient in predicting global changes. For that reason, B-spline registra-
tion is commonly preceded by an affine rigid alignment [43]. To set-up a B-spline
registration, a uniform grid of n, X Ny X 1z control points Pijk and (sy, Sy, sz) spacing
is placed over the image, where i = |x/sx] —1,j = |y/sy] —1, and k = |z/s,| — 1.
The transformation Tpir [43] is defined as a tensor product of 1D cubic B-splines:

3

Tor(x,y,2) Z Z Y Bi(u) B3 (W) @it 1,jrmk+n (2.25)

=0m=0n=0
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where u = x/sy —i+1,v=y/sy—j+1,w=1z/s;, —k+1,and

BY(t) = (1—1t)%/6, Bi(t) = (3% — 612 4-4)/6,

(2.26)
B3(t) = (=3 +3t2 +3t+1)/6, B3(t) =1t/6.

The ¢; j  (in total 3 - nynyn, parameters) are optimized during the iterative registration
process.

2.3.2 Metric

Metrics quantify the alignment of two images and can serve as objective functions
during registration. Metrics can be feature- or intensity-based. Feature-based metrics
require defining a set of points, lines, structures, etc., on both images prior to the
registration. Conversely, intensity-based metrics require no pre-processing [43]. The
most frequently used intensity-based metrics include mean squared difference (MSD),
correlation coefficient (CC), also known as normalized cross-correlation, and mutual
information (MI). If the fixed (F) and moving (M) images have intensities in the same
range, a MSD metric [43] can be used

MSD(F, M) = - } [F(%;) — T(M(%))]* (2.27)

Z

where, T is the registration transformation, and N the number of pixels. If the in-
tensities are in different ranges but are related by a linear mapping, CC [43] can be
employed

CC(F,

yN(E(%) — F)(T(M(fi))—M) (2.28)
(Xi) —

(
¢2N F(%) — EEN(T(M(T)) — M)?

where M and F are average intensities of M and F. MSD and CC are commonly
used for intra-modality registration. For inter-modality registration MI [43] can be
employed, that is based on probability theory and statistics:

MI( ZZpFM f,m log% (2.29)

where p;(i) is the probability of the i intensity value occurring in image I, and
prm(f,m) is the joint probability of pairs of image values occurring together [43].
More information on registration metrics can be found in [30,42,43].

2.3.3 Regularization

When performing non-rigid image registration, transformations that yield accurate
similarity metrics may result in deformations that are physiologically impossible, such
as tissue tearing or folding [43]. To address this problem, a regularization term Lyeg is
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added to the objective function L to restrict the allowed transformation to physiologi-
cally meaningful solutions:

L(u) = Lim(u) + ALreg(u) (2.30)

where u is the deformation field, and A is a weighting parameter. The regularization
term takes into account the existing knowledge of the problem. For example, to favor
smooth deformations Lreg (1) = ||Vu|[?, could be employed. To favor small local defor-
mations, elastic regularization based on the Navier equation [43,46,47] from elasticity
theory could be used. Another commonly used regularization term is the Jacobian
determinant. Enforcing its positivity ensures no unphysical folding of the deformation
field.

2.3.4 Optimization

The optimization problem can be stated in the following way: for a given transfor-
mation model T and objective function £(u), find parameter values of T that, by
convention, minimize the objective function [43]. A typical problem in radiotherapy
image registration requires iterative estimation of optimal values. Optimization al-
gorithms suitable for rigid registration include the (conjugate) gradient descent [48],
quasi-Newton [49], or Nelder and Mead methods [50].



Chapter 3

Radiation therapy

This chapter outlines the basic principles of the EBRT. It begins with a description of
the physical and biological processes that make radiation useful for cancer treatment.
Subsequently, a general structure of conventional and MRgRT workflows is presented.
Both workflows depend on the department infrastructure, available treatment planning
system (TPS) software, institutional guidelines, staff experience, and tumor location.
Therefore, there might be slight variations in them among different institutions.

3.1 Physics and biology of radiation

The term radiation describes the emission and propagation of energy through space.
Typical therapeutic photon beams have energies of 6MV [20,21,24], and their interac-
tions with matter have been described in Section 2.1. Most of the beam energy is not
deposited directly by the photons but is transferred to the electrons of the medium
(i.e., human body tissues). The secondary electrons deposit their energy in multiple
inelastic scattering events with the medium electrons. In medical practice, it is desir-
able to correlate the energy absorbed by the human body with a clinically observed
effect. Therefore, the concept of dose D has been introduced, as the energy imparted
by ionizing radiation to matter per unit mass [21]:

a8

D=3n

(3.1)
where & represents the mean energy of ionizing radiation absorbed by a medium with
mass m. The unit of absorbed dose is the gray (Gy), defined as the absorption of one
joule of radiation energy per kilogram of matter: 1Gy = 1J-kg~!. Figure 3.1 shows
several depth-dose curves for photon beams with therapeutic energies.

One of the most common explanations for radiation-induced cell death is double-
strand breaks in the deoxyribonucleic acid (DNA). Double-strand breaks are frequently
impossible for the cell to repair. Without complete genetic information, cells cannot
proliferate properly and die [51]. Conventional radiation therapy is typically divided
into a number of irradiation sessions, i.e., fractions, over several weeks [21]. This
fractionation is motivated by radiobiology’s four "R’s”: repair, redistribution, repopu-
lation, and reoxygenation [52,53]. Repair of non-critical radiation damages is usually
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Figure 3.1: Depth-dose curves of photon beams in water with a field size of 10 cmx10 cm and
source-to-surface distance of 100 cm. Each line demonstrates the percentage of dose deposited
by a beam of photons (cobalt-60 beam and three photon beams produced by LINACs) relative
to its maximum value as a function of depth in water. Figure courtesy of Dr. Moritz Rabe [28].

faster in normal tissues than in tumors. Therefore, fractionation provides a recovery
time that the former can use more efficiently. Redistribution occurs for fast-cycling cells
(mostly tumor cells) that have enough time between fractions to enter mitosis, which
is a radiation-sensitive phase. On the other hand, slow-cycling cells (mostly in healthy
tissues) remain longer in the initial cycle phases, which are more radiation-resistant.
Intervals between fractions provide time for oxygen-deprived cells to re-oxygenate, en-
hancing their radiosensitivity. The last process, repopulation, causes tumor cells to
proliferate faster after irradiation and is therefore considered one of the major factors
leading to the failure of the treatment.

3.2 Conventional radiotherapy

3.2.1 Linear accelerators (LINACS)

Figure 3.2 and Figure 3.3 show the design of a typical LINAC used in radiotherapy [21].
In the electron gun, electrons are emitted from a heated anode and are pre-accelerated
in a static electric potential. The electrons are accelerated further inside a waveguide by
absorbing electromagnetic energy delivered by the RF power generator. When reach-
ing the LINAC head, the electrons are directed toward the target to produce X-rays via
bremsstrahlung. Subsequently, the generated beam passes through the primary col-
limator, (optional) flattening filter, ionization chamber, and secondary collimator. Be-
fore reaching the patient, the last component is the multileaf collimator (MLC), which
shapes the beam into small segments.

3.2.2 Conventional radiotherapy workflow

Planning imaging A conventional radiotherapy workflow begins with the acquisition
of planning images. They might include CT, MRI, and positron emission tomography
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Figure 3.2: Schematic drawing of a linear accelerator (LINAC). Electrons are emitted from
the electron gun, accelerated in the electromagnetic field, and transported towards the LINAC
head. As electrons collide with the X-ray target, they generate therapeutic radiation. The

LINAC arm can rotate around the treatment couch to deliver radiation from any angle. Figure
re-drawn from [20].

Secondary Multi-leaf

collimator collimators
Target Intensity  lonization Intensity profile
profile chamber after flattening

Electron Primary Flattening l
beam collimator ﬁlger — -

Patient

Figure 3.3: Schematic drawing of a LINAC head. A photon beam is produced by fast elec-
trons that decelerate inside the X-ray target. The beam passes through the primary collimator,
flattening filter, ionization chamber, secondary collimator, and multi-leaf collimator to finally
reach the patient. Figure re-drawn from [21].
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(PET) modalities, each of which offers distinct benefits [20,21]. The CT is mandatory to
obtain the electron density in the human body, which is essential for dose calculation
[19]. MRI is useful for segmenting tumor volumes and OARs due to its superior soft-
tissue contrast. Finally, PET [54] images help to localize target volumes by highlighting
regions of higher metabolic activity.

Target volume and organs at risk contouring Structures necessary for treatment
planning can be segmented as soon as the planning images are available. In the follow-
ing paragraph, the most relevant target volumes and the concept of OARs are described
based on the International Commission on Radiation Units and Measurements (ICRU)
guidelines described in Report 83 [55].

The gross tumor volume (GTV) is defined as the gross demonstrable extent and loca-
tion of the tumor. Multiple GTVs might be defined simultaneously for one patient to
cover the primary tumor, metastatic nodes, and metastasis.

The CTV is defined as a volume including the GTV and its surrounding areas with
a certain probability of containing tumor cells not visible on the acquired images. In
cases where irradiation occurs after complete surgical tumor resection, only the CTV
encompassing the tumor bed is delineated. Conversely, benign tumors might not re-
quire a CTV due to the low probability of tumor cell infiltration into neighboring
tissues. There is no universal definition of probability thresholds for delineating the
CTV. The contouring is based on institutional guidelines and is influenced by physi-
cians’ experience, which leads to significant inter-observer variability. In addition,
the same person delineating the same structure repeatedly does not typically deliver
the same contour (intra-observer variability). Figure 3.4 shows an example of inter-
observer variability in CTV segmentation for pancreatic cancer.

The planning target volume (PTV) is a geometrical concept introduced to ensure suf-
ficient dose coverage of the CTV while accounting for possible positioning and treat-
ment delivery uncertainties, patient motion, and anatomical changes. The PTV contour
is created by expanding the CTV by a safety margin. The work described in [56] in-
vestigated the minimum margin size necessary to ensure a certain probability of CTV
coverage. The recommendations derived from this study were adopted by many clinics
and adjusted later based on the tools available for patient positioning, dose delivery
techniques, the presence or absence of image guidance, motion compensation tech-
niques, quality assurance, and the feasibility of plan adaptation.

The OARs are defined as structures that could suffer significant damage if excessively
irradiated and for that reason should be considered during treatment planning. The
selection of OARs for a given treatment depends on the prescribed dose and the PTV
location. For particularly large structures, such as the intestines, spinal canal, or aorta,
only their sections located in the PTV proximity might be considered as OARs.

Dose prescription and fractionation A higher total dose can be administered to the
tumor thanks to fractionation while keeping the risk of normal tissue complications
reasonably low [21]. A typical fractionation scheme at a conventional LINAC assumes
administering 2 Gy five times per week over several weeks [58]. To assess the effective-
ness of a given fractionation scheme, the empirical linear-quadratic model is frequently
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Figure 3.4: Graphical representation of inter-observer variability in CTV segmentation. Each of
the 18 thin lines corresponds to a single-observer delineation, while the thick red line represents
the delineation defined by a national reference radiation oncology center. Figure and caption
adapted from [57]

used [59]: .
S(D) = e *P=FD (3.2)

where S(D) is the fraction of cells that survive a given dose D, while « and B are cell-
dependent parameters describing a cell’s radiosensitivity. The model can be intuitively
explained by two mechanisms causing DNA damage [60]. The linear term is attributed
to lethal damages caused by single-hit events, while the quadratic term describes lethal
damages occurring after multiple sub-lethal hits. Sub-lethal damages do not accumu-
late effectively for tumors with a high a/p ratio, resulting in a low increase in cell
killing per unit dose. High «/p ratio tumors are excellent candidates for fractionation,
as delivering the dose over several days reduces the risk of normal-tissue complica-
tions without compromising tumor control. Low &/ B ratios characterize tumors where
sub-lethal hits accumulate more effectively and the therapy efficiency is enhanced with
an increased fraction dose [60,61].

Numerous empirical studies have been conducted to formulate guidelines recommend-
ing PTV doses necessary to achieve successful local tumor control. Moreover, each
OAR was assigned dose values that it could tolerate [62]. Constraints may include the
maximum dose to an OAR or the maximum acceptable relative OAR volumes receiv-
ing a dose above certain thresholds. These constraints are determined based on the
OAR radiosensitivity and its type. For serial organs, like the spinal cord or rectum, an
excessive dose delivered to a single point might cause serious injuries and, therefore,
should be avoided. Parallel organs (e.g., lungs) would tolerate a single-point excessive
dose but suffer more from a too-high dose delivered to a certain relative volume of the
organ [55].

Treatment plan optimization The next step in the radiation therapy workflow is
treatment plan optimization. There are two possibilities: forward and inverse plan-
ning. In the forward planning approach, the operator selects the beam angles and
collimator settings through trial and error until a desired dose distribution is achieved.
The inverse-planning approach begins with defining an objective function containing
dose constraints and objectives indicated by a physician [63]. The goal is to optimize
the beam properties and collimator settings that lead to a dose distribution that sat-
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isfies the physician’s prescription. This is the principle of IMRT [64] and its variation
volumetric-modulated arc therapy (VMAT) [65]. In VMAT a continuous beam is deliv-
ered as the LINAC arm rotates around the patient and the MLC shape is continuously
adapted. IMRT can also be realized in a step-and-shoot fashion, where the dose is
only delivered at certain angles, pausing the radiation when the LINAC moves to the
next position. Plan optimization is computationally intensive and requires experience
to balance competing objectives and constraints. Certain parameters, such as gantry
angles, collimator settings, and couch angles, are set beforehand. Other parameters
need to be optimized. The latter include the MLC configurations (called segments)
and the number of monitor units to be delivered in each of these configurations.

To reduce the complexity of dose optimization, it can be calculated on a coarser grid
than the acquired planning CT. Methods used to calculate dose distribution include
kernel-based (e.g., collapsed cone [66]) or Monte Carlo (MC)-based algorithms [67].
The kernel-based methods consider the transport of the primary photons separately
from the interactions of the secondary electrons. In MC methods, particle paths and
physical processes are simulated based on interaction cross-sections. Therefore, it is
possible to determine the amount of energy deposited in each interaction at a given
point. The deposited energies can be integrated to obtain the desired dose distribu-
tion. The MC techniques are more accurate but computationally more intensive. Many
modern treatment planning systems use graphics processing unit (GPU)-based fast
MC engines that produce accurate results in just a few minutes [20,21].

To evaluate treatment plan quality or compare multiple plans graphically, the dose-
volume histograms (DVHs) can be calculated [20]. These are cumulative dose-volume
frequency distribution plots, i.e., they show the percentage of each organ’s volume re-
ceiving at least a given dose. It is also beneficial to overlay the calculated dose with
the CT to search for cold and hot spots that might indicate under- and over-dosage of
certain regions.

Dose delivery The irradiation can begin once a radiation oncologist approves the
treatment plan. The patient is placed in a treatment position that is the same as the
one from the simulation day. For optimal positioning, a laser system is installed in the
treatment room, and various immobilization devices (thermoplastic masks, abdominal
compression tools, etc.) are applied. A cone-beam computed tomography (CBCT) scan
can be performed before the first treatment and periodically thereafter for increased
positioning accuracy [68]. For sites where tumor shrinkage or weight loss could af-
fect the dose distribution significantly (e.g., head and neck region), a CBCT analysis
might indicate a need for a new simulation scan and treatment plan (offline treatment
adaptation) [68]. Finally, the dose can be administered according to the treatment plan.
Various techniques might be employed to account for patient movements during irra-
diation. The methods include surface guidance, stereoscopic X-ray imaging [69], and,
ideally, gated beam delivery techniques [70]. In the latter, the radiation is only deliv-
ered when the target or a surrogate is at a known location, e.g., only during breath
holds.
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3.3 Online adaptive image-guided radiation therapy

The treatment plan for the entire course of conventional radiation therapy is based
on the planning image acquired several days prior to the first irradiation. However,
there is a high likelihood of inter- and intra-fractional anatomical changes, positioning
errors, or patient motions during treatment. More precisely, they might include tumor
shrinkage, weight gain or loss, differences in organ fillings (stomach, bowel, rectum,
bladder), respiratory, and gastrointestinal movements. In conventional radiotherapy
without image guidance, the treatment plan must account for the uncertainties, i.e., the
CTV-to-PTV margin must be large enough to ensure full CTV coverage [56]. However,
the likelihood of normal tissue complications increases for large PTV margins [71,72].
The daily dose must be small enough to allow the OARs to repair radiation-induced
damages. This increases the number of fractions required to deliver the ablative dose.
Introducing image guidance with treatment adaptation can alleviate many conven-
tional radiotherapy problems. Firstly, daily pre-treatment imaging allows for accurate
patient positioning and dose tailoring to the current anatomy (online treatment plan
adaptation). Secondly, imaging during irradiation captures breathing and gastroin-
testinal motions, allowing the treatment to be paused when the beam misses the target
(gating) [73]. Image guidance and treatment adaptation enable the reduction of the
CTV-to-PTV margin and dose escalation in a hypo-fractionated setting [9, 74].
Commercially available approaches to online adaptive image-guided radiation therapy
with LINACs include X-ray [75] and MR-based methods. Although X-rays are more
economical and easier to incorporate technically, they have some disadvantages com-
pared to MRI. Firstly, an MRI can be frequently performed with no dose delivered
to the patient. Secondly, the superior soft tissue contrast allows for more accurate
tumor localization. There are three commercially available MR-LINAC systems [76]:
the Elekta Unity (Stockholm, Sweden), the ViewRay MRIdian (MRIdian, ViewRay Inc,
Cleveland, Ohio), and the MagnetTx Aurora RT (MagnetTx Oncology Solutions Ltd.,
Edmonton, AB, Canada). The next section describes the technical design and radio-
therapy workflow of the MRIdian, which is the main focus of the presented thesis.

3.3.1 ViewRay MRIdian system

The ViewRay MRIdian combines a 0.35 T split-bore superconducting magnet with a
6 MV LINAC [9]. In the gap between the magnet halves and gradient coils, only thin
tiberglass connectors are present. This allows the photon beam to pass through little
attenuating material on its way to the patient. All LINAC components are placed
inside ferromagnetic buckets that shield them from the magnetic field and avoid any
interference with MR imaging. The photon beam is shaped by a double stack of MLCs
made of a tungsten alloy.

The MR system enables volumetric imaging for patient positioning and on-table plan
adaptation as well as 2D cine MRI acquisition for beam gating. The volumetric images
typically have an in-plane resolution of 1.5 mm x 1.5mm and a slice thickness of up
to 3 mm. The 2D cine images are acquired with a resolution of 3.5 mm X 3.5 mm,
slice thickness of 5, 7, or 10 mm, and a frame frequency of 4 Hz. An alternative radial
k-space readout is faster than the Cartesian one and allows for 2D imaging with a res-
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Figure 3.5: MRIdian MR-LINAC system with the main hardware components shown on the
left panel and the gantry on the right panel. Figure source [9]

olution of 2.77 mm and a frame frequency of 8 Hz [77].
The MRIdian TPS can generate 3D conformal and step-and-shoot IMRT plans. The in-
verse dose calculation is performed by a fast GPU MC algorithm considering the static
magnetic field.

The MRIdian system uses the balanced steady-state free precession (bSSFP) sequence
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Figure 3.6: Balanced steady-state free precession sequence (bSSFP) implemented at the MRId-
ian MR-LINAC system. Figure adapted from [78].

schematically depicted in Figure 3.6 [78-81]. The dynamic equilibrium, i.e., the steady
state, is achieved by a train of equidistant RF pulses. The arrival at the steady state can
take several seconds and is often achieved with dedicated preparation pulses. Using
a short repetition time T < T; < T; and echo time of T ~ Tr/2 prevents the lon-
gitudinal magnetization from full recovery and interrupts relaxation in the transversal
plane. The flip angle must be constant throughout the sequence to achieve identical
magnetization at the beginning of each Tg. The acquired images show a T,/T; con-
trast, characterized by a strong contrast between fluids or fat (bright) and solid tissues
(dark).

All gradients applied between two consecutive RF pulses are fully balanced, i.e., the
net gradient-induced dephasing is zero within one repetition time. Therefore, any
phase accumulation within one Ty is caused by differences in local precession frequen-
cies. This makes the sequence prone to susceptibility artifacts and poor shimming. The
sequence offers fast 2D imaging, a high signal-to-noise ratio, and robustness against
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Figure 3.7: Online adaptive workflow used for MRgRT at the ViewRay MRIdian MR-LINAC.
The pre-treatment phase, online adaptation during fractions, and treatment delivery are pre-
sented. Figure courtesy of Dr. Christopher Kurz.

3.3.2 MRIdian Workflow

The MRIdian radiotherapy workflow is heavily influenced by ViewRay’s TPS design
[9]. Nevertheless, institutions may differ in how certain steps are automated or who
performs them. Figure 3.7 and the following paragraph outline the MRIdian work-
flow at the Radiation Oncology Department of the LMU University Hospital in Mu-
nich [82,83].

The workflow at the MRIdian is in some parts similar to that at conventional LINACs
described in Section 3.2.2. It begins with an acquisition of the planning CT and MR
images that are registered to map the electron density from the CT to the planning
MRI. The MRI is used by radiation oncologists for defining target volumes and man-
ual contouring of OARs. Subsequently, a step-and-shoot IMRT plan is prepared by
medical physicists.

A series of irradiations can follow once a radiation oncologist approves the plan. Each
fraction begins with an MRI of the patient positioned the same way as on the plan-
ning day. A radiation therapy technologist (RTT) manually registers the planning and
fraction MRIs, paying special attention to the PTV region. This is followed by a de-
formable image registration (DIR) of the planning and fraction MRIs in the TPS. The
resulting vector field is used to deform the planning OAR contours and propagate the
electron densities from the planning to the daily MRI. The target volumes are copied
rigidly to prevent their shrinkage or shape change. The contours obtained that way
are inaccurate and must be manually adjusted. This makes the contour preparation
one of the most time-consuming steps in the adaptive workflow [13]. Subsequently,
regions requiring electron density corrections (e.g., bowel gases that were not on the
planning MRI) are marked as they cannot be accounted for by DIR. After the contours
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and electron densities are adjusted, the original plan is recalculated based on the daily
anatomy. The plan is ready for delivery if all constraints and objectives are met and
the dose distribution is satisfactory. In the opposite case, a re-optimization is carried
out. A new adapted plan is administered after quality assurance by an independent
dose calculation algorithm.

The MRIdian uses real-time 2D cine imaging in the sagittal plane to gate the irradia-
tion [84]. The gating target and boundary are chosen in one of the first frames. The
gating target is usually the CTV or GTV, while the gating boundary is defined as a
certain expansion of the gating target. The contours are propagated from one frame to
the next using the optical flow algorithm. When the overlap of the gating target with
the window is below a certain threshold, the beam delivery is paused. For relatively
stable anatomies like the pelvis region, the pauses in the delivery are rare and might
be caused by patient movement or passage of gases. The irradiation is delivered in
breath-hold for tumors affected by respiratory motion. The patient is instructed to
hold their breath for several seconds so the beam can hit the target. The beam delivery
is paused automatically when the target is out of the gating window.



Chapter 4

Deep learning

This chapter introduces artificial intelligence, deep learning, and neural networks in the
context of radiotherapy research. It describes the basics of deep learning for medical
image auto-segmentation and registration, which is the main topic of this dissertation.

4.1 Artificial intelligence, machine learning, and deep
learning

Artificial intelligence (AI), machine learning (ML), and DL have become current buzz-
words. Although these three terms are often used interchangeably, DL is actually a
subcategory of ML, and ML is a subcategory of Al. Al is a broad term describing
the ability of digital computers to perform tasks commonly associated with intelli-
gent beings [85]. ML focuses on implementing computer software that can learn au-
tonomously [85]. Lastly, DL is a subcategory of ML that uses the so-called artificial
neural networks (NNs). The latter consist of many layers of non-linear operations
that successively extract and process higher-level features of the input data [86]. The
following paragraphs focus on the design, training, and applications of NNs that are
relevant to this dissertation.

4.2 Basics of neural networks for image segmentation

NNs are typically depicted as interconnected nodes organized in layers [87]. This
work primarily utilized fully connected and convolution layers. In fully connected
layers, every node in one layer is linked to every node in the consecutive layer. A
convolution/deconvolution layer is a product of convolution/transposed convolution
between the previous layer and a kernel, also known as a filter. Convolution combines
pixel values with their spatial locations, which makes it particularly useful for image
processing. CNNss frequently include max pooling layers. They employ the sliding fil-
ter approach, similar to convolution, but instead of conducting matrix multiplication,
they output the maximum value of a given patch. The layers of NNs are frequently
interleaved by activation and normalization functions. Activation functions aim to
introduce non-linearities into the model, while normalization keeps the feature map
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values in a reasonable range [88]. Frequently used activation functions include rectified
linear unit (ReLU) defined as frery(x) = max(0, x) or its variation, a parametric ReLU
(PReLU) defined as fpreru(x) = x for x > 0 and fpreru(x) = ax for x < 0 where a is
a trainable parameter. Normalization types used throughout this work include batch
and instance normalization. Batch normalization normalizes a feature map using the
mean and standard deviation across a batch of training examples [89]. An instance
normalization normalizes each feature map separately using its own mean and stan-
dard deviation [90].

NNs have thousands to billions of parameters [91]. Due to the high dimensionality of
the problem, optimizing network parameters is done iteratively during training. The
parameters include hyperparameters set before each training and learnable network
parameters updated during training. Hyperparameters describe how the network is
structured and the training carried out, while the learnable parameters include, e.g.,
weights and biases within the layers [92].

Iterative optimization requires a suitable cost or loss function and a tool to update
parameters, the so-called optimizer. The choice of the loss function depends on the
expected output. In medical image segmentation, the network output is typically a
probability map p that predicts for each pixel if it belongs to the foreground y = 1 or
to the background y = 0. Common choices include binary cross entropy (BCE) [17],
focal loss (FL) [93], and dice similarity coefficient (DSC) [94]. Currently, the most fre-
quently used one is based on the DSC, which is defined as
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DSC — 7
N p7 + A y;

(4.1)

where N is the number of image pixels, p; is the network prediction for the i-th pixel,
and y; is the ground truth value for the i-th pixel. DSC performs well in cases of
class imbalance between foreground and background, making it a suitable choice for
medical image segmentation where the structures of interest, i.e., organs, are signifi-
cantly smaller than the imaged region. Despite its benefits, DSC is a purely volumetric
function that may underperform in predicting edge pixels. Several ways of estimat-
ing Hausdorff distance (HD) between two contours have recently been suggested as
a potential loss function [95]. However, since the relatively recent implementation of
HD-based loss, its impact on medical image segmentation is yet to be seen. The op-
timizer’s role is to update the network parameters to minimize the loss function and
improve prediction accuracy. Common choices include stochastic gradient descent [96],
Adagrad [97], or Adam [98]. The latter was the optimizer of choice for most trainings
described in this thesis.

After setting up the network architecture, selecting the loss function, and choosing the
optimizer, iterative training can be carried out. At each iteration, a subset of training
examples, i.e.,, a (mini-)batch, is fed into the network. A loss is computed for each
training example and the mean loss of the mini-batch is calculated. The mini-batch
size is a hyperparameter that should be large enough to represent the loss over the
entire dataset but small enough to enable fast and memory-efficient training. After cal-
culating the loss, the backpropagation algorithm computes gradients for all learnable
network parameters [99]. Subsequently, the optimizer updates network parameters
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based on these gradients. Another hyperparameter called learning rate controls the
magnitude of parameter adjustments at each step. Large learning rates accelerate the
convergence but simultaneously increase the risk of missing the optimal values. Con-
versely, small learning rates decelerate the convergence and increase the likelihood of
falling into local minima only. Certain optimizers like Adam adapt the learning rate
dynamically as the training progresses.

The size and variety of the data set are crucial for developing robust, well-generalizing
models. Networks that were trained on too few or too homogeneous data are prone to
overfitting and underperforming on new examples. Since assembling large data sets is
not always possible, data augmentation is implemented to increase the variety of train-
ing examples. In this thesis focusing on image processing, augmentation was realized
by introducing geometric or intensity variations to the existing images, e.g., applying
affine or deformable deformations, adding noise, or blurring the image.

4.3 Deep learning in auto-segmentation

Organ and target segmentation is an integral part of radiation therapy (see Chapter 3).
Yet if performed fully manually, it is a tedious, repetitive, time-consuming task, prone
to inter- and intra-observer variability [57]. All these factors encouraged the devel-
opment of automatic and semi-automatic segmentation tools. The next paragraph
describes non-Al segmentation algorithms and shows their shortcomings, which drive
the development of a new generation of auto-segmentation DL methods described
later.

4.3.1 Non-Al auto-segmentation methods

Non-Al segmentation methods include thresholding [100], edge detection, boundary
gradient tracking [101], or more advanced algorithms such as deformable shape mod-
els or level sets [102]. However, the usage of these algorithms in clinical practice is
limited due to their insufficient performance [43]. The next generation of registration
algorithms are atlas-based methods. An expert-segmented reference volume (called an
atlas) is deformably registered to the image of interest. The resulting vector field is
used to deform contours from the atlas to the new image. Therefore, atlas segmenta-
tion relies on image intensities as well as expert knowledge of organ position, shape,
and size. A variation of this algorithm using several segmented reference volumes
simultaneously is called a multi-atlas image segmentation [103]. For several years, it
was state of the art and is now implemented in commercial systems such as RaySta-
tion (RaySearch Laboratories, Stockholm, Sweden), Elekta ABAS (Elekta, Stockholm,
Sweden), or Velocity Al (Velocity Medical Systems, Atlanta, Georgia). The main limita-
tion of multi-atlas segmentation is the relatively long run time due to the underlying
registration.
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4.3.2 DL auto-segmentation with U-Net architecture

New medical image segmentation algorithms started emerging with the development
of more powerful GPUs and deep NNs [16]. In particular, CNNs gained popularity for
their ability to combine pixel intensity values with their spatial location while reduc-
ing the number of parameters compared to fully connected networks. First CNNs were
two-dimensional and worked on image patches. Larger input sizes became possible
with the rapid increase in available GPU memory, and ultimately, 3D imaging data
could be processed at once.

The most commonly used architecture for medical image segmentation is the so-called
U-Net. The 2D fully convolutional U-Net was first proposed in 2015 for biomedical im-
age segmentation [17]. It consisted of contracting (encoder) and expanding (decoder)
paths connected at each resolution level via skip connections as shown in Figure 4.1.
The encoder and decoder had a typical CNN structure, i.e., convolutional layers inter-
leaved by max pooling or deconvolution operations, with ReLU [104] activation. Each
time the max pooling/deconvolution halved/doubled the resolution, the number of
feature channels was doubled/halved. The final 1 x 1 convolution layer transferred
each component of the feature map to one of the possible output classes.

Over time, many changes have been introduced to this architecture while maintaining
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Figure 4.1: U-Net architecture as introduced by Ronneberger et al. [17]. The operations illus-
trated include 2D 3 x 3 convolutions, application of ReLU activation, 2 x 2 max pooling, 2 x 2
transverse (up) convolution, and a final 1 x 1 convolution. Gray numbers above the layers in-
dicate the number of channels in each layer. Figure adapted from [17].

its primary encoder-decoder structure with skip connections. The network has been ex-
panded to three dimensions [94], regular convolutional layers have been supplemented
with residual connections (see Figure 4.2) [105], various types of normalization have
been added [106], and max pooling was replaced by convolution with a stride of 2.
Other U-Net variants incorporated fully connected layers, attention mechanisms [107],
and recently, vision transformers [108] have been integrated into the U-Net architec-
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ture [109]. Finally, the authors of the so-called nnU-Net introduced a training method
that automatically configures itself, including pre- and post-processing, network archi-
tecture, and training parameters [110].
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Figure 4.2: Residual units as introduced by Kerfoot et al. [105]. The operations illustrated
include 2D convolution with an optional stride of 2, application of instance normalization and
PReLU activation, transverse (up) convolution, and concatenation. The gray dashed arrow
represents a skip connection used in U-Nets. Figure adapted from [105].

The first U-Net introduced by Ronneberger et al. [17] was trained using the BCE
loss. Since the BCE tended to underperform in the presence of class imbalance between
foreground and background, the focal loss and finally DSC loss were introduced [80].
DSC is a widely used segmentation loss in medical image segmentation and has been
extensively utilized throughout this thesis.

4.3.3 Metrics for evaluating medical image segmentation

In order to evaluate the accuracy of medical image segmentation, different metrics
are utilized [111]. They might be quantitative and describe the geometrical similarity
between the predicted and ground truth contours, as well as qualitative and describe
how well a given contour is suitable for treatment adaptation and dose optimization.
DSC was introduced in the previous subsection as a basis for a loss function during
training. However, it is also commonly used to evaluate the overlap between two
binary contours A and B:
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where a; € A, b; € B, and a;,b; = 0, 1. Alternative metrics measuring contour overlaps,
such as the Jaccard index, the true/false positive/negative rates, or intersection over
union, were not used in this work but can be frequently found in the literature [111].
While DSC is a volumetric metric that considers all voxels inside a contour, HD con-
siders only the borders dA and 0B of the investigated structures. HD is defined as:

HD = max(hd(A, B),hd(B,A)) and hd(A, B) = maxmin ||a — b||>. (4.3)
a€dA beodB

The HD is sensitive to outliers. Therefore, it is common in medical image segmentation
to report the average or 95 percentile HD instead of the maximum.
DSC and HD are purely geometric metrics and do not have a direct relation to their
usefulness in radiotherapy. Therefore, it is beneficial to complement the quantitative
analysis with a qualitative contour evaluation. An example is the Likert scale [112],
where an expert evaluates the quality of a contour regarding its value for dose opti-
mization. The commonly used grades in radiotherapy range from “contours can be
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used directly” through “contours require minor/major corrections” to ”“contours are
not useful”.

Dosimetric metrics compare radiotherapy plans generated using manual (ground truth)
contours and contours predicted by the method under investigation, using, for exam-
ple, the gamma index [113]. Moreover, DVHs might be created to compare the dose
delivered to OARs or to evaluate target volume coverage [114]. Frequently used param-
eters include the maximum and average dose delivered to a structure or the volume of
a structure that received at least a given dose.

4.4 Deep learning segmentation models with prior knowl-
edge

DL auto-segmentation methods incorporating prior knowledge have become more de-
sirable with the introduction of MR-LINAC systems like ViewRay MRIdian or Elekta
Unity since these systems necessitate daily image contouring. Online adaptive radia-
tion therapy at MR-LINACS entails a lot of repetitive and time-consuming contouring
(see Chapter 3): target volumes and OARs have to be defined on the planning MRI,
and then the same structures must be recontoured before every irradiation on the
daily MRI. While there is more time for planning segmentation, fraction contours are
prepared under time pressure. An effective auto-segmentation specifically for frac-
tion images would benefit MR-LINAC treatments. However, conventional population
models may not be optimal for fraction images since they do not include manually
segmented planning images. The following paragraphs present two methods of in-
corporating prior knowledge into DL auto-segmentation models: patient-specific and
registration-based networks.

4.4.1 Patient-specific auto-segmentation models

Patient-specific (PS) or personalized networks are defined in this work as models
trained using segmented images of a patient of interest. The primary objective of
PS models is to prioritize performance for an individual patient over generalizability.
Figure 4.3 illustrates four types of PS models that will be described in this paragraph.

Plan MRI Plan- F1 MRIs Plan- FN MRIs

. ‘ S,
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Figure 4.3: Training strategies of personalized models. The boxes represent the models in-
vestigated, while the arrows indicate training or fine-tuning. The population baseline models
(BM) can be fine-tuned by patient-specific (PS) training either with the planning (Plan MRI) or
the planning and the first N fraction (F) images yielding PSgy and PSEY, models, respectively.

Repeating the process without the BMs results in PS;,,gm and PSEQIBM models, respectively.
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Personalized models for fractionated treatment at MR-LINACs could be trained
including a patient’s planning MRI. There are different ways of conducting such train-
ing. One option is transfer learning, where a previously trained population model is
fine-tuned with the patient’s segmented planning image (PSgy in Figure 4.3). Another
alternative is training a PS model from scratch without using other models for initial-
ization (PSpopm in Figure 4.3). Both methods have their benefits. Transfer learning
exposes PS models to various patient anatomies, which enhances their robustness. On
the other hand, training from scratch requires only one segmented training example,
so it overcomes a common hurdle in deep learning: the lack of annotated data.
Continuous fine-tuning with newly acquired fraction MRI is another variant of the PS
method. This approach can be implemented for PS models trained from scratch and
those generated via transfer learning (PSEY, and PSEN. - in Figure 4.3). This fine-tuning
updates models with the latest patient anatomy and makes it even more up-to-date for
the subsequent fractions.

Two frequently raised concerns about PS training are training time and overfitting. PS
training must be short since models for several patients might be required daily. Re-
garding overfitting, PS models are trained or fine-tuned with only one segmented MRI
without validation data. It will be shown throughout the thesis that overfitting can be
avoided, and careful selection of hyper-parameters can lead to successful personalized
models.

At the time of writing this dissertation, several contemporary publications from other
research groups describing PS models exist. All of these publications (including the
one included in this dissertation, which will be presented in Chapter 5) were devel-
oped independently and published within a span of several months. One of the first
studies describes intentional deep overfit learning for adaptive radiation therapy [115].
This paper presented a general idea of personalized models for adaptive radiotherapy
and suggested several possible use cases including super-resolution MRI reconstruc-
tion, pseudo CT generation, and auto-segmentation. A study by Chen et al. [116]
implemented PS training for prostate cancer patients receiving fractionated MRgRT at
the Elekta Unity MR-LINAC. The study demonstrated that PS fine-tuning effectively
catches characteristics of a given patient to improve segmentation with respect to pop-
ulation models. A study by Fransson et al. [117] investigated personalized 2D auto-
segmentation models for prostate cancer patients irradiated at the Elekta UnityMR-
LINAC. Their models were trained from scratch with one segmented MRI of a patient.
The study found PS training successful for many patients. However, the models tended
to fail in cases of bigger differences between the planning and fraction MRIs. Another
study conducted at Elekta Unity considered patients with tumors in the abdomen [118].
It explored the potential benefits of daily updating 2D PS models trained from scratch
with new segmented fraction MRIs. The study concluded that progressive PS training
significantly improves the performance of models trained from scratch. Notably, no
study was found that trained 3D PS models from scratch. A possible reason for that is
that 2D networks have fewer trainable parameters and are easier to train with less data.
Moreover, each image slice is treated as a separate training example, which artificially
increases the database size.
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4.4.2 Registration for deep learning auto-segmentation

Image registration is the core of an alternative approach for DL auto-segmentation with
prior knowledge that was investigated in this work. This approach can be employed if
the image to be segmented can be registered with another image where the structures
of interest are already delineated. A vector field resulting from this registration is used
to warp contours from one image to the other. The principle is analogous to the atlas
approach detailed in Section 4.3.1. The only difference is that the deformation vector
field is predicted by a NN rather than obtained from conventional registration algo-
rithms as described in Section 2.3.

The possible methods for DL image registration are very versatile. They include CNNSs,
generative adversarial networks (GANSs), and reinforcement learning [119-122]. DL
registration models can be trained in a supervised, weakly supervised, and unsuper-
vised manner. The possible outputs are a dense displacement field (DDF), sparse trans-
formation on a grid of control points, and a parametric deformation (when referring
to the network output in this dissertation, terms such as deformation, transformation,
or vector field will be used interchangeably). The following paragraph is limited to
the methods used throughout this work. Namely, it outlines CNNs predicting DDFs
between a pair of images. Particular training elements are presented in Figure 4.4.
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Figure 4.4: Training of combined image registration and contour propagation CNNs using a
spatial transformer network. Boxes with dashed borders represent elements that might not
exist in all training variants. Different loss function components include a term for vector field
similarity and regularization (Lgy¢), a term for contour similarity (Leontours), and a term for
image similarity (Limg).

In supervised DL image registration the inputs are an image and its copy aug-
mented with a known ground truth vector field. The task of the network is to find
this field. The ground truth can represent a rigid, affine, deformable, or random trans-
formation. The field can be modeled (e.g., via B-Splines [123], thin spline models,
or specific organ deformation models [43]), obtained from conventional image regis-
tration (see Section 2.3), or generated randomly. The mean squared error calculated
between the predicted and ground truth fields is a commonly used loss function for
DL registration with a ground truth vector field. In addition, a regularization term can
be included in the loss function to prevent tissue folding and other unphysical defor-
mations. The other role of the regularization is to incorporate existing knowledge of
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the problem into the NN training, e.g., the predicted vector field should be smooth or
relatively small in magnitude [43].
Weak supervision is a training variant in which the loss is calculated on a surrogate
quantity instead of directly on the network output. For example, the similarity between
tixed image contours and moving image contours warped by the predicted vector field
can serve as a surrogate quantity. Another possible loss function measures the similar-
ity between the fixed and warped images using, e.g., correlation coefficient or mutual
information [43]. Such loss functions are commonly used in NN training as they re-
quire no data annotation.
Spatial transformer network (STN) is an architecture that brought significant improve-
ments to the research on DL image registration [124]. STN is a differentiable module
that can be inserted into an existing network architecture to allow it to spatially trans-
form feature maps. An STN module comprises a localization net, a grid generator, and
a sampler. The localization net takes the feature map as input and outputs transforma-
tion parameters to be applied to it. For example, the localization net modeling rigid
transformation predicts rotation angles and translation vectors. The input feature map
is warped by the subsequent grid generator and sampler using parameters predicted
by the localization net. Importantly, the sampling layers are differentiable, which al-
lows loss gradients to flow back towards the localization net to update transformation
parameters. STN does not require additional supervision as its parameters can be ad-
justed during training for the task in question.

VoxelMorph is a well-known architecture using STN that was developed for brain
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Figure 4.5: VoxelMorph architecture combines a fully convolutional U-Net with three fully
connected layers. The input consists of two images to register (f and m), and the output is the
predicted DDF ¢. Figure source: [125].

1/4 1/8 1/16 1/8

MRI registration [125]. As shown in Figure 4.5, VoxelMorph comprises a U-Net and
three fully connected layers. It predicts DDF between a pair of images and uses the
STN’s sampler to warp the moving image. It can be trained with an image similarity
loss (e.g., cross-correlation) or with an auxiliary contour similarity loss (e.g., DSC) if
the images to be registered are segmented.

Another study that aimed to train NNs for combined image registration and segmen-
tation was carried out at the Elekta Unity MR-LINAC [126]. The goal of the study was
to train a network to register the planning and fraction MRIs and deform the planning
CTV contour to the daily anatomy. The network architecture was a typical U-Net but
trained progressively, mimicking the conventional B-Spline registration. In the first
epochs, the input image pair was downsampled four times so the network could learn
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a rough alignment of the images. As the training progressed, the network was fed
three and two times downsampled images, allowing it to focus on smaller details. The
last epochs were carried out with image pairs with the original resolution.

Many research groups are currently investigating medical image registration using
NNs. Some of these efforts are part of segmentation challenges such as Learn2Reg
[127]. Work on DL image registration and segmentation published in the framework
of this doctoral study is not included in this paragraph but listed in Chapter 5.



Chapter 5

Publications

This chapter presents publications included in this cumulative dissertation. All four
papers have been published in peer-reviewed journals.

5.1 Paperl

The study described in the first paper served as an introductory project to the fields of
DL auto-segmentation and radiation therapy. The main research question of this work
was: what is the impact of Al-generated OAR and target volume contours on dose
optimization during treatment planning. Or, in a more mathematical formulation, is
there a correlation between the contour quality (measured by DSC and HD) and the
quality of the treatment plan optimized using Al contours (measured by gamma pass-
ing rate, conformity index, and DVH parameters). This study was motivated by the
fact that the majority of published research on auto-segmentation for radiotherapy re-
ported only geometric metrics for the contours. Although geometric quantities are
relevant and enable quick contour comparisons, they do not directly describe the qual-
ity of dose distributions obtained during treatment planning. This publication is one
of the first works on AI auto-segmentation that addressed the dose as one of the most
critical endpoints in radiotherapy. The study involved the most frequently employed
geometric metrics in auto-segmentation and clinically relevant parameters used daily
for dose distribution assessment.

The data used in this publication included segmented CT images originating from
prostate cancer patients treated at the LMU University Hospital. Contours considered
as ground truth came either from the clinical workflows or were re-segmented and
approved by a radiation oncologist for the purpose of this study. V-Net [94] models
were trained for OAR and target volume segmentation while the RayStation was em-
ployed as a TPS. Two dose distributions were optimized for each patient using the
same optimization settings: one with the ground truth clinical contours and one with
the Al-predicted contours. Dose distributions calculated using ground truth contours
were considered a reference. DSC and HDs were used as geometric metrics. Confor-
mity index, gamma pass rate, and DVH parameters were used as dosimetric metrics.
Finally, the Pearson correlation coefficient was calculated between the geometric and
dosimetric metrics.
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This study brought the following results. First, the training of DL auto-segmentation
networks led to models achieving state-of-the-art geometric performance. Second,
treatment plans optimized using DL contours did not result in overdosing the neigh-
boring OARs. Additionally, the differences in target volume coverage were relatively
small except for one case. Third, the only statistically significant, moderately positive
correlation was found between the prostate DSC and the gamma index. In particular,
some patients showed similar contour accuracy yet substantially different gamma pass
rates. This led to the conclusion that the high geometric accuracy of predicted contours
might not be directly linked to high-fidelity dose distributions.
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Abstract

Background: The evaluation of automatic segmentation algorithms is commonly performed using geometric met-
rics. An analysis based on dosimetric parameters might be more relevant in clinical practice but is often lacking in the
literature. The aim of this study was to investigate the impact of state-of-the-art 3D U-Net-generated organ delinea-
tions on dose optimization in radiation therapy (RT) for prostate cancer patients.

Methods: A database of 69 computed tomography images with prostate, bladder, and rectum delineations was
used for single-label 3D U-Net training with dice similarity coefficient (DSC)-based loss. Volumetric modulated arc
therapy (VMAT) plans have been generated for both manual and automatic segmentations with the same optimiza-
tion settings. These were chosen to give consistent plans when applying perturbations to the manual segmentations.
Contours were evaluated in terms of DSC, average and 95% Hausdorff distance (HD). Dose distributions were evalu-
ated with the manual segmentation as reference using dose volume histogram (DVH) parameters and a 3%/3 mm
gamma-criterion with 10% dose cut-off. A Pearson correlation coefficient between DSC and dosimetric metrics, i.e.
gamma index and DVH parameters, has been calculated.

Results: 3D U-Net-based segmentation achieved a DSC of 0.87 (0.03) for prostate, 0.97 (0.01) for bladder and 0.89
(0.04) for rectum. The mean and 95% HD were below 1.6 (0.4) and below 5 (4) mm, respectively. The DVH parameters,
Vs0/65/70 Gy for the bladder and Vsg /65,70 Gy for the rectum, showed agreement between dose distributions within

=+ 5% and %= 2%, respectively. The Dgg 20 and Vose, for prostate and its 3 mm expansion (surrogate clinical target vol-
ume) showed agreement with the reference dose distribution within 2% and 3 Gy with the exception of one case. The
average gamma pass-rate was 85%. The comparison between geometric and dosimetric metrics showed no strong
statistically significant correlation.

Conclusions: The 3D U-Net developed for this work achieved state-of-the-art geometrical performance. Analysis
based on clinically relevant DVH parameters of VMAT plans demonstrated neither excessive dose increase to OARs
nor substantial under/over-dosage of the target in all but one case. Yet the gamma analysis indicated several cases
with low pass rates. The study highlighted the importance of adding dosimetric analysis to the standard geometric
evaluation.
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rectum, makes modern intensity modulated radiation
therapy (RT) a favorable technique for the treatment of
localized prostate cancer [1-3]. However, due to vari-
able bladder and rectal filling, random shifts, and defor-
mations of neighboring organs, online adaptation of the
treatment plan would be necessary in order to take full
advantage of modern radiotherapy techniques [4, 5].

Recontouring of the target volume (TV) and organs at
risk (OARs) is an important step in treatment plan adap-
tation. Previous studies have shown that manual delinea-
tion is not only time-consuming (in the order of several
minutes) but also prone to inter- and intra-physician var-
iability [6-8].

To address these problems, considerable scientific
efforts have been made to develop efficient automatic
segmentation tools. Previously, auto-segmentation meth-
ods such as (multi)atlas based and hybrid techniques
have been considered state-of-the-art [9]. Over time,
methods based on convolutional neural networks (CNN)
[10] gained more attention [11, 12]. Milletari et al. [13]
proposed a 3D fully convolutional neural network archi-
tecture trained end-to-end on magnetic resonance (MR)
prostate images, referred to as V-Net, and introduced a
novel objective function based on the Dice similarity
coefficient (DSC). Balagopal et al. [14] presented a hybrid
network, having an additional 2D localization network
prior to the 3D segmentation network to delineate pros-
tate, bladder, rectum, and femoral heads on pelvic com-
puted tomography (CT) images. In order to overcome
the challenges of low soft tissue contrast in CT images as
well as blurry boundaries, Wang et al. [15] and Tong et al.
[16] focused additionally on edge enhancement tech-
niques. Sultana et al. [17] proposed a two-stage network
combining U-Net and generative adversarial network
(GAN) architectures [18] for structure localization fol-
lowed by precise prediction of organ delineation.

Evaluation metrics that are commonly used to meas-
ure segmentation performance focus purely on geomet-
ric accuracy. The most frequently used are the DSC, the
mean, 95%, or maximal Hausdorff distance (HD), the
positive prediction value (PPV) or the sensitivity [19].
The two main ideas behind them are: (1) a pixel-wise
comparison of ground-truth and predicted segmenta-
tion and (2) measuring the distance between the ground-
truth and the predicted contours. What carries a higher
relevance in clinical practice, however, is the dosimetric
accuracy and the quality of the treatment plans that can
be achieved on the basis of the predicted segmentations
[12, 20]. At the time of writing, no studies exist that have
investigated and quantified the dosimetric impact of CT
organ delineations for prostate cancer patients obtained
from deep CNN:Ss.

Page 2 of 12

In this work a state-of-the-art 3D U-Net architecture
for automatic organ segmentation in CT images of low-
grade prostate cancer patients was trained. The train-
ing was carried out separately for the bladder, prostate,
and rectum which are the most important structures for
prostate cancer treatment. Since in patients with low-
grade prostate cancer, tumorous tissue is located only
in the prostate, seminal vesicles were not considered for
segmentation. Clinically acceptable VMAT plans were
created for all test cases using manual segmentations
and the automatic segmentations obtained from the
3D U-Net. This allowed to infer the dosimetric impact
of deep learning delineations, which is still rarely pre-
sent in the literature. The quality of the treatment plans
optimized on the automatically generated contours was
compared with the reference plans in terms of dose vol-
ume-histogram (DVH) parameters, conformity index
(CI) and gamma pass rate. In addition, a standard con-
tour-based analysis based on DSC as well as on average
and 95th percentile HD calculation was performed. Both,
geometric and dosimetric evaluation metrics, were com-
pared in terms of Pearson correlation coefficient to inves-
tigate a possible correlation between them.

Methods

Database

The dataset used in this study consisted of 69 CT images,
along with delineated structures associated with the low-
grade prostate cancer treatment performed at the Klini-
kum GrofShadern of the Ludwig Maximilian University
(LMU) of Munich. Patients with substantial CT artifacts
due to the presence of metal hip implants (1 patient) and
fiducial markers (9 patients), causing artifacts throughout
the image and especially in the prostate area, were not
included in this study. The use of an ultrasound probe
for prostate monitoring during irradiation in several
cases, did not interfere with CT imaging of the pelvic
region, therefore such cases were also included. Simi-
larly, the presence of prostate calcification did not rule
out the inclusion of images in the study. CT data have
been acquired with a Toshiba Acquilion LB CT scanner
(Canon Medical Systems, Japan) using 512 x 512 pixels
in the axial plane and a variable number of slices. Voxel
size was 1.074 x 1.074 x 3 mm3. OARs, in particular
bladder and rectum, were delineated by a trained radia-
tion oncologist and stored as point clouds (DICOM RT-
structs). The prostate contours were redrawn under the
supervision of a trained physician according to guidelines
for low grade (stage I and II) prostate tumor patients.
Using plastimatch [21] images and segmentations were
converted from the DICOM RT-struct format, which is
required by treatment planning systems and contour-
ing software, into binary masks that are used during the
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neural network training. Images and binary masks were
resampled with the help of nearest neighbor interpola-
tion for masks and linear interpolation for images, to a
1x1x1 mm? spaced grid, which was advantageous
for the subsequent data augmentation at training stage.
While aiming to minimize the influence of contour con-
version between the DICOM RT-struct format, defined
on a 1.074 x 1.074 x 3 mm?> grid, and binary masks,
defined on a1 x 1 x 1 mm? grid, we found that employ-
ing resampling with nearest neighbor interpolation intro-
duced negligible alterations to the structures. Finally, the
dataset has been split into a training, validation, and test
sets of 47, 11, and 11 images, respectively. This partition-
ing was a trade-off between providing enough statistic
for testing and validation as well as introducing sufficient
variability into the training set.

3D U-Net

The 3D U-Net presented here is based on the V-Net
architecture [13], developed initially for prostate deline-
ation on MR images. The encoding arm of the network
is composed of five levels (including the lowest one)
each comprising one (1st level), two (2nd level) or three
(3rd—5th levels) convolutional layers and having 16, 32,
64, 128, 256 channels, respectively. The kernel size has
been set to 5 x 5 x 5, stride to 1 x 1 x 1 and group nor-
malization has been applied after each convolution. The
output of a given level is used in the subsequent one as
input for the first convolution and is added to the out-
put of the last convolution, thus creating a residual con-
nection. For downsampling between the network levels
convolution with a kernel of size 2 x 2 x 2 and stride 2
was used. Throughout the network the PReLU activation
was applied. The decoding arm of the 3D U-Net is built
in an analogous way, with up-convolution to increase the
image size instead. The output of each level of the encod-
ing arm (before the dowsampling) is concatenated with
the corresponding input of the decoding arm. The last
layer of the network uses the soft-max activation and
thresholding of 0.5 to produce two binary masks repre-
senting segmentation of the structures and the back-
ground. For this project only the segmentation of the
structures is relevant.

Data augmentation

The data augmentation, applied with probability paue to
each input pair, i.e. image and its segmentation, included
3D rotations around the image center (always aligned
with the prostate center of mass), translations, B-Spline-
based deformations, and zooming. Translations can be
described by three parameters [Xtrans, Vtrans Ztrans] denot-
ing the maximal translation distances along each axis.
Similarly, Euler rotations can be denoted by the maximal
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rotation angles [&, B, y] around the superior-inferior,
anterior-posterior and medial-lateral axis, respectively.
Zooming re-sizes each axis by a factor randomly drawn
from [lmin, /max]- The pixel intensities have been trun-
cated to fit the soft tissue window [/min, Imax] and sub-
sequently rescaled to [— 1, 1]. The deformation field is
defined on a grid of n x n x n control points with ran-
dom shifts drawn from a Gaussian distribution [i, o]. In
the last step of the augmentation pipeline, a central part
of each image has been cropped to 128x128x128 due to
memory limitations on the GPU. Nevertheless, the clini-
cally relevant high dose regions close to the prostate
were not affected by the cropping. While setting the ini-
tial values for the data augmentation parameters, special
care was taken not to introduce strong artifacts or create
unrealistic deformations.

Training

Training on single-label data has been performed sepa-
rately for three regions of interest: prostate, rectum, and
bladder. Each model has been trained on an NVIDIA
Quadro P6000 GPU with the Keras implementation of
the Adam optimizer (81 = 0.9, B3 = 0.999, € = le — 07)
and the Dice loss function applied to both, segmenta-
tions and the background. The set of hyper-parameters
to be optimized can be divided into two sub-groups: data
augmentation related parameters such as maximal trans-
lation shifts, rotation angles, zooming and soft-tissue
window limits, B-Spline deformation parameters, aug-
mentation probability and training related parameters
such as the learning rate and number of epochs. The
optimization of the hyper-parameters was performed via
a random search. Training with a certain set of hyperpa-
rameters was performed until the loss function evaluated
on the validation data did not decrease further for several
dozen epochs.

Treatment planning

For all test cases, single arc photon VMAT treatment
plans were generated using a research version of the
commercial treatment planning system (TPS) RaySta-
tion (version 8.99, RaySearch, Sweden). All plans aimed
at a total dose of 74 Gy in 37 fractions. The generic beam
model of an Elekta Synergy Linac (Elekta, Sweden) with
Agility multi-leaf-collimator was used. For each test
case, two treatment plans were optimized on the same
planning CT image, one based on the expert segmen-
tation and one based on the 3D U-Net segmentation
of rectum, bladder, and prostate. In both scenarios, in
accordance with our facility’s clinical guidelines, a PTV
margin of 6 mm (posterior 5 mm) was applied around
the prostate. The same optimization settings, i.e., the
same objectives and weights for planning target volume



Kawula et al. Radiation Oncology (2022) 17:21

(PTV), bladder, and rectum, for both manual and auto-
matic segmentation were used. Settings were chosen
using the expert segmentation such that a PTV coverage
of at least Vgs¢y = 100% was achieved (no normalization
was applied after optimization), while dose to OARs was
below the recommendations of the QUANTEC report
[22]. Since the dose optimization problem does not have a
unique solution, calculation outcomes might be different,
despite using highly similar sets of contours. In order to
perform a dosimetric evaluation that captures differences
in dose distributions caused primarily by variations in the
delineated structures and not by the solution ambiguity
of the optimization problem, care was additionally taken
to choose optimization settings that produce consistent
planning results by applying small perturbations to the
manual segmentation. For this, the original RT-structs
were converted to binary masks and back to DICOM RT-
structs. Then a new plan was generated with the same
optimization settings and dosimetrically compared to the
initial plan using the original RT-structs. With the final
parameters (see weights in Table 1) dose distributions
for all test cases were achieved that deviated less than
4 2% in the considered OAR and target DVH parameters
(see following section) but were not statistically signifi-
cant. For all test patients and all calculated dose distri-
butions, the ICRU Report 83 guidelines concerning the
PTV [23], ie. Dogy > 95% of the prescribed dose and
Dyy < 107% of the prescribed dose, were met as well.
These settings were then used to optimize treatment
plans using the 3D U-Net segmentations without fur-
ther user interaction. Table 1 summarizes the goals of the
treatment planning along with the importance of each
factor.

Table 1 Clinical goals used in the TPS RayStation for VMAT plan

generation

Function ROI Description Weight
Max dose Rectum 74 Gy 0.03
Max EUD, A =12 Rectum 64 Gy 0.1
Max EUD, A =8 Bladder 63 Gy 0.03
Min dose PTV 74 Gy 042
Uniform dose PTV 74 Gy 0.07
Max dose PTV 77.7 Gy 0.21
Dose fall-off External [H174 Gy, [L] 10 Gy, 0.13

Low dose distance 1 cm

For each region of interest (ROI) a given objective function was assigned.
Weights were normalized to 1 and indicate the importance of each parameter
during plan optimization
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Data evaluation

In order to evaluate the network-generated contours,
DSC, average HD and 95% HD (defined as 95th percen-
tile of the distances between boundary points), have been
calculated for all test cases with expert delineations as the
reference ground truth. Since there is no clear bound-
ary between the rectum and colon, evaluation of the
network predictions was limited to the slices containing
the ground truth segmentation, i.e. no additional penalty
was applied for colon misclassification. Apart from that,
geometric data evaluation (DSC, HD,yg, and HDgso) has
been restricted to the 128 x 128 x 128 volume.

The dose distributions for predicted and ground truth
contours were analyzed using a 3D global gamma-crite-
rion with a pass-rate of (3%, 3 mm), where only voxels
with at least 10% of the prescribed dose were consid-
ered. Additionally, CI defined by Paddick [24] was cal-
culated. This index has an ideal value of one and plan
quality decreases with decreasing index value. Both dose
distributions were also compared in terms of clinically
relevant target and OAR DVH parameters. For prostate
and its 3 mm expansion (surrogate CTV), values of Dogy ,
Day and Vosy were determined. Similarly, for the rectum
Vs0/65/70Gy and for the bladder Vo 65,70 gy were calcu-
lated. All DVH parameters were determined using the
ground truth segmentations and the dose distributions
optimized either on the predicted or on the ground truth
contours. To assess the statistical differences between
DVH parameters for plans optimized on the manually
and the U-Net generated contours, a Wilcoxon signed-
rank test with a statistical significance threshold of
p = 0.05 was used.

To investigate the correlation between the dosimetric
and geometric metrics, the Pearson correlation coeffi-
cient [25] between (1) DSC of prostate and gamma index,
(2) average DSC and gamma index, and (3) DSC and
DVH parameters were calculated.

Results

Hyperparameter optimization

The following values of hyperparameters have
lead to satisfactory results: paug = 0.93, rota-

tion angles o =20°, =y =10° translation shifts
Xtrans = Ytrans = Ztrans = 10mm, Imin = 0.9, lnax = 1.1,
Imin = —150HU, Ipax = 150HU, grid control points
nxnxn=15x15x15 u =0, o =30. After 20k
epochs with a batch size of two, we found all the loss
functions to converge with no signs of overfitting. The
learning rate of 1073 has been shown to perform best.

Contour-based analysis
Figure 1 illustrates ground truth and automatically-gen-
erated delineations of prostate, rectum, and bladder for
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Patient 59 Patient 14 Patient 82

Axial

Sagittal

Coronal

Fig. 1 Axial, sagittal, and coronal slices showing (solid lines) the ground truth contours and (dashed lines) predictions generated by the 3D U-Net.
(Red) prostate, (green) rectum, and (blue) bladder delineations are presented for three test patients showing (left) the worst, (middle) closest to the
average, and (right) the best agreement with the ground truth by means of DSC for prostate. The black box indicates the region where the contours
were predicted by the U-net

Table 2 Contour based metrics: DSC, average Hausdorff distance (HDayg) and 95% Hausdorff distance (HDos) Of all test patients

DSC (HDavg/95%) (mm)

Prostate Bladder Rectum Prostate Bladder Rectum
Pat. 11 0.90 0.96 0.90 14/4.5 1.0/2.3 1.2/4.0
Pat. 14 0.88 0.96 0.88 1.5/3.6 1.0/3.6 1.2/3.5
Pat. 27 0.86 0.97 091 1.5/37 0.9/2.2 1.1/3.0
Pat. 32 0.87 0.96 0.78 2.2/5.1 1.1/3.2 34/149
Pat. 43 0.85 0.94 0.90 1.7/4.2 15/3.2 1.2/33
Pat. 44 0.88 0.96 092 1.3/3.6 0.8/2.1 0.8/2.2
Pat. 52 0.83 097 0.92 2.0/5.5 09/2.3 14/3.5
Pat. 59 0.82 097 0.90 2.3/6.2 0.9/2.6 1.3/49
Pat. 81 0.91 0.97 0.87 1.2/34 0.9/2.1 1.8/83
Pat. 82 092 0.97 0.88 1.0/2.3 0.8/2.1 12/35
Pat. 90 0.85 0.97 091 1.6/4.3 0.8/2.1 1.0/29
Mean (STD) 0.87 (0.03) 0.97 (0.01) 0.89 (0.04) 1.6 (04)/4 (1) 0.95 (0.2)/2.5 (0.5) 14(0.7)/5 (4)

The last row presents the mean and standard deviation (STD) over all test cases
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three test patients. Images with the best, closest to the
average, and the worst values of DSC for prostate are
displayed.

Table 2 collects the results of the geometric analysis for
all test patients. Mean DSCs (standard deviation) of 0.87
(0.03), 0.97 (0.01), 0.89 (0.04) were achieved for the pros-
tate, bladder, and rectum, respectively. The highest aver-
age DSC value was observed for the bladder, which can
be attributed to its relatively large size. A slightly worse
performance has been observed for rectum and subse-
quently prostate. The values of the average HD were 1.6
(0.4) mm, 0.95 (0.2) mm, 1.4 (0.7) mm for prostate, blad-
der, and rectum, respectively. The values of the 95% HD
show the same trend 4 (1) mm, 2.5 (0.5) mm, 5 (4) mm
for prostate, bladder, and rectum, respectively.

Dosimetric analysis

Figures 2, 3 and 4 illustrate dose distributions of three
exemplary patients with the highest, the average, and
the lowest gamma pass-rate in axial, sagittal and coro-
nal views. The reference dose distribution optimized
using the ground truth contours, the 3D U-Net dose
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distribution optimized using the predicted delineations,
and their difference are shown. Deviations from the ref-
erence plan were found to be in the range of +10% and
were located primarily outside of the prostate. The largest
differences were found close to the borders of the PTV
region, where dose gradients are steep (6 mm away from
the prostate boundary).

The quantitative results of the dosimetric comparison
are summarized in Table 3. The value of the CI for the
reference plans is in the range of 0.81 and 0.89 with an
average (standard deviation) of 0.85 (0.03). For the plans
calculated on 3D U-Net generated contours the CI is in
the range of 0.69 and 0.88 with an average of 0.78 (0.06).
The gamma-pass rates (3 mm, 3%) were between 71 and
94%, with an average value of 85%.

Figure 5 illustrates differences between clinically rel-
evant DVH parameters of the two optimized dose dis-
tributions, evaluated on the reference, i.e. manually
delineated, contour set. Again, the reference dose distri-
bution was optimized using the ground truth delineations
and compared the the dose distribution optimized on
the 3D U-Net predicted contours. For rectum and blad-
der, all the differences are below 5% and 2%, respectively.

Patient 59

UNet segmentation Manual segmentation

Dose difference

Patient 44
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Fig. 2 Dose distributions on axial slices of three test patients showing (left) the worst, (middle) the average and (right) the best agreement
quantified by the gamma-index of the treatment plan optimized on (top) the manual segmentation and (middle) the 3D U-Net segmented images.
Additionally, relative dose differences are presented. For improved visibility, dose below 25% of the dose prescribed to PTV and deviations below
0.4% on the difference plot are not displayed. Ground truth contours of (green) rectum, (blue) bladder, and (red) prostate, are also shown. The black
box indicates the region where the contours were predicted by the U-Net
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Fig. 3 Dose distributions on sagittal slices of three test patients showing (left) the worst, (middle) the average and (right) the best agreement
quantified by the gamma-index of the treatment plan optimized on (top) the manual segmentation and (middle) the 3D U-Net segmented images.
Additionally, relative dose differences are presented. For improved visibility, dose below 25% of the dose prescribed to PTV and deviations below
0.4% on the difference plot are not displayed. Ground truth contours of (green) rectum, (blue) bladder and (red) prostate are also shown. The black
box indicates the region where the contours were predicted by the U-Net

None of them has been found to be statistically signifi-
cant (p > 0.05). No clear trend of increased or decreased
bladder and rectum dose for the 3D U-Net segmenta-
tion-based plans was found. Similarly, differences for the
target volume are mostly below 3 Gy/2% for Dgg, D3 and
Vs, apart for one outlier (patient 59, 10% of the test set)
where the network struggled to delineate the prostate,
which is also reflected in the relatively low DSC of 0.82
and gamma index of 71%. The only statistically signifi-
cant differences have been found for the surrogate CTV
for Dgg and V5. No tendencies for the D parameter have
been observed, but the 3D U-Net based plans tend to
have reduced values of Dog and Vs for both, prostate and
its 3 mm expansion, indicating a slight reduction of tar-
get coverage which is in line with the reduced CI values.

Pearson correlation coefficient

The Pearson correlation coefficient with the p value
for the DSC of prostate and gamma index was 0.67
(p = 0.023), which shows a moderate positive correla-
tion. No statistically significant results were obtained for
the other parameters.

Discussion
In this work a 3D U-Net has been successfully trained
and applied for CT-based organ segmentation in the
male pelvic area. The evaluation of the network’s per-
formance was based not only on the commonly used
geometric metrics, but also on clinically relevant dosi-
metric parameters.

Satisfactory performance was observed with regard
to the geometric accuracy of the contour delinea-
tion, indicating a high degree of similarity between
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Fig. 4 Dose distributions on coronal slices of three test patients showing (left) the worst, (middle) the average and (right) the best agreement
quantified by the gamma-index of the treatment plan optimized on (top) the manual segmentation and (middle) the 3D U-Net segmented images.
Additionally, relative dose differences are presented. For improved visibility, dose below 25% of the dose prescribed to PTV and deviations below
0.4% on the difference plot are not displayed. Ground truth contours of (green) rectum, (blue) bladder and (red) prostate are also shown. The black
box indicates the region where the contours were predicted by the U-Net
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Table 3 Gamma pass rate (3 mm, 3%) and conformity index
calculated for plans optimized on manual (Clnan) and 3D U-Net
(Clpu—ner) generated segmentations of all test patients

Clman Cl3py—net (3 mm, 3%) (%)
Pat. 11 0.87 0.78 91
Pat. 14 0.83 0.83 89
Pat. 27 0.83 0.75 88
Pat. 32 0.89 0.77 79
Pat. 43 0.83 0.78 93
Pat. 44 0.82 0.88 94
Pat. 52 0.84 0.69 77
Pat. 59 0.87 0.70 71
Pat. 81 0.88 0.82 87
Pat. 82 0.85 0.85 92
Pat. 90 0.81 0.72 74
Mean 0.85(0.03) 0.78 (0.06) 85(8)

automated and manual segmentations. The best results
were observed for bladder segmentation, followed by
the rectum, and prostate. The best values of DSC and

HD for the bladder can be explained firstly, by its sim-
ple geometry and secondly, by its relatively large size,
which makes an incorrect prediction of a group of edge
pixels less relevant with regard to the correctly classi-
fied central part of this organ. The low contrast of the
prostate on the CT images makes its segmentation
most challenging, which was reflected in a DSC of 0.87.
With the exception of one case (Pat. 32) in which a sub-
stantial portion of the colon was misclassified as part
of the rectal contour, the rectum segmentation showed
a relatively high dice equal to 0.87. Since the rectum-
colon boundary is visually difficult to identify and is not
located in the high dose region, we decided to reduce
the penalty for this type of misclassification during the
final evaluation (testing) by truncating the volume of
interest to the axial slices that contained the ground
truth segmentation.

Quantitative test outcomes showed state-of-the-art
network performance in terms of DSC, mean and 95%
HD. The 2D-3D hybrid network for localization and
subsequent organ segmentation proposed by Balagopal
et al. [14] achieved a DSC of 0.9 for prostate, 0.95 for
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Fig. 5 Differences between the two treatment plans optimized

Net- and manually-generated contours. DVH parameters for
Rs (bladder and rectum) and (bottom) TV (prostate, prostate
margin). Each patient is represented by a single data

point, while whiskers indicate the 5th-95th percentile. Dose values
correspond to the total dose of 74 Gy delivered during fractionated
treatment. Asterisks indicate the statistically significant differences
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bladder and 0.84 for rectum. The edge-calibrated multi-
task network by Tong et al. [16] showed an overall blad-
der, rectum, and prostate segmentation performance of
DSC = 0.89. The UNet-GAN hybrid architecture by Sul-
tana et al. [17] achieved DSC = 0.90 for prostate. A more
detailed comparison is shown in Table 4. In all studies,
bladder achieved the highest segmentation accuracy, fol-
lowed by prostate and rectum.

In the current work, 1 patient with a metal hip implant
and 9 patients with fiducial markers were excluded from
the study due to artifacts. Applying the trained network
to these cases resulted in a DSC of 0.60 (7) for prostate
and average Hausdorff distance of 32.5 (8) mm, dem-
onstrating that the trained network cannot be used for
images with such artifacts. The available 10 cases are
neither sufficient to train a separate model nor to expect
a visible effect on the training in combination with the
other training data-sets (several images would also have
to be set aside for validation and testing, further reduc-
ing the training dataset). A potential solution to this issue
could be collecting a larger database of images with arti-
facts and carrying out an independent training.

The ground truth bladder and rectum segmentations
were assembled over a course of 2.5 years at the LMU
Klinikum and originated from several physicians. In con-
trary, prostate segmentation has been re-drawn for the
purpose of this study. Multi-observer contours in the
training set might be seen as an advantage, as the net-
work learns how to generalize and does not adjust to the
contouring style of one physician only. On the other hand
this might lead to lower testing outcomes, since the net-
work predictions compared against contours drawn by
different physicians will be ranked differently. This also

Table 4 Quantitative comparison of geometric metrics with state-of-the-art segmentation algorithms

Present work Balagopal et al. [14] Sultanaetal.[17] Tong et al. [16]

Prostate

DSC 0.87 £0.03 0.90 + 0.02 0.90 £ 0.05 0.86 + 0.06
HDavg 16+04 - 1.56 £037 1.01 £0.65
HDos504 441 - 52112 351+ 1.66
Bladder

DSC 0.96 £ 0.01 0.95 + 0.02 095+ 0.02 0.96 + 0.02
HDavg 095402 - 095+0.15 097 £0.53
HDos04 25405 - 437 £0.56 317 +£361
Rectum

DSC 089+ 0.04 0.84 +0.04 084 £ 0.04 0.86 £ 0.07
HDavg 14+£07 - 178+ 1.3 122 4+£1.05
HDos504 5+4 - 6.11+£15 434 £530
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sets an upper limit on the network performance meas-
ured by means of geometric metrics which is in the order
of the expectable inter-observer differences [26].

Due to GPU memory limitations, images were cropped
around the prostate center of mass, causing truncation
of bladder and rectum parts in some cases. On the one
hand, this could have made it easier to predict the outer
walls, on the other hand, this reduced the organ volume.
Since these factors have the opposite effect on DSC and
are small in themselves, the effect on DSC is deemed
negligible, while the value of HD might have been slightly
underestimated. The truncated sections were always
located in the low dose region and therefore dosimetric
analysis and plan optimization were not affected.

In the scope of the additional dosimetric analysis, tar-
get volume Dgg, Dy and Vs of the plans optimized using
3D U-Net contours were found to differ only slightly
from the reference plans based on expert delineations,
however a trend of lower Dgg and Vg5 was observed as
shown in Fig. 5. In only one case (patient 59), major devi-
ations, i.e. Dgg = — 14.59 Gy and Vg5 = — 7.02% for sur-
rogate CTV, were observed. This can be attributed to an
incorrect prostate contouring that is shifted towards the
bladder, as can be seen in Fig. 1.

The average value of the CI was 0.78 (0.06) for the plans
optimized on 3D U-Net generated contours and 0.85
(0.03) for reference plans. The lower value of the average
CI confirms slightly worse target coverage. The treatment
plans derived from automatic contours yielded lower CI
since the evaluation was performed using the ground
truth contours. In contrary, the reference plans have been
optimized and evaluated on the same set of contours, and
are thus biased towards higher values by design.

Due to the lack of an absolute reliability of the auto-
matic segmentation, human review is still unavoidable.
Nonetheless, introducing a method that has a potential
to accelerate the contouring process in the majority of
cases, as it was show in [27] or in a similar study consid-
ering lung cancer patients [28], would be an improve-
ment with respect to current clinical practice.

Analysis of DVH parameters for rectum showed that
treatment plans optimized on 3D U-Net-generated con-
tours did not result in statistically significant differences
measured by Vsg/65/70 gy- No statistically significant dif-
ferences were found for the bladder as well. Results indi-
cate that plans optimized on automatically generated
contours do not overdose the neighboring OARs, i.e.
bladder and rectum.

The gamma index analysis resulted in pass rates of
71-94% with a mean value of 85%. The most promi-
nent differences between dose distributions have been
detected close to the PTV border. The degree of the
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discrepancies correlates closely with the discrepancies
between PTV borders (ground truth and predicted) as
steep dose gradients are desirable during dose optimi-
zation. Thus, the main organs affected by these differ-
ences were the bladder and the rectum, for which the
most relevant DVH indices have been carefully ana-
lyzed in this study. Inside the PTV we did not observe
any ‘hot-spots’ exceeding 107% of the prescribed dose.
We also did not notice any consistent dose clustering
outside of the PTV. The maximum dose delivered to
femoral heads was always below 35 Gy, which is signifi-
cantly lower than the recommended threshold of 50 Gy.

The only statistically significant correlation was found
between the DSC of the prostate and the gamma index.
The Pearson coefficient showed a moderately positive
correlation only. No statistically significant correlation
was found between the gamma pass-rate and the DSC
values of OARs and between the DVH parameters and
the DSC. On the contrary, we have observed that it is
not uncommon for patients to show a very similar DSC
for the prostate, which is the most important segmen-
tation in relation to the treatment planning of prostate
cancer, while showing a very different gamma pass-
rate e.g. DSCpyt.43 = DSCpat90 = 0.85 while ypata3 = 93
and Ypat.90 = 74 or DSCp,taq = 0.88, DSCp,rg1 = 0.91
while ypataa = 94 and yparg1 = 87. This leads to the
conclusion, that a high geometric similarity between
contours, commonly evaluated by the means of DSC,
does not necessarily result in a high fidelity dose dis-
tribution optimized using these contours. Since eventu-
ally, the dosimetric analysis is clinically more relevant
the results of this study highlight that the latter should
always be carried out in addition to the geometric
analysis.

Another important factor to consider is the contour
conversion between two formats: the point cloud for-
mat (DICOM RT-Struct) required by the contour-
ing software as well as the TPS, and the binary masks
required for CNN training. The use of nearest neigh-
bors interpolation in the conversion pipeline did not
introduce any noticeable differences during structure
conversion.

One possible improvement to this study could be to
prepare separate training images for the bladder and
rectum by cropping images around their mass centers
and adjusting the soft tissue window to match closer
their HU range. This could help create more precise
contours, but should not significantly affect the dosi-
metric analysis as the parts of the OAR structures rele-
vant for treatment planning are located in close vicinity
of the prostate, which was used as center for crop-
ping in this study. Furthermore, prostate patients with
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tumor stages III and IV could be included in future
studies by including seminal vesicles in the prostate
contour or training a separate network. However, this
is a challenging task since in clinical practice the CTV/
PTV might contain different proportions of seminal
vesicles depending on the exact tumor stage. Therefore,
the CTV/PTVs including the seminal vesicles might
have more pronounced variations between patients and
thus more training data would be required.

Conclusions

A 3D U-Net was successfully trained for organ segmen-
tation on CT images of the male pelvic region. The geo-
metric accuracy measured with DSC, mean and 95% HD
showed state-of-the-art performance of our algorithm.
Analysis based on clinically relevant DVH parameters of
VMAT plans did not show excessive dose enhancement
to OARs and proved sufficient for treatment target vol-
ume coverage in nine out of ten cases. Nevertheless, the
gamma pass rate was not always acceptable, indicating
that human review is crucial. No strong statistically rele-
vant correlation between geometric and dosimetric met-
rics was observed, suggesting that both types of analysis
should be included in the evaluation of automatic organ
segmentation in the scope of radiotherapy.
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The second paper focused on OAR and CTV auto-segmentation for prostate cancer pa-
tients undergoing MRgRT at the MRIdian MR-LINAC. The data utilized in this study
comprised manually segmented planning and fraction MRIs from two facilities: the
LMU University Hospital in Munich and the Gemelli University Hospital in Rome.
Several aspects were investigated. First, how good are the DL-generated contours, and
do they require manual corrections before clinical implementation? Are DL contours
better for fraction images than the currently employed planning contours registered to
the daily MRI in the TPS? Second, can networks trained on images from one facility
be used directly at a different one? Or is additional fine-tuning with the data from the
new target facility necessary? Third, can personalized (at a single patient level) auto-
segmentation networks surpass conventional population models? The third question
was inspired by the observation that the prostate CTV is defined differently depending
on the patient. Differences in contouring are also present at the rectum’s superior end.
However, it was crucial to observe that the planning images are segmented in a certain
way, and this “style” is generally kept throughout the fractions. To recapitulate, the
third question was aimed at exploring if the segmented planning MRI can be used to
teach the network the expected shape of a given structure.

This is the first work that considered patient-specific models for prostate cancer pa-
tients treated at the MRIdian MR-LINAC. Moreover, this study is the first to compare
DL-generated contours to TPS suggestions, evaluating the potential benefits of intro-
ducing them for online treatment adaptation.

The architecture of choice was a state-of-the-art residual U-Net. It was trained for
single-class segmentation of the bladder, rectum (OARs), and CTV. The baseline pop-
ulation models were trained with data from one facility only. Subsequently, facility-
specific models were trained by fine-tuning the population models with a subset of
images from the target facility. Finally, personalized models were obtained by fine-
tuning the population models with the segmented planning image of each patient. All
methods were assessed using geometric metrics. Additionally, an experienced radia-
tion oncologist reviewed the suitability of population model OAR contours for treat-
ment adaptation and compared them to the currently used ones that are provided by
the TPS.

The study yielded the following conclusions corresponding to the three primary study
aspects. First, the trained population models achieved satisfactory geometric perfor-
mance for all investigated structures. The DL predictions of OARs were graded better
and were shown to require fewer manual corrections than the currently used TPS
contours. Second, the facility-specific fine-tuning did not substantially improve OAR
segmentation compared to population models. Thus, it is possible to use OAR models
trained at one institute directly at the other. However, this conclusion did not extend
to the CTV as CTV population models benefited noticeably from the facility-specific
tine-tuning. The third part of the results corresponded to the personalized training.
It was shown that patient-specific models were especially beneficial for CTV segmen-
tation and in cases of unusual OAR shapes. However, they were more sensitive to
inaccuracies and errors in the planning segmentation.
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Abstract

Background: Online adaptive radiation therapy (RT) using hybrid magnetic
resonance linear accelerators (MR-Linacs) can administer a tailored radiation
dose at each treatment fraction. Daily MR imaging followed by organ and tar-
get segmentation adjustments allow to capture anatomical changes, improve
target volume coverage, and reduce the risk of side effects. The introduction
of automatic segmentation techniques could help to further improve the online
adaptive workflow by shortening the re-contouring time and reducing intra- and
inter-observer variability. In fractionated RT, prior knowledge, such as planning
images and manual expert contours, is usually available before irradiation, but
not used by current artificial intelligence-based autocontouring approaches.
Purpose: The goal of this study was to train convolutional neural networks
(CNNs) for automatic segmentation of bladder, rectum (organs at risk, OARs),
and clinical target volume (CTV) for prostate cancer patients treated at 0.35
T MR-Linacs. Furthermore, we tested the CNNs generalization on data from
independent facilities and compared them with the MR-Linac treatment plan-
ning system (TPS) propagated structures currently used in clinics. Finally,
expert planning delineations were utilized for patient- (PS) and facility-specific
(FS) transfer learning to improve auto-segmentation of CTV and OARs on
fraction images.

Methods: In this study, data from fractionated treatments at 0.35 T MR-Linacs
were leveraged to develop a 3D U-Net-based automatic segmentation. Cohort
C1 had 73 planning images and cohort C2 had 19 planning and 240 fraction
images. The baseline models (BMs) were trained solely on C1 planning data
using 53 MRIs for training and 10 for validation. To assess their accuracy, the
models were tested on three data subsets: (i) 10 C1 planning images not used
for training, (ii) 19 C2 planning, and (iii) 240 C2 fraction images. BMs also served
as a starting point for FS and PS transfer learning, where the planning images
from C2 were used for network parameter fine tuning. The segmentation output
of the different trained models was compared against expert ground truth by
means of geometric metrics. Moreover, a trained physician graded the network
segmentations as well as the segmentations propagated by the clinical TPS.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2022 The Authors. Medical Physics published by Wiley Periodicals LLC on behalf of American Association of Physicists in Medicine.
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1 | INTRODUCTION

The introduction of magnetic resonance (MR) linear
accelerators (Linacs) into clinical practice has facilitated
online adaptive radiotherapy."™ Fully integrated daily
MR imaging enables fast dose re-optimization based
on the anatomy of the day, which has the potential
to improve tumor coverage and reduce gastrointesti-
nal and genitourinary toxicity in abdominal and pelvic
targets.>® With the current state-of-the-art, these ben-
efits come at the cost of longer workflows, notably due
to the need for online re-contouring.” The median frac-
tion time excluding the irradiation itself can be as long
as 30 min, as presented by Sahin et al® for 500 frac-
tions delivered to 72 patients. Other studies reported 54
min for adapted abdominal and pelvic stereotactic body
radiotherapy (SBRT) fractions,’ 50 min for liver tumors,'°
and up to 71 min in MR-guided SBRT boosts for gyneco-
logical cancer patients.!’ During the adaptation process
at 0.35 T MR-Linacs (MRlIdian, ViewRay Inc, Cleveland,
OH),'? the planning MRI is matched to the daily MRI
using deformable image registration (DIR) and subse-
quently the planning contours are propagated to the
anatomy of the day using either the same deformation
field or rigid registration for the CTV. The propagated
structures are corrected manually by radiation oncolo-
gists and only then can be used for dose evaluation and
optimization. An automatic or semi-automatic segmen-
tation, which requires no or fewer corrections, has the
potential to shorten the treatment time and thus increase
patient throughput at MR-Linacs.">~"% It could also help
to avoid the inter- and intra-physician variability caused
by work under time pressure, fatigue and the level of
individual experience.'®

Several studies have been conducted to address the
problem of auto-contouring in cancer patients by means
of state-of-the-art machine learning techniques in the
scope of MR-guided radiation therapy (MRgRT). Liang
et al.'” described an approach regarding abdominal
multi-organ auto-contouring integrating information from

Results: The BMs showed dice similarity coefficients (DSC) of 0.88(4) and
0.93(3) for the rectum and the bladder, respectively, independent of the facil-
ity. CTV segmentation with the BM was the best for intermediate- and high-risk
cancer patients from C1 with DSC=0.84(5) and worst for C2 with DSC=0.74(7).
The PS transfer learning brought a significant improvement in the CTV segmen-
tation, yielding DSC=0.72(4) for post-prostatectomy and low-risk patients and
DSC=0.88(5) for intermediate- and high-risk patients. The FS training did not
improve the segmentation accuracy considerably. The physician’s assessment
of the TPS-propagated versus network-generated structures showed a clear
advantage of the latter.

Conclusions: The obtained results showed that the presented segmentation
technique has potential to improve automatic segmentation for MR-guided RT.

0.35 T MR-Linac, adaptive radiotherapy, automatic segmentation, deep learning, patient-specific
transfer learning, prostate cancer

the manually segmented simulation 0.35 T MR images
with predictions generated by a support vector machine
(SVM). Fu et al.'® presented an architecture comprising
a segmentation convolutional neural network (CNN) fol-
lowed by two correction CNNs that was trained for liver,
kidney, stomach, bowel, and duodenum automatic delin-
eation for MRgRT. Eppenhof et al.'® proposed a CNN for
contour propagation based on DIR during fractionated
prostate cancer treatment at a 1.5 T MR-Linac sys-
tem. The architecture implemented by Eppenhof et al.
is a UNet which is frequently used for organ segmenta-
tion and broadly discussed in the literature2° Friedrich
et al?! investigated the stability of conventional and
machine learning-based 2D tumor auto-segmentation
techniques for 2D tumor tracking at a 0.35 T MR-
Linac.

However, until now there are very few studies that
leverage the scheme of fractionated MRgRT at MR-
Linacs, and the available prior knowledge such as initial
treatment planing segmentation. For online plan adap-
tation, prior knowledge could be beneficial for organ
segmentation in patients with unusual anatomies or for
clinical target volume (CTV) delineation, since the lat-
ter does not necessarily follow visible organ boundaries
and requires additional clinical information.

The aim of this work was to use a 3D U-Net
architecture?? with customized data augmentation to
generate organs-at-risk (OARs), that is bladder and
rectum, and CTV segmentation for prostate cancer
patients treated at a 0.35 T MR-Linac. In order to inves-
tigate the transferability of trained models, the network
performance was additionally tested with data from
an independent facility which operates the same MR-
Linac. Furthermore, the network-generated contours
were compared with the structures automatically prop-
agated by the treatment planning system (TPS) during
the online adaptive MRgRT workflow and graded with
regard to their clinical usability for treatment adaptation.
Facility-specific (FS) transfer learning has been per-
formed to test if the trained baseline neural network can
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improve its performance on data from an independent
facility by adapting to the specific segmentation style as
suggested by Balagopal et al.?® Finally and most impor-
tantly, patient-specific (PS) transfer learning was carried
out in order to investigate whether incorporating prior
knowledge, as typically available in fractionated adaptive
MRgRT, further improves segmentation performance for
fraction images.**

2 | MATERIALS AND METHODS

21 | Database

A total of 92 prostate cancer patients treated between
January 2018 and June 2021 with online adaptive
MRgRT at the Department of Radiation Oncology of the
University Hospital of the LMU Munich (19 patients) and
the Gemelli University Hospital in Rome (73 patients)
were included in this study. At both facilities, MR imag-
ing was performed at the ViewRay 0.35 T MRIdian
MR-Linac system. The images were acquired using the
clinical balanced steady-state free-precession (bSSFP)
sequence resulting in a T2*/T1 image contrast, and had
a resolution of 1.5 mm x 1.5 mm x 1.5 mm or 1.5 mm
x 1.5 mm x 3 mm.'2 The latter were resampled to
1.5 mm x 1.5 mm x 1.5 mm in the scope of this study,
using the plastimatch convert’® function with nearest
neighbor interpolation.

All patients were treated following a similar workflow
(Figure 1), which consisted of an initial offline plan-
ning phase and irradiation in 5-33 fractions. After the
acquisition of a planning MR image, OARs, including
the bladder and the rectum, as well as the CTV were
manually delineated by trained consulting physicians
(planning contours). The CTV was defined as a volume
of tissue that contains a demonstrable gross target vol-
ume and/or sub-clinical malignant disease at a certain
probability considered relevant for therapy. Depending
on the tumor development, different regions of the
seminal vesicles were included in the CTV: none for
low-, proximal for intermediate- (int) and entire for high-
risk prostate cancer. There were no other additional

—

Treatment fractions (5 — 33)

lllustration of the adaptive radiotherapy workflow at the MRIdian presenting the different types of contours incorporated in the

differences in contouring between the risk groups. A
separate subgroup comprises post-prostatectomy (pp)
patients. For them, the CTV includes only the remaining
parts of the prostate and seminal vesicles after surgery,
which makes them visibly different from the rest of
the patients. Then, the planning target volume (PTV)
was generated as a CTV expansion by 4 mm/posterior
3 mm at the LMU Hospital and isotropically by 5 mm
at Gemelli Hospital (which due to the TPS rounding
to a full pixel size of 1.5 mm?3 results in 4.5 mm/3 mm
at LMU and 4.5 mm for Gemelli) and clinical treat-
ment plans were created. At each fraction, a daily MRI
was acquired with the same imaging sequence as the
one used for the offline planning and rigidly aligned
with the pre-treatment image. The planning MRI was
then matched to the fraction image with DIR and the
planning structures were propagated by the ViewRay
TPS using the same DIR for all OARs, while the CTVs
were propagated using rigid registration, according to
the clinical guidelines followed in our institutes. The
resulting contours will be referred to as propagated
contours. Subsequently, they were inspected by a physi-
cian and, if necessary, corrected, which led to the final
fraction contours. These were used for adaptation of
the daily treatment plan, if deemed necessary. After
dose re-optimization, a new plan was delivered.

All contours were initially stored in the DICOM RT-
struct format, which represents structures as point
clouds. The segmentations were converted into binary
masks using plastimatch?® with nearest neighbors
interpolation, in order to be suitable for the subsequent
neural network training. The image-binary mask pairs
were cropped/padded around the PTV center to a size
of 220 x 220 x 220 pixels, which in all but one case, cov-
ered all structures of interest with a substantial margin.
The exception case had a part of the bladder cropped.

Throughout this work, the planning and fraction
contours, as generated and approved by the radiation
oncologists, were considered as ground truth, while the
propagated structures were used only for comparison
in the evaluation phase. The Gemelli dataset, cohort 1
(C1), consisted exclusively of planning MRs and cor-
responding manual expert delineations, while the LMU
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TABLE 1 Datasets used in the study.
Cohort Type Stage Number
OARs C1 Planning - 73
Cc2 Planning - 19
Fraction - 240
Propagated - 24 (5 patients)
CTV C1 Planning pp & low 10
Planning int & high 57
Cc2 Planning pp & low 8
Fraction pp & low 91
Planning int & high 11
Fraction int & high 144

Note: For each subgroup, the origin of the data (C1 or C2), the type of
contours (planning, fraction, or propagated, see Figure 1), and the number
of images available are given. For the CTV, it was differentiated between
intermediate- and high-risk patients (int & high) and the remaining cases, that is,
post-prostatectomy (pp) and low-risk (low) patients.

dataset, cohort 2 (C2), included planning as well as frac-
tion images along with their contours. Propagated OAR
contours were available for a subset of C2 patients, in
addition to expert delineations on each image. Table 1
summarizes the characteristics of the dataset.

2.2 | 3D U-net

In this work, the MONAI?® implementation of the resid-
ual U-Net developed by Kerfoot et al2” was used. The
network follows the well-known architecture with encod-
ing and decoding arms linked at each level via skip
connections. The network consists of five levels. Each
of them contains two convolutions with 3 x 3 x 3 ker-
nels, followed by instance normalization®® and PReLU?°
activation with the initial slope for negative arguments
of 0.2. In the encoding arm, the second convolution
has a stride of 2 serving also for down-sampling, while
in the decoding arm a transpose convolution is used
for up-sampling. The output layer of the network has
soft-max activation®® and thresholding at 0.5, which gen-
erates a binary image corresponding to the predicted
structure. A loss function based on the dice similar-
ity coefficient (DSC)3! and the Adam?? optimizer were
employed throughout the training.

2.3 | Data augmentation and
preprocessing

The data augmentation applied during training included
random spatial transformations such as rotations,
translations, scaling, B-Spline deformation, along with
MR-specific random transformations mimicking the
occurrence of bias fields, motion artifacts, and noise.
To harmonize the data fed into the network an intensity
normalization based on image mean and standard devi-

ation, followed by scaling to the (0, 1) range was applied
to all images (training, validation, testing). Finally, the
image and binary mask pairs were centrally cropped
to the size of 192 x 192 x 192 pixels, while the pixel
spacing of 1.5 mm x 1.5 mm x 1.5 mm was preserved.
In all but one patient (with bladder extending excep-
tionally high in the superior direction), the cropping
resulted in images with substantial margins around the
structures of interest. Further details on the data aug-
mentation and hyperparameter tuning are given in the
Supporting information.

2.4 | Baseline training

A single optimal combination of hyperparameters was
sought while training three independent models for the
segmentation of bladder, rectum, and CTV. Since there
was a non-zero overlap between some structures, for
example, bladder and CTV or rectum and CTV, and
based on previous experience, no multi-organ segmen-
tation was performed. At this point, only C1 patients
were included in order to provide an independent test
cohort (C2) in the later evaluation phase and PS training
was not considered. For OARs, the C1 data split was
53/10/10 for training, validation, and testing. However, six
cases had to be excluded from the validation and test
sets in the case of CTV segmentation, as the tumor was
located outside the prostate gland (e.g., lymphatic path-
ways), which led to a division of 53/7/7. Approximately
90% of the cases were intermediate- and high-risk
patients, meaning that the CTV contained at least parts
of the seminal vesicles in most cases. Therefore, the
baseline CTV model is considered suitable for the
intermediate- and high-risk cases, and its performance
for low-risk and pp patients will be tested only to allow
comparison at later stages during PS training. The
relatively small number of low-risk and pp patients
in the training set did not affect the network perfor-
mance on the remaining cases, therefore they were not
excluded.

2.5 | Baseline models evaluation

The performance of the baseline models (BMs) was
tested separately on three data subsets: 10 planning C1
images that were not used for training, 19 C2 planning
images, and 240 C2 fraction images. Again, for the BM
evaluation we did not consider PS training.

2.6 | Network-predicted versus
treatment planning system-propagated
contours

During treatment adaptation, propagated contours are
available to physicians and form the basis for their
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(a) Facility (C2)-specific training

(b) Patient-specific training
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Representation of the training scheme as well as the patients (ID) split for (a) the facility-specific (FS) and (b) the

patient-specific (PS) training. The gray background indicates images considered together for model training and validation. Both variants share
the same test set. The depicted frames and the patient IDs show the actual data base and the training/validation/testing split.

corrections. Due to their potentially insufficient qual-
ity, the contours have to be checked and adjusted
manually most of the time, which prolongs the treat-
ment. The aim of this section was to compare the
quality of the propagated contours with the network
predictions and to determine which would potentially
require less corrections.

The ground truth fraction delineations were generated
from the propagated contours by applying manual cor-
rections. Under time pressure physicians mostly correct
pronounced errors of the propagated structures, which
means that they may artificially be closer to the propa-
gated contours, introducing a considerable bias in favor
of propagated contours evaluated by means of DSC or
HD. Therefore, an additional qualitative analysis investi-
gating contour usability during plan adaptation has been
carried out. Please note, that prior to contour propaga-
tion, the planning and fraction images are rigidly aligned
and it is ensured, that the MR scanner/Linac isocenter
is roughly at the center of the PTV.

The propagated contours were retrieved for 24 frac-
tions from 5 patients of C2. A radiation oncologist
working at the LMU MR-Linac was presented two sets of
contours in random order: the predicted and the propa-
gated, for each fraction. First, the physician was asked
to choose the contour considered more useful during
plan adaptation, and secondly, to rate each delineation
on a four-point scale: 1-ready to use, 2-small correc-
tions required, 3-major corrections required, and 4-not
useful 33 In order to eliminate personal bias, the physi-
cian was neither informed about the study goal nor the
origin of the examined delineations. Since CTV seg-
mentation requires additional knowledge, such as the
patient’s medical record and cancer risk category, this
analysis was restricted to the OARs.

2.7 | Facility- and patient-specific
transfer learning

The study also aimed at investigating whether transfer
learning can improve segmentation accuracy in fraction
images. Two approaches have been taken: FS and PS
transfer learning. In both training types, network weights
and biases were initialized with parameters of the BM
and further trained with a planning image (or images) of
interest, adjusting all network parameters. The hyperpa-
rameter search was carried out analogously to the BM
optimization. In FS transfer learning, the BMs were fine-
tuned with a set of planning images from C2, while in
PS transfer learning a single C2 planning image for a
particular patient was used for fine-tuning. The goal of
this approach is to slightly adjust the BM using informa-
tion from the planning image. The approach is similar
to Chun and Park et al?* To prevent overfitting to the
anatomy seen on the planning image, data augmenta-
tion was applied to mimic possible anatomical changes
occurring over the following fractions. Figure 2 shows
the design of both transfer learning approaches with the
data subdivision and patient split.

The FS training was carried out with ten randomly
selected patients from C2. Planning images were used
to optimize data augmentation, hyperparameters, and
fine-tune the network parameters, while the correspond-
ing fraction data were employed for validation. The
trained model was tested on the fraction data of the nine
remaining C2 patients.

In the PS training, no validation data are available to
select the stopping epoch when applying the procedure
to test data. Thus, ten separate models were fine-tuned
simultaneously for each of the ten preselected train-
ing patients (see Figure 2). Again, the planning images
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FIGURE 3

Image slices showing (left) one of the best, (middle) average, and (right) worst, baseline model performance. Image slices from

(top) C1, (middle) C2 planning, and (bottom) C2 fraction MRs are shown. The (solid line, saturated colors) ground truth and (dashed, faded
counterparts) network predictions for the investigated organs (blue) bladder, (orange) prostate, and (red) rectum are presented.

were used for model fine-tuning and the fraction images
for validation. Collecting validation results from all 10
patients allowed to adjust the data augmentation, learn-
ing rate, and number of training epochs the same for all
patients. Finally, models were fine-tuned for the nine test
patients using their planning images and fixed hyperpa-
rameters. Both FS and PS training shared the same test
set of 115 fraction images.

2.8 | Data evaluation

The network predictions were compared to the ground
truth via DSC, the 95! percentile and the average Haus-
dorff distance, HDgs and HD,,4, respectively. The eval-
uation of the rectum segmentation considered slices
including the PTV and 10 additional slices reaching
1.5 cm above and below the upper and lower PTV ends.
We performed the analysis separately for planning and
fraction images. The CTV contours for the intermediate-
and high-risk cases were considered separately from
the post-prostatectomy and low-risk patients, due to
the considerable differences in the inclusion of seminal
vesicles. To determine whether the differences between
different methods or datasets are statistically signif-
icant, the Wilcoxon-signed rank test was performed
with the p-value < 0.05 being considered statistically
significant.

2.9 | Technical details

The network architecture and the training loop were
implemented using MONAI 2% PyTorch,** and TorchlO3°
libraries. The computations were carried out in a Docker
container built from the projectmonai/monai image ver-
sion 0.6.0 on Nvidia Quadro RTX 8000 and/or Nvidia
RTX A6000 GPUs.

3 | RESULTS

3.1 | Baseline training

The BMs were trained over 300 epochs with a batch
size of 2, which required approximately 4 min/epoch and
resulted in a training duration of 20 h. The same set
of hyperparameters was used for the final training of
models for all three organs. The final values and details
on the hyper-parameter optimization are given in the
Supporting information.

3.2 | Baseline model evaluation

Figure 3 collects exemplary slices showing cases with
one of the best, average, and poor network segmen-
tations for the C1 test patients, the C2 planning, and
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TABLE 2 Numerical outcomes of the baseline models performance for the OARs and the CTV.
Bladder Rectum CTV int&high N CTV low&pp
DsC DsC DsSC DSC
HDgs5 (mm) HDgs5 (mm) HDg5 (mm) HDgs5 (mm)
Dataset N HD,yg (mm) HD,yg (mm) N HD,yg (mm) HD,yg (mm)
C1 10 0.93(0.03) 0.88(0.03) 5 0.84(0.05) 2 0.82(0.09)
planning 3.7(1.8) 3.6(1.4) 5.2(2.4) 9.2(4.2)
1.3(0.4) 1.2(0.3) 1.8(0.5) 3.0(1.7)
c2 19 0.93(0.03) 0.88(0.04) 11 0.76(0.06) 8 0.35(0.19)
planning 3.6(3.5)(%9) 3.7(1.6) 8.8(3.0) 15(8)
1.3(0.7)(s) 1.2(0.3) 3.1(0.8) 6.9(5.1)
Cc2 240 0.90(0.07) 0.87(0.08) 144 0.75(0.06) 91 0.39(0.17)
fraction 6.2(5.6)(s%) 4.9(3.3) 8.6(2.8) 14(5)
1.8(1.1)(ss) 1.5(1.0) 3.1(0.8) 6.0(2.8)

Note: Dice similarity coefficient (DSC), average and 95" percentile Hausdorff distance (HD4yg, HDgs), with (standard deviation of the mean) are presented for a
given number N of C1 test patients, C2 planning, and C2 fraction images. Low-risk and post-prostatectomy (low & pp) patients were considered separately from the
intermediate and high-risk (int & high) cases. The statistically significant pairs are marked with (%),

the C2 fraction images. The average DSC, HDg5, and
HD,,y comparing the network-generated segmentation
and the ground truth delineation are given in Table 2.
Apart from the HDs between the planning and frac-
tion bladder contours of C2, there were no statistically
significant differences between the three test sets exam-
ined. For the rectum, mean DSC was 0.87-0.88 and
for the bladder it was 0.90-0.93. For both OARs, the
HDs increased for fraction contours compared to the
planning images from approximately 3.6-3.7 to 4.9—
6.2 mm for the HDg5 and from 1.2—1.3 to 1.5—-1.8 mm for
the HD,,4. Analysis of the CTV predictions showed the
best outcomes for intermediate- and high-risk C1 test
patients, that is, DSC=0.84(0.05), HDg5=5.2(2.4) mm,
and HD,,¢=1.8(0.5) mm, thus having the same risk cat-
egory as the majority of patients in the training set. The
delineations for the remaining C1 test patients (low-risk
and post-prostatectomy) showed a comparable DSC
value of 0.82(0.09), yet worse HDg5 of 9.2(4.2) mm and
HDgg of 3.0(1.7) mm. However, these results should
be treated with caution, as only two low-risk patients
were available for testing and therefore, the results
are not statistically significant. Applying the same net-
work to intermediate- and high-risk C2 patients yielded
worse results of DSC=0.75(0.06), HDg5 = 8.8(3.0) mm,
and HD,,4 = 3.1(0.8) mm, regardless of the contour
type (fraction or planning). The network performance
on the remaining C2 cases, both planning and fraction,
yielded worse outcomes of DSC<0.4, HDg5=15(8) mm,
and HD,,=6.9(5.1) mm. Here as well, no consider-
able differences between planning and fraction contours
were observed.

Figure 4 illustrates the DSC for the C2 cohort, sep-
arately for each patient. For the bladder, 10 of 19
test patients consistently showed a DSC above 0.9
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FIGURE 4 The baseline model outcomes. Dice similarity
coefficient (DSC) for the bladder, rectum, and clinical target volume
(CTV) segmentation for all 19 C2 patients separately. For each
patient (horizontal black line) the median value, (orange)
performance on the planning data, and (blue) performance on
fraction data are marked.
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Contour grading: predicted vs propagated
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FIGURE 5 Bar plots showing physician’s grading of the network
predictions (baseline models) and the treatment planning system
(TPS)-propagated delineations. The grading is defined as follows:
1—ready-to-use, 2—small corrections, 3—major corrections required,
and 4—not useful.

for all planning and fraction images. A slight tendency
towards more accurate network contouring on planning
compared to fraction images was observed. The consid-
erable DSC variations in several patients, for example, 5
and 14, were caused by the acquisition of some fraction
images with an empty bladder, in contrast to the plan-
ning stage, when all patients followed closely the clinical
recommendations of a filled bladder.

For the rectum, the DSC for most patients was above
0.80 for both planning and fraction data. There was no
clear tendency towards better DSC in the planning data.

The CTV segmentation showed the largest variation
in the DSC among the three structures examined. All
patients with an average DSC < 0.6 were low-risk and
post-prostatectomy patients, while those with DSC > 0.6
were intermediate- and high-risk cases. No consistent
performance differences were observed between the
planning and the fraction MRlIs.

3.3 | Network-predicted versus
treatment planning system-propagated
contours

In the physician examination, the OAR contours gen-
erated by the network were preferred over the TPS-
propagated contours for the bladder and the rectum
in 22 and 23 out of 24 cases, respectively. Figure 5
presents the outcomes of the additional assessment,
which graded the contour quality. In almost half of the
cases (11 out of 24) the network delineations of the
bladder were ready to use directly and further 38%
(9 out of 24) required only minor corrections. For the
remaining four instances (constituting 17% of the test
set), the physician declared the need for major changes
or rejection of the predicted contours. On the contrary,
none of the propagated contours was considered as
ready-to-use and in as many as 17 cases (68%) major

TABLE 3 Quantitative outcomes evaluating the BM-predicted
and TPS-propagated OAR contours.

Bladder Rectum

DSC DSC

HDg5 (mm) HDg5 (mm)
Method N HD,yg (Mmm) HD,yg (Mmm)
Network 24 0.91(0.09) 0.81(0.02)(ss)
predicted 1.5(0.9) 2.2(2.9)(9)

4.1(2.6) 5.8(6.6)(%%)
TPS- 24 0.91(0.1) 0.88(0.16)ss)
propagated 1.5(1.3) 1.2(1.7)69)

5.2(4.9) 3.4(4.1)9)

Note: DSC, HD,,4, and HDgs with (standard deviation of the mean) are given.
The statistically significant pairs are marked with (ss) BM, baseline model; DSC,
Dice similarity coefficient; OARs, organs at risk, TPS, treatment planning system.

corrections would be necessary or the contours were
declared not useful.

Similarly, an advantage of the predicted contours over
the propagated ones was visible for the rectum. In
all cases but one, which was labeled not useful, the
predicted rectum contours were either ready-to-use or
required only minor corrections. Among the propagated
contours, 11 (45% of the cases) needed no or minor cor-
rections, and the remaining 13 (55%) were labeled as
requiring major corrections or not useful.

Table 3 presents the quantitative evaluation of the
contours. Only the differences for the rectum were
statistically significant. It can be observed that the
TPS-propagated contours score equally good or even
higher in terms of quantitative analysis (see Table 3)
and clearly worse in the qualitative assessment (see
Figure 5). This can be explained by the potential bias
in favor of TPS contours measured by DSC and HD as
already described in Section 2.6. Due to this bias, the
quantitative results should be interpreted with caution.

3.4 | Facility- and patient-specific
transfer learning

Fine-tuning over 500 epochs was found sufficient dur-
ing training and validation in all cases for both FS and
PS transfer learning. The learning rate Ir and the maxi-
mum displacement d for the B-spline deformation field
were decreased in both training variants to Ir = 10~
and d = 30 mm compared to the baseline training (see
Supporting information). The total training time was
9.5 h and 2 h for the FS and PS models, respectively.
Figure 6 and Table 4 collect evaluation outcomes for
the nine test patients. No signs of overfitting to the plan-
ning image anatomy were observed in any of the ten
patients, and training was performed until performance
stopped improving on the validation data, that is, the
corresponding fraction images.
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FIGURE 6 Box plots comparing the outcomes of the (blue)
baseline, the (orange) facility-, and the (green) patient-specific

training for the nine test patients. A single point on the plot represents

dice similarity coefficient (DSC) of a predicted fraction contour.

Both types of transfer learning resulted in minor
enhancements in the bladder segmentation accuracy.
The only exception was patient 01, in which the incor-
rect inclusion of a substantial part of the surrounding
tissue has been corrected for. In the remaining eight
instances, patients with a wider range of the DSC values
on the BM showed also a similar spread in both transfer
learning variants.

The PS training was helpful to adjust the top and the
bottom of the rectum according to the planning con-
tours. This resulted in DSC improvements in patients
06, 10, and 16. However, by design, the training was
prone to major differences between planning and frac-
tion anatomy, for example, due to different rectum filling,
which was the case for patients 01 and 12.

A clear benefit was observed in case of the CTV
for PS training, which can be seen in Figure 7 and is
summarized in Table 4. The average DSC improved by
0.52 for low-risk and post-prostatectomy cases (patients
12 and 14) and by 0.14 for intermediate- and high-risk
(remaining patients), respectively. Also, the HDgs/HD 4
decreased by 14/5.9 mm for the first ones and by
5.3/1.7 mm for the latter. The predictions generated by
the PS model overlap well with the ground truth con-
tours. In particular, the correct parts of seminal vesicles
and normal tissue surrounding the prostate gland were
included in the predicted CTVs. The PS-generated con-
tours do not follow the visible organ boundaries but
adjust to the planning delineations.

4 | DISCUSSION

In this work, we investigated the feasibility of deep learn-
ing for the automatic segmentation of the CTV, bladder,
and rectum in prostate cancer patients treated at a

TABLE 4 Outcomes of the FS and PS training compared to the baseline models (BMs).

Bladder Rectum CTV int&high N CTV low&pp
DSC DSC DSC DSC
HDg5 (mm) HDgs5 (mm) HDgs5 (mm) HDg5 (mm)
Model N HD,yy (mm) HD,y (mm) N HD,y (mm) HD,yg (mm)
BM 114 0.91(0.07) 0.87(0.04)(s) 105 0.73(0.07) 10 0.2(0.05)(s)
6.0(5.1) 5.2(2.8)s) 9.6(2.8) 17(4)
1.8(1.1) 1.5(0.5)Ms) 3.3(0.8) 7.2(1.8)(s)
FS 0.92(0.04) 0.87(0.04)(") 0.78(0.07) 0.18(0.06)(")
3.8(1.8) 5.0(2.7)") 8.6(3.2) 12(3)
1.4(0.4) 1.4(0.5)(s) 2.9(1.1) 6.6(1.6)("s)
PS 0.93(0.06) 0.90(0.03) 0.88(0.05) 0.72(0.04)
3.5(2.6) 3.7(2.1) 4.3(1.5) 3.2(0.4)
1.2(0.7) 1.1(0.4) 1.7(0.6) 1.3(0.1)

Note:DSC, average and 95™ percentile Hausdorff distance (HDayg, HDgs), with (standard deviation of the mean). The evaluation has been restricted to fraction images
of the nine test patients. Results of the best performing models in bold. The non-statistically significant differences are marked with ™). CTV, clinical target volume;
DSC, Dice similarity coefficient; FS, facility-specific; PS, patient-specific.
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FIGURE 7 Image slices showing the comparison between
clinical target volume (CTV) segmentation performed by the (top)
baseline and (bottom) patient-specific models.

0.35 T MR-Linac. Data from two independent facilities
were used to test for generalizability of trained mod-
els. In addition, contours propagated by the TPS were
compared to the network predictions and evaluated
regarding their clinical usability during treatment adapta-
tion. Furthermore, the data of the fractionated adaptive
treatment course were leveraged, first, to examine differ-
ences between planning and fraction contour prediction
accuracy and, second, to generate facility- and patient-
specific models for the automatic delineation of fraction
images by fine-tuning the network parameters on the
planning data.

The analysis of the BM yielded no considerable differ-
ences between OAR segmentation on planning images
from two independent facilities. The mean DSC val-
ues for the bladder and the rectum were around 0.93
and 0.88, respectively, while the HDg5 and HD,,, were
below 3.7 and 1.3 mm, regardless of the OAR. This sug-
gests that models trained in one of the institutes can
be directly used in the other without the necessity of
additional model fine-tuning.

This, however, does not apply to the CTV. All three
employed metrics indicate more severe errors, that is,
drop in DSC by 0.08 and an increase of HDgs/HD,,4 by
3.6 mm/1.3 mm for intermediate- and high-risk cases
and more pronounced miss-classifications for low-risk
and post-prostatectomy patients when applying the BM
to C2 planning images. This potentially rules out model
generalizability for CTV delineation and is potentially
related to more pronounced differences in contouring
style between different facilities for the CTV.

Table 5 presents the outcomes of several recent
studies on neural networks for pelvic region auto-
segmentation in MRI. The performance of the BM is
comparable to those presented in the recent literature.
One should bear in mind, however, that the data col-
lected in Table 5 are given as reported by the authors

TABLE 5 Overview of the performance of automatic OAR
delineation techniques on MR images.
Bladder Rectum
DsC DSC
Study Method HDg5 (mm) HDgs5 (mm)
Elguindi et al 36 DeepLabV3+ 0.93(0.04) 0.82(0.05)
Savenije et al 3’ DeepMedic 0.96(0.02) 0.88(0.05)
2.5(1.1) 7.4(4.4)
Sanders et al 38 DenseNet 0.96(0.03) 0.91(0.05)
3.49(6.9) 9.16(6.9)
Huang et al 3 U-Net variation 0.90(0.09) 0.78(0.07)
8.7(9.4) 11.8(8)
This study 3D U-Net 0.93(0.03) 0.88(0.03)
(Baseline) 3.6(3.0) 3.6(1.5)

Note: A brief description of the method is reported together with DSC and
HDgs metrics. DSC, Dice similarity coefficient; OAR, organs at risk; MR,
magnetic resonance.

using different training and testing sets. Therefore, they
should be interpreted as an estimate of what can be
achieved for OAR segmentation on MR images and not
as a direct comparison.

The analysis of the BM predictions on planning and
fraction OAR contours showed differences in the aver-
age DSC between the subsets below 0.03, yet both HDgy5
and HD,,4 were higher for fraction contours by up to 2.6
and 0.5 mm. The difference could be caused by the lim-
ited time that can be dedicated to correct the propagated
structures and the fact that mainly the region close to
the PTV, that is, the high dose region, is subjected to
additional contour adjustments.

According to our institutional protocol, patients were
instructed to show up consistently with at least half-full
bladder. All patients followed the recommendations for
the planning image acquisition, but not always for frac-
tions. This was frequently observed in patients 05 and 14
and resulted in a considerable DSC spread of approxi-
mately 0.35. The same was observed in several fractions
of patients 01,08, 12, and 17, represented by the lowest
points on the plot (see Figure 4). The bladder volume
of patient 03 was about three times larger than aver-
age. Both, empty and exceptionally big bladders, were
underrepresented in the training set.

Larger variations in rectum DSC, as visible in Figure 4,
were caused mostly by the challenges in capturing the
sigmoid-rectum transition. The network has tended to
segment several additional slices of the large intes-
tine compared to the ground truth segmentation. This
issue has been improved upon after PS training, when
the precise rectum end for a given patient has been
adapted from the planning contours. The source of
the problem lies in the hardly visible colon-rectum
boundary and the fact that this is a low-dose region,
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meaning, that the physician’s attention is shifted rather
to areas of greater importance, which potentially leads
to discrepancies in ground truth contours. Training a
network with inconsistent segmentation might lead to
an average segmentation style, which will naturally
lower performance on the test set.

The physician evaluation clearly showed the advan-
tage of the network predicted structures over the
TPS-propagated ones. In contrast to the propagated
contours, the vast majority of the predicted structures,
83% of the bladder and 96% of the rectum contours,
could be used either directly or after small corrections,
thus potentially shortening the time required for re-
contouring in the adaptive MRgRT workflow. In order
to minimize the impact of personal bias on the results,
the physician who performed this analysis was not
informed about the details of the study. In the quanti-
tative assessment, it could have been expected, that the
TPS-propagated contours would show equally good or
even higher DSC and HD due to the way they were gen-
erated. Under time pressure, when the patient is lying on
the couch, physicians mostly correct pronounced errors
of the propagated structures with the main focus on
the high-dose region. Slices that are not ideally con-
toured, but are of quality sufficient for plan adaptation or
located in a low-dose region, might be left unchanged.
This gives the propagated structures a considerable
advantage over the ground truth segmentation in terms
of geometric metrics.

The biggest challenge of the CTV segmentation
was classifying the correct amount of seminal vesi-
cles and normal tissue surrounding the prostate gland.
The network was trained on data, where 90% of the
cases constituted intermediate- and high-risk cases and
therefore assumed the CTV to include parts of the sem-
inal vesicles. An alternative training that excluded the
low-risk cases did not improve segmentation results,
therefore all cases including all risk categories, were
kept in the baseline training set. Yet, the low-risk and
post-prostatectomy cases were taken into account sep-
arately while testing. It can be also noticed on the
upper part of Figure 7 that the BM assumed no addi-
tional margin around the prostate, which might, however,
sometimes be required in CTV definition.

For the OARs, the FS and PS training improved
the average DSC accuracy only slightly, yet brought a
decrease in HDgs and HD,,4. The PS training was ben-
eficial mostly for determining the correct colon-rectum
boundary (patients 06, 10, 16) and correcting for mis-
classification of larger areas of normal tissue (bladder,
patient 01). However, if the rectum filling was remarkably
different on the planning day than on the day of irradi-
ation (e.g., patients 01 and 12), the PS training reduced
accuracy. This behavior can be observed in Figure 6.
Both types of transfer learning are intrinsically sensi-
tive to the quality of the planning segmentation and
might be affected by large changes in organ shape with

respect to the planning image. Although advantageous
for patients with unusual anatomies, it could propagate
errors in initial contouring and over-favor the planning
shape. Therefore, we believe that for the OARs a BM
trained on more examples of unusual anatomies, for
example, various bladder fillings, would be the better
choice than the PS training.

A clear benefit was observed for the CTV undergoing
a PS training. The models learned the geometry of the
planning CTV and successfully applied it to delineate
fraction contours. Especially, they learned to include the
correct amount of seminal vesicles and normal tissue
as can be seen in Figure 7. For the nine test patients,
the DSC improved from 0.68(0.16) to 0.86(0.06), the
HDgs from 10(4) mm to 4.2(1.5) mm and the HD,
from 3.7(1.4) mm to 1.6(0.6) mm, which corresponds
to approximately one and three pixels, respectively. It
should be noted that an average CTV volume is much
smaller than the size of a (half) full bladder and there-
fore, a high score on DSC is harder to achieve here.
In the context of MRgRT, where expert delineations
can be expected on a planning image, PS transfer
learning may lead to time gains during online adaptive
fractions.

In order to achieve the desired accuracy, the PS net-
works were fine-tuned over 500 epochs, which took
about 2 h. If needed, this could be shortened to 300
epochs with only a small loss in performance, reduc-
ing the training time by roughly 50 min. Since the first
fraction takes place several days after the planning MR
acquisition, the proposed PS training is feasible in a
typical clinical workflow. The time required to predict a
single contour with a trained model, approximately 1 s,
is negligible compared to the duration of the treatment
adaptation procedure.

The study presented here has its limitations. Due
to the lack of a complete model reliability, physician
review remains unavoidable. However, as suggested
in'415 the time required to correct network-generated
structures might be significantly shorter than contouring
from scratch. One can also speculate that in our case
the correction of network predictions is shorter than
adjusting the TPS-propagated contours, given the better
grading observed in our study (see Figure 5). The qual-
ity of bladder autosegmentation could be improved by
including cases with variable bladder filling in the train-
ing set, since not all patients follow the clinical protocol
that recommends filling the bladder before each frac-
tion. For the low-risk CTV, one could consider collecting
a larger database and training a dedicated BM as the
basis for PS transfer learning.

Another study limitation concerns the manual local-
ization of the PTV. The augmentation pipeline takes
input data of size 220 x 220 x 220 pixels and crops
it further to 192 x 192 x 192. Despite the final size
of 1923 voxels, which corresponds a relatively large
volume of 28.83 cm?, an approximate isocenter position
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might be determined by an additional network for full
automization.

This study focused on the CTV, bladder, and rec-
tum segmentation as crucial structures with regard to
prostate cancer RT. Delineations of more OARs might
be required in the future, especially in other anatom-
ical sites, where a significant segmentation burden is
expected (e.g., abdomen). However, there are no con-
ceptual limitations to expand the network toward the
prediction of further structures.

Currently, the biggest limitation is the quality of
ground truth segmentation. The contours were created
by several physicians with the assumption to be suffi-
ciently accurate for treatment planning. However, while
small inconsistencies, especially outside of the high-
dose region, do not affect the dose calculation, they can
decrease DSC considerably. As previously mentioned,
the random nature of these inconsistencies did not have
a strong impact on network learning, as the differences
naturally average out, and the trained models approach
the visible boundaries of the organs. However, this
negatively impacts validation and testing. Using con-
sistently segmented datasets would help to solve
this problem.

5 | CONCLUSIONS

In this work, 3D U-Nets for CTV, rectum, and bladder
segmentation were successfully trained for prostate
cancer patients treated at two 0.35 T MR-Linacs at
two independent facilities. The quality of the predicted
contours was confirmed by the high DSC and low
HD scores. In addition, the investigated network delin-
eations of OARs were preferred over the currently
used structures that are suggested by the clinical
system. It was shown that the accuracy of the OAR
segmentation was transferable to a second cohort from
an independent institute. Moreover, for the first time
the usefulness of PS training to improve CTV auto-
segmentation was demonstrated, which could be an
effective method for exploiting the prior knowledge avail-
able due to the fractionated type of data seen in adaptive
MRgRT.
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A Supplementary information: Data augmentation and
hyper-parameter search

Table A.1 collects functions and hyperparameters used for data augmentation of the baseline mod-
els, the limits in which they were tested as well as the final values.

Table A.1: Functions used for data augmentation and hyper-parameters to be optimized. The
investigated ranges and the values selected for final model training are given.

Function Parameter Tested range Final value
Probability Dagm 0.7-1 0.9
Learning rate lr 1074 — 1072 1073
Rotation Omax 5°- 20° 20°
—= Translation A pax - 15 mm
£ Deformation Nep 10-20 10
) d 225-45mm  37.5 mm
Zooming Zmin, Zmax - 0.9, 1.1
Motion Mg 5°- 15° 10°
ma 20- 50 mm 45 mm
é Bias field deg 1-3 1
Cmag 0-1 0.4
Noise o 0-1 0.25
7 - 0

The first subgroup of hyperpatameters contained two values to be determined: the augmentation
probability paegm and the learning rate Ir. The functions and the starting parameter values for
the spatial transformations have been taken from our previous work*’. These include parameters
for rotation (the maximum rotation angle ay,.y), translation (the maximum displacement Ay ),
zooming (the zoom and cropping ratio zuyin, Zmax) and the B-Spline deformation (number of control
points n., and the maximum displacement d). To simulate MR-specific artifacts, random motion,
bias field, and random noise have been introduced. The random motion artifact aims to mimic
the influence of patient movement during image acquisition (defined by the maximum possible
translation ma and the rotation angle m,). The bias field caused by signal attenuation within
patients body is modeled via polynomials of a given degree (deg) and with specified magnitude
(Cmag) Of its coefficients. Detailed information on the nature as well as mathematical description of
these phenomena can be found in Surde et al.*' and Shaw et al.*?>. The random noise was sampled
from a normal distribution with mean p and standard deviation o.

The parameter fine-tuning has been performed as follows. The initial parameter values were either
chosen to introduce only subtle alterations to the image-binary mask pairs or, in the case of spatial
transformations, motivated by our previous work?’. All values were then gradually changed until
the network performance either stopped improving on the validation data or the loss computed
on the training set settled on a value that was noticeably higher than the loss on the not-altered
validation cases, indicating unrealistic augmentation.

The MR-specific augmentations and the B-spline elastic deformation were imported from the
TorchIO package?®, the remaining functions from the MONAI? library.



5.3 Paper llI 71

5.3 Paper III

The study described in Paper 3 investigated using segmented planning images to im-
prove auto-segmentation during fractionated MRgRT. The target group was prostate
cancer patients irradiated at the MRIdian MR-LINAC. The aim was to develop neural
networks for combined image registration and contour propagation. Such networks
could be used to register the planning and fraction MRIs and deform planning con-
tours to the anatomy of the day. An advantage of this registration approach is that
the planning delineations serve as a starting point for the fraction contours. Hence,
the decisions of contouring physicians are taken into account, for example, how much
normal tissue and seminal vesicles should be encompassed by the CTV contour or
where to define the superior end of the rectum. In this study, the registration method
was compared to the personalized models developed in Study 2, i.e., patient-specific
networks generated by fine-tuning population models with the planning image of a
given patient. This is the first study to investigate neural networks for combined im-
age registration and contour propagation for MRgRT at the MRIdian MR-Linac.

The chosen architecture was a U-Net trained for single-class segmentation of the blad-
der, rectum, and prostate CTV. The U-Net was designed to predict a dense displace-
ment field between a pair of input images and propagate contours between them. An
important part of this study was the loss function design, which involved up to three
terms. The first term quantified the similarity between the predicted and simulated
ground truth displacement fields. This term could also include regularization to re-
strict the predictions to anatomically plausible deformations. The second loss term
measured the similarity between the target and the deformed image. The third loss
term quantified the similarity between the target and the deformed contours. These
three terms were investigated in different combinations to find an optimal loss func-
tion. Another investigated aspect was network training on gradually increasing resolu-
tions to mimic a classical multi-stage deformable registration. Finally, patient-specific
models were trained as described in Paper 2.

The study showed that registration networks used in the work can model only small
deformations regardless of the choice of the loss terms. Training on different resolu-
tions also did not bring the expected improvements. Therefore, registration networks
were found to be unsuitable for organs that can undergo substantial changes, such as
the bladder and rectum. Patient-specific models were found to be a superior method
for these two OARs. However, registration models were found useful in segmenting
prostate CTVs, as delineation of the latter should not change substantially throughout
the treatment to ensure proper dose coverage of the tumor. The presumed reason for
predicting only limited deformations was the large dimensionality of the expected net-
work output in relation to the training data set size. In fact, the degrees of freedom for
a 3D deformation field scale cubically with the image size.
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Background and purpose: Automation is desirable for organ segmentation in radiotherapy. This study compared
deep learning methods for auto-segmentation of organs-at-risk (OARs) and clinical target volume (CTV) in
prostate cancer patients undergoing fractionated magnetic resonance (MR)-guided adaptive radiation therapy.
Models predicting dense displacement fields (DDFMs) between planning and fraction images were compared to
patient-specific (PSM) and baseline (BM) segmentation models.

Materials and methods: A dataset of 92 patients with planning and fraction MR images (MRIs) from two in-
stitutions were used. DDFMs were trained to predict dense displacement fields (DDFs) between the planning and
fraction images, which were subsequently used to propagate the planning contours of the bladder, rectum, and
CTV to the daily MRI. The training was performed either with true planning-fraction image pairs or with
planning images and their counterparts deformed by known DDFs. The BMs were trained on 53 planning images,
while to generate PSMs, the BMs were fine-tuned using the planning image of a given single patient. The
evaluation included Dice similarity coefficient (DSC), the average (HDayvg) and the 95th percentile (HDgs)
Hausdorff distance (HD).

Results: The DDFMs with DSCs for bladder/rectum of 0.76/0.76 performed worse than PSMs (0.91/0.90) and
BMs (0.89/0.88). The same trend was observed for HDs. For CTV, DDFM and PSM performed similarly yielding
DSCs of 0.87 and 0.84, respectively.

Conclusions: DDFMs were found suitable for CTV delineation after rigid alignment. However, for OARs they were
outperformed by PSMs, as they predicted only limited deformations even in the presence of substantial
anatomical changes.

1. Introduction

Integrated magnetic resonance (MR) linear accelerators (MR-Linacs)
facilitate daily MR image (MRI) acquisition and dose adaptation [1-3].
This enables the reduction of safety margins and hypofractionation
[4-7]. However, online adaptive MR-guided radiation therapy (MRgRT)
has longer workflows than conventional linacs. The most time-
consuming step besides irradiation is the generation of updated organ-
at-risk (OAR) and target volume contours on the fraction MRIs [8-10].

In clinical workflows [1], the planning and fraction MRIs are first

* Corresponding author.
E-mail address: Christopher.Kurz@med.uni-muenchen.d (C. Kurz).

https://doi.org/10.1016/j.phro.2023.100498

rigidly aligned and then registered with deformable image registration
(DIR) in the treatment planning system (TPS). The clinical target volume
(CTV) is rigidly copied to the daily MRI, while the OARs are propagated
with a displacement vector field estimated in the TPS. Since the quality
of propagated contours is suboptimal for dose evaluation and optimi-
zation, manual corrections are required. Automatic segmentation could
shorten the adaptation time as suggested by Cha etal. [11] or Zabel et al.
[12], and reduce inter- and intra-physician variability [13,14].

Despite several studies on MRI segmentation [15,16], the utilization
of planning contours to enhance auto-segmentation on fraction images is
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Fig. 1. DDFM training and evaluation scheme. Cohorts 1 (C1) and 2 (C2) were utilized in the study. In the first approach of the DDFM training with known ground
truth (GT) DDFs, planning-fraction image pairs were generated by warping the C1 MRIs using either the “realistic” or the “synthetic” dense displacement fields
(DDFs). The former were derived from deformable image registration (DIR) of the C2 images. The second approach had no ground truth (GT) DDF but was trained on
the true planning-fraction image pairs from C2. Both variants were validated and tested on the remaining patients from C1 and C2, respectively.
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Fig. 2. Training scheme and possible loss terms .. The dense displacement
field (DDF) predicted by the U-Net is passed to the spatial transformer layer
(STL) along with the planning data to generate predictions for the fraction
image and contours. The usage of the data variant with the synthetic planning-
fraction pair and the known ground truth (GT) DDF has been indicated with
dashed lines.

still limited. Fransson et al. [17] showed single-patient 2D models
trained with the first fraction image to predict contours on consecutive
treatment days. Li et al. [18] used a similar 2D training strategy, but
suggested refining the model after each irradiation. Kawula et al. [19]
proposed using the planning image to fine-tune generic models, which

adjusted the model to the patient of interest without losing generality.
Eppenhof et al. [20] presented another strategy for CTV segmentation
based on the prediction of a dense displacement field (DDF) between the
planning and fraction images. Our work is the first study investigating
this method for the segmentation of OARs in prostate cancer patients.
This study thus aimed to train models predicting DDFs (DDFMs)
between the planning and fraction images, enabling propagation of
planning contours to the daily anatomy. Moreover, patient-specific
models (PSMs) [19] were trained by fine-tuning generic models (base-
line models, BMs) using segmented planning MRIs. All methods were
compared to DIR with contour propagation and rigid contour copying.

2. Materials and Methods
2.1. Dataset

Datasets from two facilities were used: 73 patients from the Gemelli
University Hospital in Rome formed the first cohort (C1). For ten pa-
tients the planning and one fraction MRI were available, while for the
remaining 63, only the planning image was included. The second cohort
(C2) had 19 patients from the LMU University Hospital. Patients in C2
had one planning and 5-33 fraction images (240 fraction MRIs in total).
Informed written consent was obtained from all patients and the study
was carried out carried out in accordance with relevant ethics guidelines
and regulations (LMU: ethics project number 20-291, Gemelli: EC
authorization number 3460).

All delineations used as ground truth were created during the clinical
workflow. Rectum, bladder, and CTV contours on planning MRIs



M. Kawula et al.

Physics and Imaging in Radiation Oncology 28 (2023) 100498

I:":"%":":I I:":"%I:":l . Planning

LI D
.

I:lFraction

Baseline (BM) and Patient-specific models (PSMs)

. O V¥
ED EI:IDD
_________ Soen THEHT
z [ éDDD
i L]

> + * *

Trainpsy
[]
[l

Hyper-
parameters

Red: C1, BM trainining

Orange: C1, BM validation
Blue: C2, PSM hyperparmeter search

Green: C2, testing

Fig. 3. Baseline (BM) and patient-specific model (PSM) training and evaluation scheme. Cohorts 1 (C1) and 2 (C2) utilized in the study. The BM was trained and
validated on MRIs from C1. For the PSMs, a hyperparameter search was conducted using MRIs from ten C2 patients. The final PSMs were generated through fine-
tuning the BM with planning MRIs of the 9 C2 test patients with fixed hyperparameters. Both methods shared the same test set of fraction data of these 9 C2 patients.

(planning contours) were manually drawn by physicians. At every
fraction a new MRI was acquired for potential plan adaptation. A radi-
ation therapy technologist (RTT) performed manual rigid registration of
the images, prioritizing the alignment of the prostate and seminal ves-
icles, followed by the adjustment of bones and outline. Subsequently the
planning and fraction images were registered with DIR in the TPS. The
resulting DDF was used to propagate the planning OAR contours to the
daily MRI. Usually, a physician manually corrected them due to their
insufficient quality, focusing mostly on the high-dose region, i.e. the
proximity of the planning target volume (PTV). The resulting de-
lineations will be referred to as fraction contours. In our previous work
[19], no differences in OAR annotation styles were found between the
two cohorts. The C2 CTV contours included slightly more normal tissue
than the C1 CTV structures, however, differences were subtle. The
percentages of low, intermediate and high-risk cases, which determine
the CTV contour size, were alike in both cohorts.

All MRIs were acquired at 0.35 T MR-Linacs (MRIdian, ViewRay Inc,
Cleveland, Ohio) with a balanced steady-state free precession (bSSFP)
sequence resulting in T2*/T1 contrast [1]. The in-plane spacing was 1.5
mm x 1.5 mm and the axial slice thickness was 1.5 mm (~90% of the
MRIs in both cohorts) or 3 mm (remaining ~10%). The latter were
resampled to 1.5 mm slice thickness using the open-source tool Plasti-
match [21] with either linear (for images) or nearest neighbor (for
contours) interpolation. To mimic the manual rigid alignment done
clinically by RTTs, all images were cropped to 192 x 192 x 192 voxels
around the CTV centroid.

2.2. Architectures

For each anatomical structure, a separate network was trained. The
MONAI [22] implementation of a 3D U-Net architecture [23] was used
for segmentation with all investigated models. It comprised five reso-
lution levels, i.e., there were four down- and four up-sampling opera-
tions. Each level had two convolutions with 3 x 3 x 3 kernels, followed
by instance normalization and PReLU activation. The down- and up-
sampling employed double-stride and up-convolution, respectively.

For BMs and PSMs, the U-Net was predicting which voxels of the

input image belong to the foreground. For DDFMs it was predicting the
DDF of size 192 x 192 x 192 x 3 between the planning and the fraction
image. The output of the DDFM U-Net was given to a spatial transformer
layer (STL) [24] that served as a grid interpolator and had no learnable
parameters.

2.3. Training of DDFMs

Two types of input data were considered. The first type were the C1
planning images and contours warped by known training DDFs gener-
ating synthetic fraction images and contours. The second type were the
true planning-fraction image pairs of C2 patients (125 pairs for training
and 115 pairs for testing), without a ground truth DDF. In both scenarios
ten C1 patients, for whom fraction data were available, were used as an
independent validation set. Figure 1 illustrates the data split and the
DDFM training scheme.

Training DDFs were generated in two ways. For the synthetic DDFs,
TorchlIO’s [25] RandomElasticDeformation function was employed on-
the-fly during training, separately for each mini-batch. Its parameters
were set to yield clearly visible transformations (number of con-
trol_points = 10, max_displacement = 35 mm) due to the expected
substantial volume changes in the OARs. The so-called realistic DDFs
were extracted from the DIR between all image pairs within a patient’s
dataset (planning and fraction MRIs). This was done for ten C2 patients
using Plastimatch with multistage B-spline registration [26] and resul-
ted in a total of 860 different realistic DDFs. Information on the B-spline
deformation are in the supplementary material (section A).

DDFM training was carried out in two ways. The first followed the
progressive training scheme described by Eppenhof et al. [27]. The
network was trained at different resolutions, starting with a coarse
alignment of n-1 = 4 times sub-sampled MRIs (corresponding ton =5 U-
Net levels) and gradually adding higher-resolution data as the training
progressed. In the second variant, the network was trained at once.

During training, either true or the synthetic input data pairs were
used without data augmentation. For the approach with the synthetic
image pairs, either the synthetic or the realistic DDFs were used for
model training. The training variants are shown in Figure 1.
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The total loss function ¥, was defined as follows:
Lot = AppF-L poF + Aseg-L seg + Aimg-Lime- (@D)

The DDF term Z’ppr = Apprr2L2 +AppF reeLre, Measured the similarity
between the ground truth and the predicted DDF using the L, norm and
regularized the predicted DDF with the bending energy L., [28]. For the
true planning-fraction image pairs, there was no ground truth DDF, and
therefore no L, term. The segmentation loss /., quantified the simi-
larity between the contours with the (multi-scale) Dice Similarity Co-
efficient (DSC) [29]. The DSC-based loss function was chosen due to the
class imbalance with relatively few voxels belonging to the foreground
(OARs and CTV), and the majority belonging to the background. The
image loss <, aimed to optimize the similarity between the registered
images using either cross-correlation or L, norm. The A coefficients
determined the contribution of each term in the total loss. All training
variations are depicted in Figures 1 and 2. Among the investigated
DDFMs the best DSC for the ten C1 validation images was obtained while
training the entire network at once (no progressive learning) with true
planning-fraction image pairs, and the loss function including terms
with bending energy loss, multi-scale DSC, and L, norm for image sim-
ilarity. The optimal weighting parameters were found to be Appr = 1,
Apprrz = 0,pprrey = 10,4; = 100,4in, = 1, and the number of epochs
to be 200 epochs. The training was carried out on Nvidia Quadro RTX
8000 or Nvidia RTX A6000 GPUs (used also later for the BM and PSM
training) and took two days. No signs of overfitting were present at that
stage, and the DDFM predictions did not improve significantly beyond
that point. All results presented later were obtained using the settings
listed above.

2.4. Training of baseline and patient-specific models

For the single-label BMs, three 3D U-Net models have been trained
on 53 planning images from 53 C1 patients for bladder, rectum, and CTV
segmentation. BM networks were trained over 300 epochs with a batch
size of two for 20 h. Patient-specific transfer learning applied to the BMs.

For each patient, the BM was fine-tuned with its on-the-fly augmented
planning image and contours. Hyperparameters were adjusted using ten
C2 patients. Figure 3 shows the training scheme. PSMs did not benefit
from fine-tuning beyond 500 epochs which took 3 h. There were small
improvements in DSC after 300 epochs, where training could have
stopped. For the remaining nine C2 cases (the same as for the DDFMs)
PSMs were fine-tuned over 500 epochs with fixed hyperparameters for
the final testing. The process of hyperparameter optimization was
described in detail by Kawula et al. [19].

2.5. Benchmarking and data evaluation

For benchmarking, a classical multistage B-spline registration with
Plastimatch and rigid copying of the planning contours to the daily
anatomy were performed (see supplementary material section A).

All investigated methods shared the same test set of nine C2 patients
having 115 fractions in total. Network predictions were compared to the
ground truth via DSC, the g5th percentile (HDgs) and the average (HD,,)
Hausdorff distance (HD), calculated using Plastimatch. To prevent bias
towards patients with more fractions, we initially calculated the average
DSC and HDs for each patient. The final model performances were then
reported as the averages over all test patients. Since the calculated
metrics (average values of DSC and HDs for each patient) followed a
normal distribution, as determined by the Kolmogorov-Smirnov test, we
computed the mean values along with their corresponding standard
deviations. Evaluation of rectum segmentations considered slices
including the PTV and ten additional slices reaching 1.5 cm above and
below the upper and lower PTV ends. To assess statistical significance of
differences among the methods the paired t-test was conducted for all
three metrics, employing a significance level of 0.05.

3. Results

Fig. 4 shows sagittal slices from exemplary test patients with the
predictions of BMs, PSMs, and DDFMs versus ground truth
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Table 1

Mean and (standard deviation) of Dice similarty coefficient (DSC), g5th
percentile (HDgs), and average (HD,,,) Hausdorff distance for the test set pa-
tients. The dense displacement field (DDFM), and patient-specific models (PSM)
[19] are compared to the baseline models (BMs), conventional deformable
image registration with Plastimatch, and rigid copying of the planning contours
to the fraction anatomy. The analysis was performed for the nine C2 test patients
(in total 115 fractions). The results of the best-performing models are in bold.

Method Bladder Rectum CTV
DSC DSC DSC
HDgs [mm] HDgs [mm] HDgs [mm]
HD,,, [mm] HD,,; [mm] HD,,, [mm]
Plastimatch 0.79(0.14) 0.78(0.08) 0.83(0.11)
9.6(4.7) 7.4(4.1) 4.5(2.3)
3.6(2.0) 2.3(1.0) 2.3(2.2)
Copying 0.72(0.11) 0.70(0.03) 0.89(0.02)
12(4) 8.8(3.2) 2.9(0.9)
4.8(1.6) 3.1(0.8) 1.1(0.4)
BM 0.89(0.07) 0.88(0.03) 0.62(0.24)
5.9(4.2) 4.8(1.7) 11(49)
1.8(0.9) 1.4(0.4) 4.1(1.9)
DDFM 0.76(0.09) 0.76(0.03) 0.87(0.06)
11(3) 5.0(1.7) 2.3(0.7)
4.1(1.3) 1.7(0.3) 1.0(0.5)
PSM 0.91(0.07) 0.90(0.02) 0.84(0.07)
4.0(2.6) 3.6(0.8) 4.0(0.8)
1.4(0.7) 1.1(0.2) 1.6(0.3)

segmentation. All methods segmented the bladder similarly well. For the
rectum the DDFM did not capture its volume increase with respect to the
planning day, while the BM did not determine the cranial end correctly.
PSM and DDFM delineated the CTV well, but the BM had larger de-
viations from the ground truth.

The average DSC, HDgs, and HD,,, from comparing the segmenta-
tions generated by the investigated methods and the ground truth de-
lineations are given in Table 1. For the OARs, the PSMs gave the highest
mean DSC of 0.91/0.90 for the bladder/rectum. BMs yielded slightly
lower mean DSC values of 0.89/0.88 for bladder/rectum, however the

Physics and Imaging in Radiation Oncology 28 (2023) 100498

difference for the rectum was not statistically significant. Among the
three examined deep learning approaches, the DDFMs delivered the
lowest (in all cases statistically significant) DSC with a mean of 0.76 for
both OARs. HD,,, and HDgs showed a similar trend as the DSC assess-
ment, however, not all differences were statistically significant. Con-
ventional DIR with Plastimatch slightly outperformed the DDFM for the
OARs, however the differences were not statistically significant. The
results of the statistical analysis are provided in the supplementary
material (section B).

Apart from the BM, all methods gave similar results for the CTV. The
highest DSC was observed for the rigidly copied contours, while the best
HDs were achieved for DDFMs. Nevertheless, for the DSC and HD,,, the
differences between Plastimatch, copying and DDFMs lacked statistical
significance.

Fig. 5 illustrates the DSC and HDs separately for each test patient. In
most cases, the PSMs worked best and improved the BMs predictions
considerably. The exceptions were patients 12 and 14, showing
considerable differences in bladder filling between the planning and
fraction days. For the bladder, the DDFMs performed notably worst, but
in terms of HDs for the rectum they outperformed BMs in four out of nine
cases.

4. Discussion

For OARs, the PSMs gave the best outcomes in terms of DSC and HDs,
comparable to the state-of-the art in automatic pelvic segmentation
[17,30-32]. For the bladder, PSMs mostly corrected larger volume
misclassifications of the BM as observed in patient 01. For the rectum,
the PSMs accurately identified the superior and inferior ends on fraction
MRIs, in agreement with the planning contours. However, this intrinsic
feature might hinder PSM performance for organs that are likely to
change shape in the course of treatment or in the case of imprecise
planning contours. This is evident in Fig. 5, patient 12, who did not
follow the drinking protocol consistently. For OARs, the DDFMs did not
perform satisfactorily. Regardless of the presence or absence of the
regularization term during training the predicted fields were limited to
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Fig. 5. Results for (top) bladder, (middle) rectum, and (bottom) clinical target volume (CTV) comparing the predictions of (blue) the baseline, (orange) deformation
vector field, and (green) the patient-specific training for the nine test patients. A single point on the plot represents (left) the Dice similarity coefficient (DSC),
(middle) o5th percentile Hausdorff distance (HDgs), and (right) average Hausdorff distance (HD,,,) for a predicted fraction contour.
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small deformations. Moderate volume differences in OAR fillings, which
could easily be captured by the PSMs, were not predicted by the DDFMs.
The presence of substantial anatomical changes requires the DDFMs to
model long-distance relationships between voxels, while in segmenta-
tion tasks (BMs, PSMs), local information is more critical. This is in
agreement with the work of Luo et al. [33] which suggests that due to
the limited effective receptive field of convolution operations their
ability to model long-range spatial relations is limited. Moreover, it has
been demonstrated in Li et al. [34] that as the convolutional layers
deepen, the impact of far-away voxels lowers quickly. This problem
could be potentially solved by architectures based on transformers, as
the intrinsic self-attention mechanisms have larger effective receptive
fields, making them capable of capturing long-range spatial information
[35].

Nevertheless, the potential benefit of DDFMs over the BMs lies in the
utilization of the planning delineations as the starting point for the
predicted contours. Aside from the rectum, this may be beneficial for
other tubular organs, e.g. the esophagus or spinal canal, where physi-
cians choose to contour only a section of the organ near the PTV. This
benefit can be seen in Fig. 5 where the rectum HDs for several patients is
lower for DDFM than for BM.

The advantage of using planning segmentation as a starting point for
the fraction contours, applies also to the conventional DIR by Plasti-
match. Both methods yielded similar DSC and HDs. However, the DIR
took approximately 1 min to register a pair of images and deform one
contour set, while the generation of DDFM contours required 1-2 s.

For the CTV segmentation, the methods involving planning contours
in some way (all but BM) performed similarly well, with rigid copying
having the highest DSC and DDFMs showing the best HDs. However,
cropping of all images around the CTV centroid most likely led to a
better performance of contour copying than could have been achieved
clinically. The high performance of methods utilizing planning contours
was to be expected due to the way prostate CTV is delineated in clinical
practice. To avoid unexpected changes from the applied deformations,
the planning CTV contours are rigidly copied to the fraction anatomy
and only slightly adjusted, if necessary. Similar good performance of
DDFMs for CTV has been confirmed by Eppenhof et al. [20], showing
DSC/HDgys of 0.86/5.66 mm. However, we are not aware of any studies
showing high performance of DDFMs for OARs.

There are some limitations of this study. Only the two key OARs for
prostate cancer patients were considered. Nevertheless, the methods
should be applicable to other organs. Moreover, bladder and rectum
undergo considerable volumetric changes, and serve as an excellent
evaluation scenario for the networks considered in this work. The
dataset size is another potential limitation. For most patients only the
planning MRI was included due to the tedious process of data export and
to the best of our knowledge, the are no publicly available datasets
collecting MR-Linac data. Additionally, only geometric assessment with
DSC and HDs has been provided, while a qualitative analysis such as
physician’s grading [19] could better gauge the clinical value of the
predicted contours. Finally, some OAR ground truth fraction contours
showed sub-optimal quality, as time constraints led to corrections being
applied primarily around the PTV. Based on the geometric metrics and
our visual inspection, none of the investigated segmentation methods
appear fully reliable, necessitating physician’s inspection before clinical
use. Nevertheless, prior studies suggest, that correcting deep learning
contours is faster than manual contouring from scratch [11,12].

To summarize, on average patient-specific U-Net models (PSMs)
improved segmentation compared to BMs. DDFMs predicted only
limited deformations and achieved good results for the CTV, while being
less suitable for organs undergoing substantial volume changes. As a
next step, transformer models [36] involving attention mechanisms will
be investigated as an alternative to DDFMs. Another method to be
explored will be U-Nets taking the planning MRI with manual contours
as an additional input [37] to aid segmentation on fraction images.
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The study described in Paper 4 aimed to delve deeper into the personalized auto-
segmentation methods introduced in Paper 2. The new aspects included continuous
tine-tuning of personalized models with segmented fraction images and testing the
necessity of population models as a starting point for personalized networks. The
target group included patients diagnosed with a tumor in the abdomen that were irra-
diated at the MRIdian MR-LINAC. The abdomen region was selected due to the large
database of available patients and the high variability of OARs. They include organs
with changing shape and filling (bowel, duodenum, stomach), long organs segmented
only in the proximity of the target volume rather than as a whole (aorta, spinal canal),
and organs not varying much and having a rather simple shape (liver, kidneys).

This is the first study investigating the influence of DL population models on person-
alized models and their integration with progressive training, offering a comparison
with methods exclusively relying on individual patient data.

In the first experiment, the population auto-segmentation models were trained and
subsequently fine-tuned with the patient’s segmented planning MRI to generate per-
sonalized models. The second experiment examined the benefit of further fine-tuning
the personalized models with new segmented fraction MRIss. The third experiment
investigated the necessity of population models for patient-specific networks, i.e., the
latter were trained using data only from the single patient of interest. All methods
were evaluated using geometric metrics, including DSC and HD. Additionally, a ra-
diation oncologist conducted a qualitative analysis to rate the clinical usability of the
predicted contours.

The results of the first experiment confirmed the conclusions of the previous prostate
study. That is, personalized networks generated by fine-tuning population models
with the segmented planning image of a given patient improve segmentation quality.
The second experiment found that additional training with the subsequent fraction
images further improves the predictions, yet the gain is small and not always statisti-
cally significant. The third experiment demonstrated that personalized models trained
from scratch showed similar geometric performance as the population models but re-
sulted in slightly more outliers and a larger spread of values. However, the oncologist
rated contours predicted by models trained from scratch as clearly worse than those
predicted by the population models. They were shown to require more manual cor-
rections before being usable for treatment adaptation. It is worth noting that not all
organs benefited equally from the patient-specific fine-tuning. The organs commonly
considered challenging to segment, including the duodenum, bowel, and stomach,
showed the biggest improvements. In the case of the aorta and spinal canal, personal-
ized training helped to determine the superior and inferior ends of the contours. The
least profiting organs were the kidneys and liver. It takes less than an hour to train a
personalized model, making it feasible for implementation in clinical routines.



82

5. Publications



Received: 22 January 2024

Revised: 27 October 2024

W) Check for updates

Accepted: 29 November 2024

DOI: 10.1002/mp.17580

RESEARCH ARTICLE

MEDICAL PHYSICS

Personalized deep learning auto-segmentation models for
adaptive fractionated magnetic resonance-guided radiation
therapy of the abdomen

Maria Kawula' |
Stefanie Corradini’ |

"Department of Radiation Oncology, LMU
University Hospital, LMU Munich, Munich,
Germany

2German Cancer Consortium (DKTK), partner
site Munich, a partnership between DKFZ and
LMU University Hospital Munich, Munich,
Germany

3Bavarian Cancer Research Center (BZKF),
Munich, Germany

Correspondence

Christopher Kurz, Department of Radiation
Oncology, LMU University Hospital, LMU
Munich 81377, Munich, Germany.

Email:
Christopher.Kurz@med.uni-muenchen.de

Funding information
Wilhelm Sander-Stiftung, Grant/Award
Number: 2019.162.2

Sebastian Marschner’
Claus Belka'%3

| Chengtao Wei' | Marvin F. Ribeiro’ |

| Guillaume Landry’ | Christopher Kurz'

Abstract

Background: Manual contour corrections during fractionated magnetic reso-
nance (MR)-guided radiotherapy (MRgRT) are time-consuming. Conventional
population models for deep learning auto-segmentation might be suboptimal
for MRgRT at MR-Linacs since they do not incorporate manual segmentation
from treatment planning and previous fractions.

Purpose: In this work, we investigate patient-specific (PS) auto-segmentation
methods leveraging expert-segmented planning and prior fraction MR images
(MRIs) to improve auto-segmentation on consecutive treatment days.
Materials and Methods: Data from 151 abdominal cancer patients treated at
a 0.35 T MR-Linac (151 planning and 215 fraction MRIs) were included. Popu-
lation baseline models (BMs) were trained on 107 planning MRlIs for one-class
segmentation of the aorta, bowel, duodenum, kidneys, liver, spinal canal, and
stomach. PS models were obtained by fine-tuning the BMs using the planning
MRI (PSgy). Maximal improvement by continuously updating the PS models
was investigated by adding the first four out of five fraction MRIs (PS}).

Similarly, PS models without BM were trained (PS,,gm and PSE;‘BM). All hyper-
parameters were optimized using 23 patients, and the methods were tested on
the remaining 21 patients. Evaluation involved Dice similarity coefficient (DSC),
average (HD,,4) and the 95" percentile (HDg5) Hausdorff distance. A qualita-
tive contour assessment by a radiation oncologist was performed for BM, PSgy,
and PSnoBM-

Results: PSE‘,:/I and PSgy networks had the best geometric performance.

PSnogm and BMs showed similar DSC and HDs values, however PSS mod-
els outperformed BMs. PSg), predictions scored the best in the qualitative
evaluation, followed by the BMs and PS,,,g models.

Conclusion: Personalized auto-segmentation models outperformed the popu-
lation BMs. In most cases, PSg), delineations were judged to be directly usable
for treatment adaptation without further corrections, suggesting a potential time
saving during fractionated treatment.

KEYWORDS
auto-segmentation, MR-Linac, patient-specific transfer learning
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1 | INTRODUCTION

Magnetic resonance linear accelerators (MR-Linacs)
enable online adaptive MR-guided radiation therapy
(MRgRT)."? This technology allows for the monitoring of
anatomical changes prior to and during patient irradia-
tion, with no additional imaging dose. As a consequence,
the ablative dose can be delivered in fewer fractions and
with reduced safety margins.>-

The currently available commercial solution for deep
learning (DL) auto-segmentation at MR-Linacs® and the
majority of published research’~'° employ population-
based DL models trained on larger datasets of expert-
segmented MR images (MRIs). By design, the networks
learn common features shared among a wide range
of patients, thus generating segmentations that are
combinations of the examples they were trained on.
However, this may be a sub-optimal solution for fraction-
ated treatment, that consists of a pre-treatment planning
phase and the subsequent series of irradiations called
fractions."’ During irradiation, the manually segmented
planning MRI, as well as images from previous fractions
with contours approved by radiation oncologists, are
available but not integrated into the population models.

Previous studies have examined whether utilizing
a patient’s segmented planning MRI for fine-tuning a
population model'?'3 or training from scratch’* can
enhance the auto-segmentation performance of frac-
tion images in prostate patients. A similar 2D method
for patients diagnosed with cancer in the abdomen
region was presented by Li et al.,'> where the person-
alized models were updated daily with newly acquired
data. Nevertheless, each of the presented studies exclu-
sively focused on a single method, and all of them
come with their limitations. The first two were con-
ducted for prostate cases, where patient anatomy is
relatively simple and stable. The last one included only
six patients, permitting only a limited evaluation of the
presented methods.

The goal of this work was to perform an investiga-
tion of approaches leveraging prior knowledge available
in MRgRT in order to enhance the quality of abdomi-
nal organs-at-risk (OARs) auto-segmentation on fraction
MRIs. Four methods of generating patient-specific (PS)
models were compared to population baseline models
(BMs) via geometric metrics and a qualitative evaluation
by a trained radiation oncologist. The BMs were fine-
tuned using either only the segmented planning image
or the planning and first four out of five fraction images
of a specific patient. Furthermore, personalized mod-
els were trained from scratch instead of using BMs as
a starting point, with only the planning or the planning
and first four fraction MRIs. To the best of our knowl-
edge, this is the first study to investigate the impact of
population BMs on personalized segmentation models,
combining them with progressive training and compar-
ing these methods with approaches relying solely on
individual patient data.

2 | MATERIAL AND METHODS

21 | Dataset and data pre-processing
The dataset was collected retrospectively and com-
prised 151 cases, including 84 males and 67 females.
The median of patient's age was 68 years, ranging
from 34 to 91 years old. These patients were treated at
the 0.35 T MR-Linac (MRIdian, ViewRay Inc, Cleveland,
Ohio) at the Department of Radiation Oncology of the
LMU Munich University Hospital between January 2020
and December 2022. Tumor sites included the pancreas,
liver,and lesions in the abdomen. All MRIs were acquired
with a balanced steady-state free precession (bSSFP)
sequence with an in-plane resolution of 1.5 mm x
1.5 mm and 1.5 or 3 mm thickness of the axial slices.
For each case, there were one planning and between 1
(single-shot treatment) and 5 fraction MRIs included (in
total 151 planning and 215 fraction images). Figure S1
in the supplementary material shows segmented MRIs
of three exemplary patients on all irradiation days and
the planning day. Informed written consent was obtained
from all patients, and the study was carried out in accor-
dance with relevant ethics guidelines and regulations
(ethics project number 20-291).

Planning MRIs were segmented manually by different
trained oncologists several days prior to the irradia-
tion as part of the clinical routine. They were used
as ground truth planning contours. During each frac-
tion, the planning and daily MRIs were registered in
the treatment planning system, and the resulting vector
field was used to deform the planning OAR contours to
the anatomy of the day. The deformed structures were
adjusted and approved by experienced radiation oncol-
ogists. In this work, they served as ground truth fraction
contours. The original images and contours were stored
in Digital Imaging and Communications in Medicine
(DICOM) and Radiotherapy Structure (RT-Struct) for-
mats, respectively. For the purpose of this work, they
were converted to voxelized Metalmage format (mha)
using plastimatch.’®

Depending on the exact tumor location, different
OARs were delineated for each patient. In this study, the
most frequently segmented ones were considered: the
aorta, bowel, duodenum, kidneys, liver, spinal canal, and
stomach. Table 1 reports the number of MRIs with spe-
cific OAR segmentations and patient split into three sets.
Set 1 was used for the BM training. Set 2 was used to
validate BM training and for PS hyperparameter search.
Set 3 was utilized only for testing. The patient demo-
graphic was well-balanced across all three sets. The
median patient age in all three groups was between 65
and 68 years old. The male-to-female ratio in all three
groups was between 0.8 and 1.4.

The pre-processing of 3D MRIs and contours con-
sisted of three steps. First, the contours and MRIs
acquired with a 3 mm slice thickness were re-sampled
to 1.5 mm slice thickness using nearest neighbor and
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TABLE 1 Number of organ-at-risk (OAR) contours used in the
study for Set 1, Set 2, and Set 3.

OAR Set 1 Set 2 Set 3
Aorta 81 20 21
Bowel 95 23 21
Duodenum 77 22 21
Kidney left 77 19 20
Kidney right 83 21 21
Liver 101 23 21
Spinal canal 101 22 20
Stomach 95 22 21
Total MRIs 107 23 21
Median age 68 (34-91) 66 (48-91) 65 (54-83)
M/F ratio 1.4 0.8 1.1
Patient IDs Patgo1-Patqo7 Patqpg-Patq3g Patq3¢-Patq54

Note: The median age with range, male-to-female (M/F) ratio and patients’ IDs
are given for each set.

linear interpolation, respectively. Second, for the 3D mod-
els, all images were cropped centrally or zero-padded to
dimensions of 256 x 256 x 256. The same was applied
for the 2D network data except for no padding/cropping
along the superior-inferior axis. The number of patients
with images having 160 or 288 slices in the axial direc-
tion was 27 and 80 in set 1,6 and 17 in set 2, and 6
and 15 in set 3. Third, the image intensities were nor-
malized to values between 0 and 1, with clipping applied
at the 99" percentile of the image intensity to account
for potential MR artifacts with high intensities.

2.2 | Baseline model

For benchmarking and as a basis for the subsequent
personalized models, state-of-the-art one-class 3D U-
Nets were trained to obtain conventional population
models, that is, models trained on large datasets that
generalize effectively to unseen examples. Our prior
experience showed that one-class model performance
surpasses the multi-class models. The networks were
trained on planning images from 107 randomly selected
patients (Set 1, Patyg4-Patig7) and validated on plan-
ning images from 23 patients (Set 2, Patgg-Pat3p). The
remaining 21 patients (Set 3, Pat434-Paty51) were used
as an independent test set (for the exact numbers of
MRIs for each organ, please refer to Table 1). From here
on, these models will be referred to as the BMs. The
BM training began with a random initialization of the
3D U-Net parameters. The initial learning rate (Ir) was
set to 0.001 and decreased to 0.0005 and 0.0001 after
100 and 200 epochs, respectively. The BMs were trained
over 300 epochs with a batch size of 1. The Ir values
and epochs at which the changes were applied were
determined empirically based on observations of the
validation and training learning curves. Details on data

augmentation and hyperparameter search are provided
in the supplementary material.

2.3 | Personalized models

Since the personalized models must be trained before
the first fraction, no validation data is available to moni-
tor the training progress. Therefore, all hyperparameters
and the training duration must be known in advance.
In order to determine these, different combinations of
hyperparameters were investigated for patients Patqqg-
Paty3p (Set 2). The final set of hyperparameters was
selected based on the highest mean Dice similarity coef-
ficient (DSC) achieved among these patients (for more
details on the hyperparameter search, we refer to the
supplementary material). The final testing was carried
out using these fixed parameters for patients Patq3¢-
Pat54 (Set 3).Figure 1 presents the PS approaches that
have been investigated:

PS with BM (PSBM):

In this method, the personalized models were generated
by fine-tuning the BM with a given patient’'s segmented
planning MRI. The patient’s 5™ fraction image was used
to validate the model's performance. The initial Ir was
set to 0.0001 but reduced to 0.00005 and 0.00001 after
300 and 400 epochs, respectively. These models were
trained over 500 epochs with a batch size of 1. Figure 2
shows exemplary validation curves from PSg), training
for the aorta, bowel, and right kidney.

PS training from scratch (PS,ogm):

This method investigated the importance of BMs for per-
sonalized models. Instead of having BMs as a starting
point, PS,,.gm hetworks were randomly initialized and
trained from scratch with the segmented planning MRI
of a given patient. For this purpose, 2D models were
implemented instead of 3D ones, as the latter proved
unreliable in preliminary experiments. Using 2D models
reduced network complexity and increased the number
of training examples by treating each axial slice as an
independent image. The models were validated on the
corresponding 5™ fraction data. The initial Ir was set to
0.0001 but was reduced to 0.00005 and 0.00001 after
400 and 800 epochs, respectively. PS, gy models were
trained over 1280 epochs with a batch size of 3.

Progressive training of PS models:

In the last experiment, the potential benefits of includ-
ing fraction data in PS training have been investigated.
Instead of using only the planning data of a given
patient, the PS models could be updated further after
each fraction with the newly segmented MRI. In this
work, the presumed upper limit of this approach has
been tested for patients undergoing five fractions, which
is a common fractionation scheme at MR-Linacs.!”~"°
The BMs or 2D randomly-initialized networks were
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FIGURE 1 Workflow of the investigated training strategies. The boxes represent the investigated models, while the arrows indicate the

process of training or fine-tuning. The organ-specific one-class population BMs were trained on a cohort of 107 patients. Subsequently, BMs
were fine-tuned by PS training either with the planning (Plan MRI) or the planning and the first N = 4 F images yielding PSgy, and PSE‘KA models,
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respectively. Repeating the process without the BMs for initializing the model weights and biases resulted in PS;,g)y and PSﬁgBM models,
respectively. BMs, baseline models; F, fraction; MRI, magnetic resonance imaging; PS, patient-specific.
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FIGURE 2 Exemplary validation curves for PSgy training for the aorta, bowel, and right kidney. The upper panel displays individual DSC
curves for each patient across the training epochs. In the lower panel, cumulative curves depict average DSC scores across all validation

patients. DSC for epoch 0 corresponds to the BM performance. BM, baseline model; DSC, dice similarity coefficient.

fine-tuned with the planning and the first four fraction

; P F4 F4
images, resulting in PSgy, and PS_ "\, models, respec-

tively. For PSE}, training, the initial Ir was set to 0.0001
and decreased to 0.00005 and 0.00001 after 60 and
80 epochs, respectively. PSEY models were trained over
100 epochs with a batch size of 1, which resulted in
the same number of network updates as for the PSgy,
models. For PSF4_  training, the initial Ir was set to
0.0001 and decreased to 0.00005 and 0.00001 after
80 and 160 epochs, respectively. PS % models were
trained over 256 epochs with a batch size of 3, which
resulted in the same number of network updates as for
the PS,,,gy models.

24 |
details

Implementation and technical

The 2D and 3D MONAI?? implementations of the resid-
ual U-Net developed by Kerfoot et al>" were used based
on our previous work.? 12 The networks had 4 resolution
levels, each comprising two convolutions with 3 x 3(x3)
kernels, followed by instance normalization?? and para-
metric rectified linear unit (PReLU)?® activation with an

initial slope of 0.2 for negative arguments. For down-
sampling in the encoding arm and up-sampling in the
decoding arm, a convolution with a stride of 2 and
up-convolution were employed, respectively. The out-
put layer of the network featured soft-max activation®*
and thresholding at 0.5. Due to the low foreground-to-
background pixel ratio, a DSC-based loss function was
chosen?® for training.

All trainings were performed on Nvidia Quadro RTX
8000 or Nvidia RTX A6000 GPUs.

2.5 | Data evaluation

Since the PSLY and PST%. | models were trained on
data from fractions 0—4, their test set was limited to the
5t fraction image. To ensure a fair comparison between
all the investigated methods, the outcomes presented
in this study will focus on the predictions on the 5"
fractions alone (Set 3, 21 test patients).
Network-predicted contours were compared to the
ground truth segmentation used clinically via DSC, the
95" percentile Hausdorff distance (HDgs) and the aver-
age Hausdorff distance (HD,,g). For two binary images,
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A and B, each having N voxels the DSC is defined as:
N
2%, oaibi
N 2 N 2
Yiod +2iob;

where a; and b; are binary pixel values belonging to
images A and B, respectively. The Hausdorff distance
(HD) is defined as:

DSC =

(1)

HD = max(hd(A, B), hd(B, A)) and hd(A, B)

ey 2 (2)
= maxmin||r(a) - r(b)ll-

where 0A and dB denote the boundary voxels within the
structure (a; = 1,b; = 1) of images A and B, respectively,
while 7(-) is a position vector for image voxels. All met-
rics were calculated in 3D. In addition, a senior radiation
oncologist working clinically at the MR-Linac for over 3
years assessed the usefulness of the predicted OAR
contours for plan adaptation. The grades, ranging from 0
to 4, corresponded to the following statements: 0-ideal,
1-clinically acceptable, 2-minor corrections required, 3-
major corrections required, and 4-unusable. The contour
sets were presented in a random order, withholding their
origin. Additionally, the planning target volume (PTV) and
its 3 cm isotropic expansion were shown to indicate the
high-dose region, mimicking the clinical practice. The
radiation oncologist reviewed the auto-segmented 5"
fraction MRIs of the 21 test patients. In this analysis,
the BM, PSgy,, and PS,,,gm were included as methods
suitable for all fractionation schemes and from the first
fraction onwards.

Statistical analysis:

HDs and 1-DSC values from the 5" fractions of
the test patients were combined into vectors for each
network and organ. Following that, the non-parametric
Friedman test?® was carried out. Since the latter indi-
cated statistically significant differences among the
methods for all organs, a post-hoc Nemenyi test?’ was
conducted to calculate p-scores for all pairs of methods.
Values of p < 0.05 were assumed to indicate statistically
significant differences.

3 | RESULTS

Figure 3 shows axial slices from an exemplary test
patient with predictions from all investigated DL mod-
els compared to the ground truth segmentation. In this
case, all methods segmented the liver, left kidney, and
spinal canal similarly well. For the stomach, duodenum,
bowel, and aorta PSgy, PSSy, and PST, performed
the best, while predictions from the remaining models
showed larger deviations from the clinical ground truth.

Table 2 and Figure 4 present the geometric per-
formance of the investigated methods on the set 3.

Fine-tuning the BMs with PS data showed the best
results among the investigated approaches and sig-
nificantly improved the geometric metrics compared to
conventional BMs. For the liver/kidneys/stomach the
PSgy models improved BMs median DSC by approx-
imately 0.02 from 0.93/0.91/0.86 to 0.95/0.935/0.88.
The improvements were more pronounced for the
duodenum/bowel/aorta/spinal canal, where the
median DSC increased from 0.51/0.67/0.76/0.75 to
0.74/0.75/0.86/0.83. The median DSC and HDs for the
PS,osm mModels were comparable to those of the BMs,
however, the former exhibited a larger spread of values
and produced more outliers.

For both PS methods, whether with or without the BM,
incorporating five images from a given patient led to
better outcomes when compared to using only the plan-
ning MRI for training. This was particularly noticeable for
models trained from scratch. Organs that benefited the
most from the PS training were the aorta, bowel, duode-
num, and spinal canal. In contrast, improvements for the
kidneys, liver, and stomach were moderate.

The Friedman test revealed statistically significant dif-
ferences among the approaches for all organs. Table
S2 in the supplementary material presents the p-values
from the post-hoc Nemenyi test. Comparison between
PSgm, BM, and PS, gy showed a statistically significant
advantage of the former, for all OARs but the left kidney
and spinal canal, where PSgy, and PS,,,gm performed
equally well.In general,BMs and PS,, g\ performed sim-
ilarly and showed statistically significant differences for
the left kidney, stomach, and spinal canal. Increasing
the number of patient images for personalized train-
ing led to statistically significant improvements in PSEY
models for all OARs but the aorta and right kidney. In
PSE(‘;'BM models, significant improvements were noted for
the duodenum and aorta.

Figure 5 presents the results of the qualitative assess-
ment performed by a radiation oncologist. In the analy-
sis, 70% of PSgy contours were found directly suitable
for treatment adaptation (scores 0 and 1), 25% need-
ing minor adjustments, and the remaining 5% requiring
major corrections. BM-generated delineations were also
well graded, with 53% of the predictions usable right
away, 26% and 16% requiring minor and major improve-
ments, respectively. The remaining 5% were deemed not
usable. Despite comparable geometric performance of
the BM and PS, g\, the latter were graded clearly lower
with 23% of the contours usable directly, 32% and 27%
requiring minor and major corrections, respectively, and
18% deemed unusable. The average scores of the three
models were 1.02, 1.54, and 2.36 respectively.

4 | DISCUSSION

For personalized auto-segmentation models, fine-tuning
populaiton BMs with segmented patient images (PSgy

85UB017 SUOWILLIOD BAIER.D 3ol dde 3y} Aq pauRA0b 88 S3[o1Me YO ‘SN 0 S3INJ 104 ARIGIT 3UIIUO AB|IM UO (SUOIPUOD-PUR-SLURYWI0D" A8 1M A RIq 1 BU 1 UO//SdNY) SUORIPUOD PUe SWB L 8L} 89S *[5202/T0/ZT] Uo ARiqTauljuo AB|IM ‘Pueod 8UeIL00D AQ 085.LT dwi/200T OT/I0p/w0d"AB| im Afeiq1puljuo widee// SNy Woy papeo|umoq ‘0 ‘60ZELYE



® | MEDICAL PHYSICS

/

§ /Liver

i

\

"

| Kidney R

KAWULA ET AL.

Duodenum

Aorta

= Stom%
Bowel ;!

Kidney LV

Spinal.canal

FIGURE 3 Axial view of an exemplary test patient showing predictions of (dashed lines) deep learning models versus (half-transparent
background) the clinical ground truth. Predictions of the following models are shown: the BMs, PS models generated by fine-tuning the BMs with
the planning (PSgy) or the planning and first four fraction MRIs (PSEﬁA), models trained from scratch only with the planning (PS,,og\m) or with the

planning and first four fraction MRIs (PSEQBM). BMs, baseline models; MRI, magnetic resonance imaging; PS, patient-specific.

TABLE 2 Median and (interquartile range) of Dice similarity coefficient (DSC), 95" percentile (HDgs), and average (HDayg) Hausdorff
distance for the 5" fractions of the 21 test patients.
Model Aorta Bowel Duodenum Kidney L. Kidney R. Liver Spinal C. Stomach
DSC DSC DSC DSC DSC DSC DSC DSC
HDg5(mm) HDg5(mm) HDg5(mm) HDg5(mm) HDg5(mm) HDg5(mm) HDg5(mm) HDgs5(mm)
HD,yg(mm) HD,yg(mm) HD,yg(mm) HD,yg(mm) HD,yg(mm) HD,yg(mm) HD,yg(mm) HD,yg(mm)
BM 0.76 (0.1) 0.67 (0.14) 0.51 (0.23) 0.91 (0.03) 0.91(0.1) 0.93 (0.03) 0.75 (0.05) 0.86 (0.07)
22 (14) 25 (26) 16 (14) 4.9 (2.4) 5.7 (9.0) 7.3(3.1) 14 (14) 7.7 (12)
3.7 (3.5) 6.2 (8.8) 4.7 (5.3) 1.7 (0.6) 1.8 (2.5) 2.5(0.9) 3.0(2.2) 22(1.7)
PSgm 0.86 (0.06) 0.75 (0.14) 0.74 (0.17) 0.94 (0.03) 0.93 (0.05) 0.95 (0.02) 0.83 (0.05) 0.88 (0.06)
6.0 (5.1) 14 (25) 8.7 (8.9) 2.9 (1) 2.6 (1.9) 5.7 (3.5) 6.0 (8.4) 6.1(3.4)
1.4 (0.8) 4.0 (7.3) 2.5(2.5) 1.1(0.4) 1.2 (0.6) 1.9 (0.7) 1.6 (1.2) 1.8 (0.7)
Psgﬁ,I 0.88 (0.06) 0.82 (0.08) 0.78 (0.1) 0.94 (0.02) 0.94 (0.05) 0.95 (0.01) 0.85 (0.03) 0.9 (0.03)
3.0 (2.7) 11 (7) 6.2 (5.1) 2.6 (0.9) 2.6 (2.1) 4.5 (1.9) 3.1(2.5) 4.0 (2.7)
1.1 (0.5) 3.7 (1.5) 2.0(1.2) 1.0 (0.2) 1.0 (0.8) 1.6 (0.7) 1.2 (0.3) 1.5 (0.7)
PS08M 0.76 (0.15) 0.61 (0.28) 0.56 (0.33) 0.91 (0.06) 0.87 (0.18) 0.94 (0.08) 0.82 (0.13) 0.71 (0.33)
12 (13) 32 (51) 19 (17) 3.3(6.9) 5.7 (6.1) 6.3 (13.3) 4.5(8.8) 15 (23)
2.7 (2.7) 8.4 (15) 4.9(7.1) 1.4 (1.3) 1.9 (2.0) 2.0 (3.7) 1.4 (1.5) 4.2 (9.6)
PSE;‘BM 0.83 (0.11) 0.69 (0.22) 0.65 (0.20) 0.92 (0.04) 0.90 (0.20) 0.93 (0.04) 0.82 (0.09) 0.83 (0.08)
8.5 (11.5) 49 (54) 14 (10) 3.1(2.9) 4.5(8.9) 6.9 (9.6) 11(17) 7.3 (4.3)
2.0 (1.8) 13 (14) 3.4 (2.6) 1.3 (0.6) 1.7 (2.3) 2.6 (2.0) 2.1(2.5) 2.2(0.9)

Note: For all organs-at-risk the performance of the following models are compared: the baseline models (BM), patient-specific models generated by fine-tuning the
BMs with one (PSgy) and five MRIs (PSE‘,‘W), as well as patient-specific models trained from scratch with one (PS,,gy) and with 5 MRIs (PSEgBM). The best metrics
achieved are given in bold.

and PSE}, models) was shown to significantly improve
the accuracy of BM predictions for all investigated

OARs. This was demonstrated by the best DSC and HDs

values, as well as qualitative assessment by a trained
radiation oncologist. In fact, PSgy, predictions were con-

sidered ready to use 30% more often than the contours
generated by BMs.

The necessity of BMs for PS models has been
investigated by training PS,,gv models. While they
achieved geometric accuracy similar to BMs, the clinical
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FIGURE 4 Box plots presenting DSC, 951 percentile (HDgs), and average (HD4yg) Hausdorff distance for the 5t fractions of the 21 test
patients. For all organs-at-risk the performance of the following models are compared: the BMs, PS models generated by fine-tuning the BMs
with one (PSgy) and five MRIs (PS} ), as well as PS models trained from scratch with one (PSpogv) and with 5 MRIs (PSE?) of a given patient.
BMs, baseline models; HD, Hausdorff distance; MRI, magnetic resonance imaging; PS, patient-specific.

evaluation clearly favored the latter. PS,ogy had only
a quarter of clinically acceptable predictions and gen-
erated the highest percentage of unusable contours.
Despite their relatively good overlap with the ground
truth, the irregular borders of the PS,og\ predictions
would still require tedious adjustments. In contrast,

BM delineations had smoother borders and easier-
to-correct errors, for example, misclassified volume of
surrounding tissue that could be quickly deleted.

For both PSE}, and PSF%. models, training with more
patient images further enhanced the performance of
PSgym and PS,.gm, respectively. This was especially
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FIGURE 5

Bar plots displaying radiation oncologist’s grading of predictions generated by the BMs, PS models fine-tuning the BM with the

planning MRI (PSgy) and models trained from scratch with the planning MRI (PS,ogu). The grades range from “ideal” to "unusable”. BMs,

baseline models; MRI, magnetic resonance imaging; PS, patient-specific.

notable for models trained from scratch. More images
not only improved DSC and HDs but also resulted in
contours with smoother borders. The trend of improving
PS models with more patient images (up to five fraction
images) was also observed in Li et al’s study.'®

The BMs yielded satisfactory results for most OARs,
comparable to prior studies. Our DSC values for kid-
neys, liver, and stomach were in agreement with Fu
et al’s work? but their results for bowel and duode-
num surpassed ours. However, in our study we used
clinical contours directly, whereas in Fu et al’s study,
the contours were refined by multiple trained profes-
sionals using dedicated software for accurate contour
corrections. In comparison to Liang et al.s study,’ we
achieved higher DSCs for kidneys but a lower one for the
liver. Li et al’s"® results for PS models were better than
ours, achieving DSCs above 0.9 for most OARs. How-
ever, their evaluation’s robustness is limited by testing
on only six patients. Despite all studies focused on MRIs
from MR-Linac treatments, the testing cohorts differed,
introducing limitations to the comparison. Additionally,
institutional guidelines, contouring styles, and the effort
put into correcting the fraction contours might have
influenced the ground truth quality. Therefore, the pre-
sented comparison with other studies should be taken
with caution.

In this study, 2D U-Nets were explored as potential
candidates for the BMs and PSgy,, models, just as 3D
U-Nets were explored as candidates for PS,,,gy mod-
els. However, the 3D BM and PSgy, models showed
higher DSC than their 2D counterparts, while 2D PS g\
networks outperformed their 3D PS,,g\y counterparts.
Consequently, 3D architectures were selected as the
final models for testing in the case of BM, PSgy,

and PSgy, whereas 2D architectures were chosen for
PSnosw and PSF2. . The superior performance of the
2D PS,,,gm models can likely be attributed to the lower
complexity of 2D models compared to their 3D coun-
terparts in scenarios with limited data. Using 2D data
effectively increases the size of the training set, as each
axial slice is treated as an independent image. Selecting
2D instead of 3D networks while training with little data
has also been done in the work of Fransson et al.'* and
Lietal.™

In addition to the U-Net architecture developed by
Kerfoot et al.2! which was used throughout this work,
a preliminary study was conducted using the nnUnet-
v2 model?® The duodenum and aorta were included
in this exploratory study, both benefiting considerably
from PS training. The analysis based on the self-
configuring single-label 3D nnUnet yielded the same
conclusions: PS training enhances BM performance,
and adding more images to the training set further
improves outcomes. This indicates that the PS training
strategies proposed in this study benefit not only a “con-
ventional” U-Net but also the state-of-the-art nnUNet.
Nevertheless, more studies are necessary to explore the
advantages of this approach fully.

The predictions of models investigated in this
work were also compared to predictions obtained by
TotalSegmentator MRI2°30 The latter is a ready-to-
use nnUNet that has been trained on a wide range
of diagnostic MRIs from different scanners, institutions,
and protocols and is therefore expected to perform
well on most MR images. However, the resulting con-
tours were worse than the predictions of all models in
this study. This was partially related to differences in
contouring styles, but could also be attributed to the
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application to an unseen MRI domain. This indicates
that the TotalSegmentator MRI might require additional
investigation in the future in the scope of 0.35 T MRIs
from the investigated MR-Linac, also regarding potential
PS training schemes.

Not all OARs benefited equally from PS fine-tuning
or more patient images. In fact, they fell into three
categories. The first included kidneys and liver, which
have rather stable shapes and clear boundaries. For
them, PSgy and PSf], models corrected larger BM
misclassifications, but the overall improvements were
moderate. The second group comprised the aorta,
spinal canal, and bowel. Due to their large vertical
extent, radiation oncologists segment only axial slices
around the PTV. PS training encoded information on the
superior-inferior segmentation ends into each personal-
ized model, resulting in a higher geometric agreement
between the predictions and the clinical ground truth.
The third subgroup included the stomach, duodenum,
and again bowel, organs prone to large volume changes
during the course of treatment. Notably, PS improve-
ments were the most pronounced in this group.

In this study, we concentrated on the abdominal OARs
of patients treated with MRgRT. The abdomen is known
for its complexity in auto-segmentation, making it an
ideal evaluation scenario for the methods under investi-
gation. Nevertheless, there are no conceptual limitations
to employing these methods for other anatomical sites.
Moreover, there are no constraints restricting their use
to MRgRT. They might also be employed for other frac-
tionated treatments, for example, in the scope of cone
beam computed tomography (CBCT)-guided adaptive
radiotherapy.®’

Training of a single PS model requires less than 1 h.
This is sufficiently short to be performed before the first
irradiation as well as between fractions. Although prepar-
ing PS models for individual patients demands clearly
more effort than training population BMs, it reduces the
need for manual corrections in a critical moment, while
patients are already in treatment position.

The study has its limitations. Firstly, in clinical practice,
contouring radiation oncologists may not adjust OARs
located further away from the PTV, considering their
minimal impact on dose calculation. Consequently, while
these clinical ground truth contours are sufficiently accu-
rate for treatment adaptation, they might be suboptimal
for network development. Secondly, all oncologists that
generated the ground truth contours belonged to one
institution. However, our previous study on OAR auto-
segmentation for prostate cancer patients’? showed
no significant differences between cohorts from differ-
ent institutions, suggesting the generalizability of the
presented methods. Thirdly, involving multiple radiation
oncologists would enhance the robustness of the clinical
evaluation. Finally, the time saved for manual corrections
by using PS contours instead of the population ones
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has not been measured. However, the better score in the
clinical evaluation suggests considerable time-saving.

Future work directions include exploring PS transfer
learning by freezing the BM parameters and adding new
trainable layers32 Another alternative might be to use
the segmented planning MRI as an additional input to
help auto-segmentation of fraction images.3

5 | CONCLUSIONS

In this study, we demonstrated the advantages of per-
sonalized segmentation models in fractionated MRgRT
of the abdomen region compared to conventional BMs.
Particularly, PS models generated through fine-tuning
the BM with patient data performed the best, while
training from scratch performed worse than the BMs.
Moreover, progressive fine-tuning of the personalized
models with new segmented fraction MRIs was shown to
further enhance the performance of the models. Physi-
cian assessment showed that fine-tuning BMs with only
the planning MRI generates delineations that, in most
cases, can be used directly for plan adaptation, and only
a few require major corrections.

ACKNOWLEDGMENTS
The first author wishes to thank Martin Radler for
proofreading the manuscript and discussions through-
out the study. This work was funded by the Wilhelm
Sander-Stiftung (2019.162.2).

CONFLICT OF INTEREST STATEMENT

The Department of Radiation Oncology of the Univer-
sity Hospital of LMU Munich has research agreements
with Elekta and Brainlab.

REFERENCES

1. Tijssen RH, Philippens ME, Paulson ES, et al. MRl commissioning
of 1.5 T MR-linac systems—a multi-institutional study. Radiother
Oncol.2019;132:114-120.

2. Kluter S. Technical design and concept of a 0.35 T MR-Linac. Clin
Transl Oncol. 2019;18:98-101.

3. Winkel D, Bol GH, Kroon PS, et al. Adaptive radiotherapy: the
Elekta Unity MR-linac concept. Clin Transl Oncol. 2019;18:54-59.

4. Henke L, Contreras JA, Green OL, et al. Magnetic resonance
image-guided radiotherapy (MRIgRT): a 4.5-year clinical expe-
rience. Clin Oncol. 2018;30:720-727.

5. Corradini S, Alongi F, Andratschke N, et alMR-guidance in clini-
cal reality: current treatment challenges and future perspectives.
Radiat Oncol.2019:14:1-12.

6. Nachbar M, lo Russo M, Gani C, et al. Automatic Al-based con-
touring of prostate MRI for online adaptive radiotherapy. Z Med
Phys.2023.

7. Liang F, Qian P, Su K-H, et al. Abdominal, multi-organ, auto-
contouring method for online adaptive magnetic resonance
guided radiotherapy: an intelligent, multi-level fusion approach.
Artif Intell Med. 2018;90:34-41.

8. Fu Y, Mazur TR, Wu X, et al. A novel MRI segmentation method
using CNN-based correction network for MRI-guided adaptive
radiotherapy. Med Phys.2018:45:5129-5137.

85UB017 SUOWILLIOD BAIER.D 3ol dde 3y} Aq pauRA0b 88 S3[o1Me YO ‘SN 0 S3INJ 104 ARIGIT 3UIIUO AB|IM UO (SUOIPUOD-PUR-SLURYWI0D" A8 1M A RIq 1 BU 1 UO//SdNY) SUORIPUOD PUe SWB L 8L} 89S *[5202/T0/ZT] Uo ARiqTauljuo AB|IM ‘Pueod 8UeIL00D AQ 085.LT dwi/200T OT/I0p/w0d"AB| im Afeiq1puljuo widee// SNy Woy papeo|umoq ‘0 ‘60ZELYE



© | \EDICAL PHYSICS

9.
10.
11.

12.

13.
14.
15.

16.

17.

18.

19.
20.
21.
22.
23.

24.

KAWULA ET AL.

Ribeiro MF, Marschner S, Kawula M, et al. Deep learning based
automatic segmentation of organs-at-risk for 0.35 T MRgRT of
lung tumors. Radiat Oncol. 2023;18:135.

Harrison K, Pullen H, Welsh C, Oktay O, Alvarez-Valle J, Jena R.
Machine learning for auto-segmentation in radiotherapy planning.
Clin Oncol.2022;34:74-88.

Hunt A, Hansen V, Oelfke U, Nill S, Hafeez S. Adaptive radio-
therapy enabled by MRI guidance. Clin Oncol. 2018;30:711-
719.

Kawula M, Hadi |, Nierer L, et al.Patient-specific transfer learn-
ing for auto-segmentation in adaptive 0.35 T MRgRT of
prostate cancer: a bi-centric evaluation. Med Phys.2023;50:1573-
1585.

Chen X, Ma X, Yan X, et al.Personalized auto-segmentation for
magnetic resonance imaging—guided adaptive radiotherapy of
prostate cancer. Med Phys. 2022:49:4971-4979.

Fransson S, Tilly D, Strand R. Patient specific deep learning
based segmentation for magnetic resonance guided prostate
radiotherapy. Phys Imaging Radiat Oncol. 2022;23:38-42.

Li Z, Zhang W, Li B, et al. Patient-specific daily updated deep
learning auto-segmentation for MRI-guided adaptive radiother-
apy. Radiother Oncol. 2022;177:222-230.

Sharp GC, Li R, Wolfgang J, et al. Plastimatch: an open source
software suite for radiotherapy image processing. In: Proceedings
of the XVI'th International Conference on the use of Computers
in Radiotherapy (ICCR). IEEE; 2010.

Teoh S, Ooms A, George B, et al. Evaluation of hypofractionated
adaptive radiotherapy using the MR Linac in localised pancre-
atic cancer: protocol summary of the Emerald-Pancreas phase
1/expansion study located at Oxford University Hospital, UK. BMJ
Open. 2023;13:e068906.

Chuong MD, Bryant J, Mittauer KE, et al. Ablative 5-fraction
stereotactic magnetic resonance—guided radiation therapy with
on-table adaptive replanning and elective nodal irradiation for
inoperable pancreas cancer. Pract Radiat Oncol. 2021;11:134-
147.

Haas YP, Ludwig R, Dal Bello R, Tanadini-Lang S, Unkelbach
J. Adaptive fractionation at the MR-linac. Phys Med Biol.
202368:035003.

Cardoso MJ, et al. MONAI: An open-source framework for deep
learning in healthcare. arXiv preprint arXiv:2211.02701 2022.
Kerfoot E, Clough J, Oksuz I, Lee J, King AP, Schnabel JA.
Left-ventricle quantification using residual U-Net. In: International
Workshop on Statistical Atlases and Computational Models of the
Heart. Springer; 2018:371-380.

Ulyanov D, Vedaldi A, Lempitsky V. Instance Normalization:
The Missing Ingredient for Fast Stylization. arXiv preprint
arXiv:1607.08022 2016.

Ding B, Qian H, Zhou J. Activation functions and their charac-
teristics in deep neural networks. In: 2018 Chinese control and
decision conference (CCDC). |EEE; 2018:1836—1841.

Bridle JS. Training stochastic model recognition algorithms as
networks can lead to maximum mutual information estimation
of parameters. In: Proceedings of the 2nd International Con-
ference on Neural Information Processing Systems. MIT Press;
1990:2211-217.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Milletari F, Navab N, Ahmadi S-A. V-net: fully convolutional neu-
ral networks for volumetric medical image segmentation. In:
2016 fourth international conference on 3D vision (3DV). |IEEE;
2016:565-571.

Friedman M. The use of ranks to avoid the assumption of nor-
mality implicit in the analysis of variance. J Stat Data Sci Educ.
1937;32:675-701.

Nemenyi PB. Distribution-free multiple comparisons. Princeton
University, 1963.

Isensee F, Jaeger PF, Kohl SA, Petersen J, Maier-Hein KH.
nnU-Net: a self-configuring method for deep learning-based
biomedical image segmentation. Nat Methods. 2021;18:203-
211.

Wasserthal J, Breit H-C, Meyer MT, et al. TotalSegmentator:
robust segmentation of 104 anatomic structures in CT images.
Radiology: Artificial Intelligence. 2023;5:€230235.

D’Antonoli TA, Berger LK, Indrakanti AK, et al. TotalSegmenta-
tor MRI: Sequence-Independent Segmentation of 59 Anatomical
Structures in MR images. 2024.

Schiff JP, Stowe HB, Price A, et al. In silico trial of computed
tomography-guided stereotactic adaptive radiation therapy (CT-
STAR) for the treatment of abdominal oligometastases. Int J
Radiat Oncol Biol Phys.2022;114:1022-1031.

Talo M, Baloglu UB, Yildinm O, Acharya UR. Application of deep
transfer learning for automated brain abnormality classification
using MR images. Cogn Syst Res.2019;54:176-188.

Klymenko T, Kim ST, Lauber K, et al. Butterfly-Net: spatial-
temporal architecture for medical image segmentation. In: 2021
IEEE 18th International Symposium on Biomedical Imaging
(ISBI). IEEE; 2021:616-620.

Pérez-Garcia F, Sparks R, Ourselin S. TorchlO: a Python library
for efficient loading, preprocessing, augmentation and patch-
based sampling of medical images in deep learning. Comput
Methods Programs Biomed. 2021:106236.

Kawula M, Purice D, Li M, et al. Dosimetric impact of deep
learning-based CT auto-segmentation on radiation therapy treat-
ment planning for prostate cancer. Radiat Oncol. 2022;17:1-12.

SUPPORTING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Kawula M, Marschner
S, Wei C, et al. Personalized deep learning
auto-segmentation models for adaptive
fractionated magnetic resonance-guided
radiation therapy of the abdomen. Med Phys.
2024;1-10. https://doi.org/10.1002/mp.17580

5UB011 SUOLUILLIOD 3A1IEB10 3|ea 1 dde aU) Aq pouBA0B e S 1L O 88N J0 S9N 10} AIRIGITBUIIUO AB]1A O (SUO1IPUOD-PL-SLLLBILI0D"B| I ARIGIRUIUO//ST1IL) SUOIPUOD) PUE SWLR | 8U 895 *[Z02/T0/ZT] Uo AReiq18UIIUO AB1IA ‘P |0t UBIYP0D) AQ 085/ T dW/Z00T 0T/10p/LL0Y" A8 1M AZRIq1pul U0 Widee/:Sdny o1 pOpeojuMmoq ‘0 ‘60ZVELTZ



Kawula et al. page 1

Supplementary material

Patient anatomy over the treatment days

Patient 1 Patient 2 Patient 3

Fraction 4 Fraction 3 Fraction 2 Fraction 1 Planning

Fraction 5

Figure S1: Axial view of three exemplary test patients showing the clinical ground truth
contours over the course of treatment. The following organs and structures are shown:
(pink) liver, (red) bowel, (yellow) stomach, (orange) duodenum, (green) aorta, (brown) right
kidney, (purple) left kidney, (dark blue) spinal canal, and (cyan) planning target volume.
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Data augmentation

In this section, we will describe the data augmentation scheme used for training of the BMs
and all investigated PS models.

The on-the-fly data augmentation applied during all trainings included spatial and in-
tensity based transformations. The spatial deformations consisted of affine transformations
(with maximum rotation angle ap.x and maximum shift Ap,.x), zooming (with zoom and
cropping ratio Zmin, Zmax), and B-Spline elastic deformation (with number of control points
nep and maximum displacement d). The intensity-based augmentation included MR-related
motion artifacts (with maximum translation ma, rotation angle m,), random blur (with
standard deviation oy, of the Gaussian kernels used to blur the image), and random noise
(with mean p, standard deviation ¢ of a normal distribution for noise sampling). The
intensity-based augmentations, along with B-spline elastic deformations, were imported from
TorchIO?*, while other functions were from the MONAI library2°.

The choice of augmentation functions and initial parameter values were based on our
previous studies®!%3%. Spatial augmentation, especially affine and elastic deformation, was
found to be the most impactful strategy. Therefore, we performed a hyperparameter search
for these two only. Since the impact of the remaining functions was only minor, we adopted
values from our prior research without further optimization. For affine transformation we
explored o, within the range of 10 to 20 degrees, and A, from 15 to 30 mm. For elastic
deformation with B-Splines, we kept the number of control points constant, but varied the
maximum displacement values d from 15 to 60 mm. Table S1 summarizes the information
on the applied data augmentation.

In this work it was important to find hyperparameters giving optimal performance while
keeping training times reasonably low for daily re-training of personalized models. Whereas
BMs require only one training, PSgy and PS,,gm models need to be created individually for
each patient and PSE}; and PSF4,, | require daily fine-tuning. Currently, data augmentation
is the most time-consuming step in the training pipeline, with MR-specific transforms being
notably the slowest. For this reason, we trained BMs with the full augmentation, but for PS
models we reduced it to spatial deformations and one intensity-base transformation (random
noise).
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Table S1: Data augmentation parameters and final values used for training.

Function Parameter Final value
BM PSpgm  PSEY PSuoem PSEds

Probability Dagm 0.85 0.95 0.95 0.95 0.95
Rotation O'max 10° 10° 10° 20° 20°
Translation A nax 1I5mm 15mm 15 mm 30 mm 30 mm
Deformation  np 10 10 10 10 10

d 15mm 30 mm 30 mm 45 mm 45 mm
Zooming Zmin, Zmax 0.9, 1.1 0.9, 1.1 0.9, 1.1 09,11 09 1.1
Motion My 20° - - - -

ma 75 mm - - - -
Random blur oppyr 0.6 - - - -
Noise o 0.25 0.25 0.25 0.25 0.25

W 0 0 0 0 0
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Test of statistical significance

Table S2: P-values obtained from the post-hoc Nemenyi test for the testing set for all pos-
sible pairwise model comparisons. Significant p-values (< 0.05) are denoted with an asterisk.

Method 1 Method 2 Aorta Bowel Duodenum Kidney L. Kidney R. Liver Spinal Canal Stomach
BM PSgum 0.001* 0.001* 0.001* 0.001* 0.001* 0.001* 0.001* 0.001*
BM PSEy 0.001* 0.001* 0.001* 0.001%* 0.001%* 0.001* 0.001* 0.001%*
BM PShoM 0.7 0.9 0.45 0.01* 0.08 0.9 0.001* 0.001*
BM PSE 0.001*  0.62 0.14 0.007* 0.06 0.57 0.15 0.9
PSem PSE4, 0.06  0.001* 0.001* 0.001* 0.09 0.001* 0.01* 0.001*
PSem PShoBM 0.001* 0.001* 0.001* 0.08 0.001*  0.001* 0.9 0.001*
PSgm PSP 0.12  0.002* 0.02* 0.12 0.001* 0.001* 0.1 0.001*
PSEy PSnoBMm 0.001* 0.001* 0.001%* 0.001%* 0.001%* 0.001* 0.001* 0.001%*
PSEY, PSE v 0.001* 0.001* 0.001* 0.001* 0.001*  0.001* 0.001* 0.001*
PSuoBM PSP 0.002*  0.42 0.001* 0.9 0.9 0.84 0.5 0.06




Chapter 6

Conclusion

MRI guidance and daily treatment adaptation have transformed how fractionated ra-
diation therapy is administered. Already for several years, it has been possible to
perform MRgRT using MR-LINACs. They allow daily patient imaging to create up-
to-date treatment plans. Additionally, fast imaging during irradiation enables gated
treatment. The combination of gating and the possibility of daily plan adaptation
gives the confidence to reduce the safety margins. This results in less normal tissue be-
ing irradiated, leading to lower toxicity and fewer side effects. Simultaneously, higher
daily doses can be delivered to the tumor in fewer fractions, which shortens the total
treatment time.

Every optimization and re-optimization of a treatment plan requires delineation of
target volumes and OARs, naturally raising interest in auto-segmentation. The most
promising techniques developed recently are based on DL. An underlying assumption
in DL is that neural networks must perform well on new and diverse examples. How-
ever, this might not hold true for auto-segmentation at MR-LINACs. Fraction images
do not have to be considered entirely new and random, as segmented planning MRIs
exist for each patient. In fact, every fraction image is highly similar to the planning
and previous fraction MRIs. Therefore, teaching personalized models features that are
specific to a given patient but not necessarily shared among the general population
might result in better performance compared to population models.

The primary goal of this dissertation was to address this particular aspect of auto-
segmentation in fractionated treatment, namely leveraging the existence of previously
segmented images at the time of fraction image segmentation. Four main projects
were carried out in the framework of this thesis. The first (introductory) project was
carried out for radiotherapy at conventional LINACs, while the remaining three stud-
ies focused entirely on MRgRT at the MRIdian MR-LINACs. These three studies were
specifically designed for fractionated treatments. They aimed to create models op-
timized for repeatedly segmenting the same patient rather than optimizing average
performance over a set of unknown patients. In particular, the studies aimed to use
prior knowledge present in MRgRT to enhance segmentation on fraction days.

The study described in Paper 1 was one of the first to analyze the impact of DL con-
tours on dose optimization during treatment planning. It considered prostate cancer
patients undergoing radiotherapy at conventional LINACs. Additionally, it investi-
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gated whether there is a positive correlation between the geometric contour quality
and the quality of treatment plans optimized using these DL contours. The study
included commonly used geometric metrics and dosimetric parameters employed in
clinics on a daily basis.

Auto-segmentation networks trained for this study achieved performance comparable
to other state-of-the-art studies [128-130]. Utilizing DL contours in treatment plan
optimization led to dose distributions that did not overdose the neighboring OARs,
provided sufficient target volume coverage in all but one case, and did not create any
undesirable hot or cold dose spots. This led to the conclusion that although human
review is still required, implementing DL contours has the potential to speed up treat-
ment planning by eliminating the need for fully manual contouring without compro-
mising the plan quality.

The only moderately positive correlation was found between the prostate’s DSC and
gamma index. It was observed that despite some contours showing the same geometric
performance, the quality of dose distributions optimized using these contours differed.
While the location of misclassified pixels does not change the DSC and has only a lim-
ited impact on Hausdorff distance, it influences dose optimization. This observation
demonstrated the importance of contour evaluation beyond geometric metrics.

The research described in Paper 2 investigated three types of auto-segmentation

models: first, conventional population models that were trained to perform well on
an average patient; second, models adjusted to patients from a specific facility; third,
patient-specific models optimized to perform well for a patient seen multiple times. It
was the first work that considered patient-specific models for prostate cancer patients
treated at the MRIdian MR-LINACs. Moreover, it was the first study to compare DL-
generated contours with the current solution implemented at the MRIdian TPS.
The study demonstrated that population models had geometric performance compa-
rable to similar studies in the literature [116]. A radiation oncologist graded the OAR
contours predicted by the population models as more useful for treatment adaptation
than the structures suggested by the TPS using DIR. The study showed the benefit
of facility-specific transfer learning for prostate CTVs, which could account for differ-
ences in institutional delineation guidelines between the LMU and Gemelli Hospital.
There was no benefit of facility-specific transfer learning for OARs. This suggested
the transferability of OAR models between different institutions. Finally, the personal-
ized fine-tuning was shown to be advantageous for all investigated structures, which
aligned with other studies published independently around the same time [115,116].
Patients with uncommon anatomies benefited the most from patient-specific transfer
learning. Moreover, personalized models could account for the fact that CTV segmen-
tation did not always follow any visible organ boundaries. In fact, it was frequently
defined based on factors that could not be captured by imaging (e.g., blood test out-
comes and prior medical history). The weakness of personalized models was their
lack of robustness to larger changes with respect to the planning day. Additionally,
personalized models could propagate errors to the fraction images if the planning seg-
mentation was inaccurate.

The study described in Paper 3 analyzed networks combining DIR and segmenta-
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tion for prostate cancer patients. These networks were trained to register the planning
and fraction MRIs and deform planning contours to the daily anatomy. Unlike the
personalized models developed in Paper 2, the registration approach requires only
one model to be trained for all patients. Patient-specific fine-tuning is unnecessary
since the planning contours are an additional network input. This study was the first
to combine image registration and contour propagation for OARs.

The study showed that registration networks could model only small anatomical changes
regardless of the training scheme. The presumed reason for predicting only limited
deformations was the large dimensionality of the expected output in relation to the
training data set size. Registration networks were found unsuitable for organs that un-
dergo substantial changes, such as the bladder and rectum. However, these networks
showed potential for prostate CTV segmentation, as the latter should not change sub-
stantially to ensure proper tumor dose coverage throughout the treatment.

The fourth study explored alternatives for training personalized auto-segmentation

models with and without the population baseline models. One new strategy involved
continuous (also called progressive) training, adjusting models to the latest patient
anatomy after every fraction. Another investigated method examined whether a single
training example is sufficient for creating personalized auto-segmentation models from
scratch. The target group comprised patients diagnosed with lesions in the abdomen,
which is a region that includes a wide variety of OARs and is subject to pronounced
inter-fractional anatomical changes. Thanks to this variety, some conclusions from this
study could likely be extrapolated to other anatomical sites. This was the first work
investigating the impact of DL population models on personalized models and their
integration with progressive training. Moreover, it offered a comparison with methods
relying solely on individual patient data.
The study concluded that personalized models developed by fine-tuning population
models with a given patient’s data predicted contours that could, in most cases, be
used clinically without additional corrections. Conversely, models trained with a sin-
gle image generated contours that often required substantial manual corrections before
being useful for treatment adaptation. Patient-specific networks profited from pro-
gressive learning in both scenarios, with and without baseline models. Personalized
training was particularly beneficial for organs commonly considered challenging to
segment (e.g., duodenum) and elongated organs that are only segmented in the high-
dose region (e.g., aorta and spinal canal). Improvements with respect to population
models in organs commonly considered easy to segment (e.g., kidneys and liver) were
small and not always statistically significant.

The presented studies have limitations. First, the quality of clinical data used as
ground truth throughout this work might not have been optimal for training auto-
segmentation networks. The clinical contours were prepared with the assumption of
being sufficiently accurate for dose optimization. Therefore, OAR parts in the low-dose
regions typically receive less attention, and the main focus is on the organ parts within
3 cm around the PTV. This problem is more pronounced for the fraction than planning
contours, as the former are always created under time pressure when a patient waits
for the irradiation in treatment position. While small segmentation inconsistencies,
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especially outside of the high-dose region, do not affect the dose calculation, they can
considerably decrease DSC and HD during testing and validation.

Another limitation was the lack of measuring the exact time saved when employing
the DL contours. Measuring correction times was not feasible due to the high clinical
workload of the radiation oncologists in combination with the high number of investi-
gated methods and the dataset size. Instead, a surrogate quantity was used, i.e., a four-
or five-point scale indicating how many corrections the grading oncologist would have
to apply to make the contour clinically usable.

Another constraint of this study was that it did not test the methods on public datasets,
allowing for fair comparison with other studies. To the best of the author’s knowledge
at the time of writing, there were no publicly available datasets of annotated MRIdian
images for any entity, nor any longitudinal sets of planning and fraction images. The
only external dataset was of prostate cancer patients and acquired at the Gemelli Hos-
pital.

Several future studies are planned to further investigate the topic of auto-segmentation
for fractionated MRgRT. One project involves using the segmented planning MRI as
an additional network input when generating predictions. U-Nets used for that pur-
pose have one encoding arm for the image to segment (here, fraction image) and an
additional arm to encode the planning information. The information from both arms
is combined at the bottleneck and fed into the common decoder arm. The advantage of
this method is that it uses the planning MRI at the time of segmenting fraction images,
eliminating the need for patient-specific fine-tuning.

Another possible direction for future studies is to replace convolutional networks with
transformer architectures for combined image registration and segmentation. A limi-
tation of convolutional networks is their inability to model long-distance relationships
between image voxels. Transformer architectures with a built-in attention mechanism,
e.g., TransMorph [122], have the potential to overcome this limitation. This project
would require collaborations with institutions operating the same MR-LINAC or using
pre-trained models since transformers need large training sets of hundreds of images.
Another aspect worth investigating is time-saving measurements: the potential time
saved by replacing manual planning segmentation with population models and re-
placing the TPS fraction contours with the personalized models. It would be ideal to
conduct these experiments prospectively, where each new patient is randomly assigned
to either the DL or the non-DL group. This approach ensures that the perception of
necessary corrections is based on using the contours for actual treatment rather than
just for scientific purposes. In fact, a similar time-saving experiment for lung cancer
patients is currently carried out at the LMU University Hospital. The development
of networks used for these time-saving measurements [131] was based on the imple-
mentation of the prostate models described in the second paper of this dissertation.
Preliminary results suggest that using DL contours leads to time savings, but more
statistics is necessary.

Possible future projects involve utilizing Monte Carlo dropout to estimate segmenta-
tion uncertainty. This method generates several predictions for the same input image,
each with a random subset of network connections removed. Subsequently, a pre-
diction frequency map is generated to illustrate which voxels the network classified
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consistently and for which it showed variations. This map would highlight regions
requiring more attention from the contouring physician.

An evaluation of contour quality at the dose level could also be carried out. For this
purpose, the methodology used in the first paper for conventional LINACs could be
implemented for the MRgRT at the MRIdian MR-LINAC.

In summary, this work focused on prior-knowledge aware DL auto-segmentation
methods for fractionated MRgRT at the MRIdian MR-LINAC. Personalized models
created by fine-tuning population models with segmented planning (or prior fraction)
images performed best among investigated alternatives. Training times of personal-
ized models were short enough to be implemented clinically. Therefore, personalized
models can potentially shorten treatment adaptation in MRgRT at the MR-LINAC:s.
A shorter adaptation translates to less time patients spend on the treatment couch,
increasing patient compliance and comfort while decreasing the likelihood of further
anatomical changes. Moreover, this would enhance the MR-LINAC throughput, allow-
ing more patients to benefit from MRgRT.
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