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Abstract

The main challenge of radiation therapy is delivering sufficient radiation dose to target, while
minimizing irradiation of healthy tissues in the presence of uncertainties. Current radiotherapy
guidelines, based on ICRU reports, recommend accounting for these uncertainties using target
volume expansion by margins. While this approach is historically sensible, it oversimplifies much
of the complexity exhibited by tumors and limits more complex dose planning made possible by

the advancements in technology over the last decades.

In this thesis we present an alternative approach — a probabilistic incorporation of uncertainties in
radiotherapy. In this approach that we call “probabilistic target definition and planning” (PTP),
uncertainties are not accounted for using target expansion by volume, as is done in the classical
GTV-CTV-PTV approach. Rather, probabilistic target volumes are used to capture microscopic
disease presence uncertainties, and robust optimization is used to account for treatment delivery

uncertainties.

To evaluate the viability of this approach, we implemented PTP in the in-house TomoTherapy
treatment planning system WiscPlan and applied it on realistic examples to evaluate its feasibility.
We performed example quantification of imaging uncertainties using test-retest repeatability
analysis on a dataset of patients with glioblastoma imaged with FET PET/CT, used it to derive

voxel-level target maps and directly implement them in the PTP treatment optimization.

To evaluate the ability of the PTP approach to optimize non-uniform dose prescriptions, we
expanded the analysis to a dataset of patients with prostate cancer imaged with multiparametric
MRI, where we performed a quantitative comparison between classical and PTP planning. Finally,
we applied the method to different disease sites, each faced with its own challenges, and

evaluated the performance of their dose plans.
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PTP achieved comparable performance to the classical approach, but with significant
improvements observed for some treatment sites. PTP also allows incorporation of probabilistic

normal tissue descriptions and dose-painting-by-numbers optimizations under uncertainty.

The work presented in this thesis presents a novel treatment planning approach, which endeavors
to be an alternative, more flexible method to optimize external beam photon dose plans by
removing the limitation of margins and by directly implementing patient’s disease information in

treatment plan optimization.



1 Summary

The current clinical paradigm of radiation therapy (RT) planning was first defined by the
International Commission on Radiation Units (ICRU) Report 50 [1], which established precise
terminology to describe different descriptions of tumor presence with binary tumor volumes while
accounting for uncertainties using Gross Tumor Volume (GTV), Clinical Target Volume (CTV),
and Planning Target Volume (PTV). Newer ICRU reports 62 and 83 expand on these concepts,
but ultimately maintain the same central paradigm of accounting for uncertainties using target
expansion by margins [2], [3]. The first volume, GTV, describes the area where tumor presence
is palpable or visible, for example through Positron Emission Tomography (PET) imaging. It can
include just the primary tumor, or it can also include distant metastases or lymph nodes.
Expanding the GTV by some margin to account for suspected microscopic infiltration of the tumor
cells into nearby tissues gives the CTV. Expanding the CTV by another margin to account for

uncertainties in dose delivery results in the PTV.

Although expanding volumes by margins is a pragmatic and historically sensible approach, it is
an oversimplification that poorly captures the underlying uncertainties. First, delineating the
volumes can vary considerably depending on the method used or the person segmenting [4], [5].
Secondly, the infiltration of malignant cells into nearby tissues has been shown to be a stochastic
process describable with a continuous probabilistic function, rather than a binary delineation [6].
Thirdly, whether the CTV receives the prescribed dose depends on more than just geometric
margins - in reality, the dose distributions are not equally conformal on all sides of the CTV,
especially in cases where tumor coverage needs to be balanced against organ at risk (OAR)
sparing [7]. Lastly, the current approach largely assumes uniform dose distribution to target — a
concept that is intrinsically incompatible with methods of non-uniform dose prescription such as

dose painting [8], [9].



The main objective of this work was to develop, implement, and evaluate a probabilistic target
definition and planning (PTP) approach, which accounts for uncertainties in radiation

therapy planning using non-binary tumor maps and robust optimization.

In this thesis we addressed three specific aims, summarized as follows:

Specific Aim 1: To assess feasibility of probabilistic target definition and planning (PTP)
e SA la: To incorporate imaging uncertainties in probabilistic tumor descriptions
e SA 1b: To establish clinical feasibility of dose plans created using PTP approach
e SA 1c: To evaluate back-compatibility between PTP and classical treatment planning
Specific Aim 2: To evaluate performance of the new treatment planning approach
e SA 2a: To create example PTP dose plans and compare them to classical dose plans.
e SA 2b: To establish dose reporting metrics for probabilistic planning
Specific Aim 3: To explore opportunities of PTP
e SA 3a: To evaluate PTP performance in highly complex geometries
e SA 3b: To demonstrate PTP for probabilistic OAR sparing

e SA 3c: To demonstrate PTP for dose painting

The first specific aim was to assess the feasibility of the proposed PTP approach. To demonstrate
the process starting from the imaging data, rather than literature derived uncertainties, we first
performed a quantification of uncertainties using test-retest repeatability analysis (SA la). We
employed an example dataset of eight patients with glioblastoma imaged with O-(2-
[*8F]Fluoroethyl)-I-tyrosine (FET) PET/CT. We created maps of gross and microscopic disease
presence, which were then directly incorporated into the optimization and dose plan calculation
(SAlb). As the final sub-aim, we evaluated the feasibility and back-compatibility of the PTP

approach (SA 1c) by comparing classically and PTP optimized dose plans.

The second specific aim was evaluation of performance of the PTP approach on a more complex

disease site with higher anatomic variability and quantitatively compare the performance of the



PTP and classical planning approaches. To achieve this aim, we used a cohort of patients with
prostate cancer who received multiparametric magnetic resonance imaging (MP-MRI) imaging to
generate tumor likelihood maps. We calculated PTP and classically optimized dose plans for both
homogeneous dose prescriptions and plans with integrated dose boosts, and we quantitatively

compared them using a variety of dose metrics.

The third specific aim was to explore the opportunity of the proposed PTP approach and its non-
reliance on the margin-based accounting for uncertainties. To do so, we implemented and
validated the PTP approach in various sites, each facing their own unique challenges. The cases
explored in this work were highly complex geometries in cases of patients with head and neck
cancers (SA 3a), patients with whole-brain irradiation with hippocampus sparing (SA 3b), and
patients with PET imaging-based dose-painting-by-numbers prescription (SA 3c). While this list
of cases is by no means exhaustive of the possible applications of the PTP approach, it does

present some examples of the different implementations of the approach.



2 Background

In this section we briefly review some key topics relevant to this work. In section 2.1 we discuss
the uncertainties in radiation therapy. In section 2.2 we talk about treatment planning, and in 2.3,

we review existing ICRU reports and their recommendations relating to managing uncertainties.

2.1 Uncertainties in radiation therapy

The treatment process of external beam radiation therapy (EBRT) inherently introduces
uncertainties that arise during treatment preparation and execution and limit the accuracy of the
delivery. If unaccounted for, they can lead to severe degradation of the quality of the delivered

treatment as compared to the planned [7].

The main sources of uncertainties are:

1. Imaging uncertainties

2. Microscopic infiltration

3. Biological uncertainties

4. Residual positioning uncertainties
5. Anatomical changes uncertainties

6. Physics uncertainties

Uncertainties are usually classified into systematic and random. Systematic uncertainties are
those that are persistent throughout multiple separate deliveries (fractions) of a treatment.
Random errors are those that can change between different deliveries, such as setup errors,

organ motion and anatomical changes.



2.1.1 Imaging uncertainties

Target volume definition depends on the interpretation of obtained medical imaging. Previous
works have shown that even when segmenting identical images, significant variation is observed
in volume delineation of GTV. This variability can be caused by intraocbserver variation or
“observer noise” i.e. when the same observer segments the same image and comes to slightly
different results [10], [11], or it can be caused by interobserver variability, i.e. variability between
different people [4], [12]. Automated segmentation methods, where a computer algorithm
segments the disease rather than a trained human, can remove the observer variability, but they
are subject to their own segmentation uncertainties [13], [14]. A thorough evaluation of the latter

is performed in the AAPM TG report 211 [15].

This variation is caused by current medical imaging modalities not imaging cancer cells directly,
but instead visualizing disease surrogates [16]. These surrogates can be anatomical anomalies,
such as changes in tissue density or shape that can be imaged with computed tomography (CT)
and magnetic resonance imaging (MRI), or they can be functional changes, such as increased
metabolism or proliferation that can be imaged with positron emission tomography (PET). Medical
imaging is also limited by spatial resolution — this is usually a fraction of a millimeter for CT
imaging, and 1-4 mm for MRI and PET imaging. In addition to spatial limitations, tumors have also
been shown to exhibit temporal variability, meaning that the same disease imaged at two different
time points can present differently [17]. The exact variation of this temporal variability depends on
the disease and the type of medical imaging used, but can be evaluated in each scenario by test-

retest imaging analysis that provide limits of repeatability [18].

2.1.2 Microscopic infiltration uncertainties

Target definition in RT is not affected only by the imaging uncertainties, but also by limited

sensitivity within tissues where the concentration of diseased cells is too low to cause noticeable



anatomical or functional changes. Malignant, or cancerous, tumors are by definition made of
cancer cells that can invade nearby tissues. This invasion can be local in the neighboring tissues
or nearby lymph nodes, or it can be distant, to other parts of the body in a process called

metastasis.

While metastatic growths represent a whole different challenge in treatment of cancer, local
spread and invasion of cancer cells into neighboring tissues can be accounted for in the planning
of radiation therapy. The ICRU reports recommend expanding the visible GTV by a margin, to
obtain the CTV and account for microscopic infiltration. The exact size of the margin, with
consideration of nearby anatomical structures, depends on the cancer type and location. While
there are some guidelines, the delineation of CTV boundaries currently lacks a clear “gold
standard” [19], although there are published models that try to address this issue for some disease

sites [20], [21].

Knowledge of the exact presence of microscopic disease is challenging, but can be estimated
with populational histological analysis, where tissue samples are resected from patients and
examined under a microscope to identify cancer infiltration on a cellular level. Several different
studies have been performed in various disease sites, quantifying probabilities of cancer cell
infiltration in tissue based on a range from visible disease [22], [23]. Three-dimensional
histological studies have been made possible over the last decade, where an entire volume of
tissue were analyzed, rather than two-dimensional slices [24]. Such histological studies provide
the most accurate ground truth but are very labor and time consuming. They can provide the most
accurate data on microscopic infiltration due to their ability to identify individual cancer cells in a
large volume, but their need for a resected tissue sample makes them viable for studies

investigating population statistics and less useful for RT treatment planning.



2.1.3 Residual positioning uncertainties

After the planning volumes are identified, the next major category of uncertainties is positioning
uncertainties. These describe the accuracy of the patient position compared to the planning
position. They can be split into a systematic component, which is constant over all treatment
fractions, and a random component which varies between fractions. Systematic errors are
typically introduced during treatment planning, for example if the patient in the planning CT is
positioned differently from their normal treatment position. Random errors are related to daily
patient anatomy, described in greater detail in the next section, and positioning variations between

fractions.

In practice, good clinical protocols and clinical adherence to them, the availability of daily, real-
time imaging and positioning equipment allow good accounting for most of these uncertainties.
However, even in the best scenarios such protocols and equipment cannot completely account
for all positioning uncertainties — the part that remains is referred to as residual positioning

uncertainties.

These residual uncertainties depend strongly on the disease site and positioning equipment
available. For example, a typical prostate treatment can have positioning uncertainties of 2-6 mm
[25], [26], but other disease sites, e.g. brain tumors, which are well encased in the rigid skull, can
measure less than 1 mm for some Gamma Knife treatments [27]. Due to their dependence on
availability of positioning equipment and clinical protocols, these uncertainties can vary
considerably between different treatment sites. On the other hand, due to their relative ease of
measurement, there is a large body of literature reporting these uncertainties in various scenarios

that can provide an estimate of typical uncertainties [28]-[31].



2.1.4 Uncertainties of anatomical changes

Uncertainties of anatomical changes, unlike residual positioning uncertainties, are not caused by
inaccuracies in patient positioning, but rather changes within patients themselves that would be
present even if patients were placed on the treatment table perfectly. These uncertainties can be
caused by organ motion, such as breathing, heartbeat or peristalsis, by filling of cavities at or near
the disease sites such as bladder and rectum, or by changes in body weight that patients often

undergo during treatment.

These uncertainties depend on the anatomy and disease site and can be considerable. For
example, in patients with lung cancer, tumors can move during the breathing cycle upwards of 1
cm within a breathing cycle [32]. Motion management techniques such as breath holds or
respiratory gating help with reducing these uncertainties, but only to some extent. For patients
with prostate cancer, bladder and rectum filling can move volumes by 2 mm or more, resulting in

significantly different dose profiles to those organs [33].

2.1.5 Biological response uncertainties

In cancer treatment, response is often sought through radiation induced cell death of the
cancerous tissues. Cell survival and cell death can mean different things in different contexts, but
in oncology, this is often defined with the loss of capacity for sustained proliferation [34]. The
radiation dose required to achieve this loss of proliferative capacity varies on a range of factors,
such as cell cycle stage, clonal density, intrinsic radiosensitivity of different tissue types and
immune response [35]-[39]. As a result, the response of any cell group to radiation — even cells

within a single tumor — is highly variable.

A frequently used way of evaluating the response of cells under different conditions to radiation
is using the in-vitro survival curves. In these studies, a specimen is taken from a tumor or normal

tissues and prepared in a culture dish. Cells that retain their proliferative abilities will grow into



colonies visible with the naked eye, which allows for easy comparison between different cells or
conditions. Exposing such specimens to different radiation doses allows for an estimate of
radiosensitivity of different tissues and the creation of cell survival curves, some examples of

which for various tumors of human origin (and one murine tumor) can be seen in figure 1.
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Figure 1: Compilation of survival curves of several cell lines of human (and one murine)
cancers. Note the wide range of radiosensitivity exhibited by different cancer cell types. Adapted

from [34].

Due to the general shape of the survival curves, the “linear-quadratic model” is often used to
describe the sensitivity of different tissues to radiation. However, when evaluating response in-
vivo, the effect of radiation on cells becomes even more complicated. Multiple studies have shown
the existence of inter- and intra-tumoral heterogeneity caused by different levels of hypoxia,
perfusion and even clonogenic differences, which can affect the efficacy of radiation therapy [40]—

[46]. Some of these principles are captured in the so-called “four R’s of radiation therapy”: repair
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of sub-lethal injury in normal and diseased cells, reoxygenation of the tumor, redistribution of cells

throughout the division cycle and regeneration of surviving normal and diseased cells.

Additional effects, such as the structure of the intracellular matrix and the immunocompetence of
the host, also affect the overall tumor response. Of particular interest are the bystander/abscopal
effects [47]. The bystander effect refers to the induction of biologic effects in cells that are not
directly traversed by charged particles but are located close to cells that are. Studies using micro-
beam irradiation have shown that nearby cells not directly targeted by radiation can be killed,
presumably due to the release of cytotoxic molecules into the medium [34], [48], [49]. While these
effects have not yet been ubiquitously embraced, their mounting evidence provides ample

motivation to consider response models outside the traditional standard.

At this point it should be apparent that tumor environments are highly complex and warrant a
more detailed examination. Some imaging techniques have been developed, such as various
functional MRI sequences and PET imaging tracers that allow exploration of intra-tumoral
heterogeneity [50]. Some such as [*®F]Fluoro-2-deoxy-2-d-glucose (FDG) or O-(2-
[*8F]Fluoroethyl)-L-tyrosine (FET) allow for differentiation of different levels of tumor activity, while
others, for example 6Cu(ll)-diacetyl-bis(N4-methylthiosemicarbazone) (Cu-ATSM), allow imaging

of tumor hypoxia.

The ability to visualize different sub-volumes of tumors has in turn led to studies exploring
heterogeneous dose prescriptions such as dose painting, where these sub-volumes are
preferentially targeted with higher doses [51], [52]. Such approaches are not yet widely
established, in part due to the lack of validation in clinical studies and uncertainties regarding
appropriate prescription [53]. Consequently, the ideal dose distribution that RT should aim to

achieve has not yet been sufficiently explored in clinical trials.
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2.1.6 Physics uncertainties

Finally, there is uncertainty in the delivered dose distribution that arises from approximations and
inaccuracies used in treatment planning and beam modeling, such as using depth-independent
kernels [46], [54]. These uncertainties were considerable in the past, when computational power
was limited and more simplifications were necessary to ensure tractability, but modern computers
and commercial planning systems can achieve very high accuracies. Monte Carlo simulations in
particular are the widely accepted gold standard, and they can achieve highly accurate dose
calculations. Improvements in algorithms resulted in much faster calculations while maintaining
very accurate doses. For example, Acuros dose calculation algorithm (Varian Medical Systems,
Palo Alto, CA) achieves dose accuracy within 2% even in tissues with varying density such as
lung [55]. Proton and patrticle therapies are subject to somewhat different uncertainties, including
particle range uncertainties and a different formulation of positioning or depth uncertainties, but
they are still modeled to a high precision [56]. For today’s treatment planning, AAPM TG 142
specifies that the delivered dose should have at least a 95% probability to be within 2% of the
planned dose for all dose voxels [57], and studies have shown that dose inaccuracy of <1% is
often achieved [58]. As these uncertainties are comparatively small when compared to previous
categories, an in-depth analysis of their effects was not considered for the work we present in this

thesis.

2.2 Treatment planning

In the early days of radiation therapy planning, dose plans were created using the so-called
“forward planning”, where planning starts with the desired beam number, direction and dose that
should be delivered to a volume and then calculates forward what the final dose within the
geometry will be and whether it meets all the requirements. With the development of intensity

modulated radiation therapy (IMRT), a process of “inverse treatment planning” became prevalent.
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In inverse planning, the desired solution is known, and then the algorithm works backward to find
the beam parameters needed to achieve it, or a solution sufficiently close to it. The inverse-
planning process works iteratively to determine optimal beam shapes and fluence patterns to
achieve a desired dose distribution. A schematic representation of this process, as shown in ICRU

report 83 can be seen in figure 2.
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Figure 2: Comparison between traditional (left) and IMRT (right) optimization processes.

Adapted from ICRU report 83 [3].

Example optimization goals could be minimum or maximum doses to the target volumes,

maximum doses to organs at risk (OAR), or various dose-volume specifications (e.g. no more
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than 20% of the total lung volume should receive more than 20 Gy). These can be combined into
a mathematical objective function that calculates a single value representing the “goodness” of
the dose plan. The optimization procedure iteratively searches for the solution minimizing the cost
or maximizing the “goodness” of the dose plan. Due to the iterative nature of this optimization
approach, there is no guarantee that a globally optimal solution is obtained. The person
performing the dose planning is expected to adjust the weights — the values assigned to different

competing objectives - to achieve a desired compromise between different goals.

As it has been shown that the optimal radiation pattern from any single direction is typically non-
uniform [40], [59]-[61], the beam is often split into smaller sub-units called “beamlets”, which can
be independently weighted. This is the defining characteristic of IMRT. This allows better
conformity while still maintaining target volume dose uniformity. This also opened the way for non-

uniform dose distributions, such as simultaneous integrated dose boost techniques [62], [63].

2.2.1 Robust Optimization (RO)

Optimization of a problem with uncertainty in input parameters can be performed in multiple ways.
In Classical RT optimization, a dose distribution is sought where the therapeutic dose is delivered
to a volume that is larger than the expected target volume, an approach that tends to be over-
conservative and necessarily increases the radiation exposure of healthy tissue and organs-at-
risk [64]. An alternative approach is robust optimization (RO), a field of optimization theory that
deals with optimizing problems in the presence of input parameter variability. RO searches for
solutions over a range of “scenarios” — realizations of the problem with different starting
parameters and evaluating the performance of a solution over all scenarios. While this can provide
a solution that is less-than-optimal in the idealized scenario, such solutions perform consistently

well even when subject to uncertainties [65].
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The origins of RO date back to the 1950s and the use of worst-case analysis and Wald’s maximin
theorem, where decisions are ranked based on their worst-case outcomes. In other words, the
optimal solution is the one with “the best worst-case-outcome”. In mathematical terms, this is

described as

N
f(x) = max Z (wj -fj(q,d(x, s))) (2.1)
j=1
For:
v := max(min f(d, s)) 2.1

Where f(x) is the objective function for a set of values x to be optimized, w; is the weight assigned

to optimization objective j and f; is the penalty associated with said objective.

Robust optimization became a discipline of its own in the 1970s, with developments in other
scientific and technological fields. Most notably, RO is being used extensively in intensity
modulated proton therapy (IMPT), where the dose cloud approximation does not perform well due
to the Bragg peak shape of dose deposition [65]. As small variations in initial parameters, such
as stopping power, can lead to much larger changes in dose deposition when compared to photon
beams, robust and probabilistic optimization methods have been developed that directly
incorporate motion and uncertainty into treatment plan optimization. Some commercial planning
systems have already implemented robust planning methods for IMPT, making them available for

clinical use.
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2.2.2 WiscPlan

While some commercial planning systems (TPS) have started implementing RO functionality,
open-source TPS offer better access to their low-level algorithms and better opportunities for
modification and expansion. For this reason, we selected our in-house developed TomoTherapy

TPS WiscPlan as the framework for our probabilistic target definition and planning [66].

WiscPlan can use various formats of patient’'s CT imaging and contours to generate patient
geometries. The user can specify the target region of interest (ROI) and perform the x-ray dose
calculation using a convolution-superposition (CS) algorithm. TomoTherapy is known for its
helical delivery of radiation, where the x-ray source rotates around the patient, which allows for
delivery of highly complex plans that would be difficult to achieve on a different modality [67], [68].
For optimization purposes, the doses are calculated for 51 discrete angles around the central axis
per gantry rotation, corresponding to about 7° of movement of the source. In addition, dose is
calculated independently for each beamlet — a part of the beam corresponding to one of the 64

binary multileaf collimators (MLC) that shape the beam profile.

As the MLCs are binary and can open and close very quickly, it is possible to modulate the
beamlet doses independently. For practical purposes, some limits on this modulation are usually
set, in terms of a modulation factor, which is the ratio between the maximum and the average

dose in all beamlets.

2.3 Handling of planning uncertainties today

Delivering radiation therapy in the presence of uncertainties is a fundamental challenge in clinical
RT medical physics, and it is no surprise that hundreds of publications exist on the topic. To get

a summarized understanding of the history and current guidelines, reports of the International
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Commission of Radiation Units (ICRU) serve as an excellent review and backbone for most such

publications, and we will start our review with these reports.

2.3.1 ICRU 29

The first ICRU report to tackle the topic of target definition and reporting was ICRU report 29:
Dose specification for reporting external beam therapy in photons and electrons [69]. While it was
primarily concerned with good reporting practices, it did include a definition of Target Volume,
which was a volume containing those tissues that are to be irradiated to a specified dose. It
defined that target volume “... consists of the demonstrated tumor(s), if present, and any other
tissue with presumed tumor”. On top of that, the Target Volume had to account for expected
movement, variations in shape and size and inaccuracies or variation in treatment set-up during

treatment, effectively defining what we know today as the PTV.

ICRU report 29 also defined “Treatment Volume”, which is the entire volume receiving at least the
same absorbed dose as any part of the target volume, and Irradiated Volume, which receives a
“significant” dose in relation to tissue tolerance, such as 50% of the specified target dose. It also
introduced “Organs at Risk” as radiosensitive organs in or near the target volume, whose

presence influence treatment planning or prescribed dose.

As the majority of the 29-page report was dedicated to reporting the therapy, many questions
remained unaddressed. Most relevantly, it failed to provide any guidelines or definition on the
margins, or other methods of accounting for uncertainties, and left the question open to the reader.
Despite this, it still emphasized the importance of treating invasive disease and the need to deliver
sufficient radiation to the target under the presence of uncertainties, which paved the way for the

more specific target definition volumes presented in ICRU report 50 which are still in use today.
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2.3.2 ICRUS0

An update to ICRU 29 came when ICRU Report 50: Prescribing, Recording and Reporting Photon
Beam Therapy was published. It primarily aimed to create guidelines that would allow radiation
oncologists and physicists to create reports that would be consistent and contain sufficient
information to be clearly understood by their colleagues in other departments or institutions. It
stressed the importance of consistent parametrization, particularly in target volumes, to be used
for three purposes: prescription, recording and reporting. This way, consistent treatment policies
and improvisation could be done in the light of experience and facilitate communication and

comparisons between institutions.

Most notably, ICRU report 50 introduced several distinct steps and volumes that may be defined,
and it introduced the GTV, CTV and PTV volumes. A simple summary of these volumes can be

seen in figure 3.

Gross tumor volume

Clinical target volume

Planning target volume
—— Treated volume

L Irradiated volume

Figure 3: Schematic illustration of the different volumes, as per ICRU Report 50. Adapted from

[1].
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ICRU report 50 defined the GTV as the palpable, or visible, extent of the malignant disease, where
tumor cell density is largest. It is also the volume where adequate dose must be delivered to
achieve local tumor control. The GTV may be determined using different methods, such as clinical
examination or various imaging techniques. The report recognized that this may lead to
significantly different sizes and shapes, so therapists should indicate which methods have been
used for definition and evaluation of the GTV, but the report did not elaborate on the

consequences of such differences.

Next, the report introduced the CTV, which is defined as the volume that includes subclinical
involvement of the disease, such as individual malignant cells, small clusters or microinfiltrations
which cannot be detected by medical imaging or clinical examination. The CTV is defined as the
GTV with an added margin, or in cases where the GTV has been removed prior to therapy, it
could be a standalone volume. The CTV could also include volumes that do not contain
demonstrable tumor but with suspected malignant cells such as regional lymph nodes, potentially
resulting in multiple different CTV volumes. While margins were recommended as the way to
account for microscopic infiltration, the report acknowledged that the volume surrounding the GTV
often has a high tumor cell density close to the visible disease with decreasing density towards
the periphery. The report mentioned the possibility of using “boost” therapy which allows treating
the same volume with two different doses but did not otherwise expand on the consequences of

variant cell density on dose planning or optimization.

ICRU Report 50 set to define the PTV as “a geometrical concept defined to select appropriate
beam sizes and arrangements, taking into consideration the net effect of all the possible
geometrical variations in order to ensure that the prescribed dose is actually absorbed in the

CTV”. The PTV is used for dose planning and specification and can be related to the machine
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coordinate system. It is also worth noting that the definition of the PTV is identical to the previous
(ICRU 29) definition of “Target Volume”. Another key difference between CTV and PTV is that the
PTV is more of a utility structure that is helpful in planning, but does not exactly represent defined
tissues or tissue borders and may not receive the actually planned dose distribution — particularly
around the borders. The optimal PTV may depend on beam selection, anatomical location, patient
immobilization devices, target motion effects etc. It is also possible that a single CTV is assighed
multiple PTVs, such as for cases with very large CTVs where multiple fields have to be combined

to ensure coverage.

ICRU report 50 also maintained the definitions of “Treated Volume” as volume enclosed by an
isodose surface, appropriate to achieve the purpose of treatment, and “Irradiated Volume”, which

is the volume receiving dose considered significant in relation to normal tissue tolerance.

A new addition in ICRU Report 50 was also the guideline for homogeneous dose prescription,
which should be kept within +7% and -5% of prescribed dose, or else confirmation by the radiation
oncologist is recommended. However, the authors also recognized that this level of homogeneity
cannot always be achieved, and that sometimes higher doses can be found within the GTV where
they might even be advantageous. Higher heterogeneity is also accepted for palliative treatments
and for subclinical disease. While the use of maximum dose reporting was suggested, the report
also expanded on the concept that a clinically meaningful volume must be dosed as defined if its

minimum diameter exceeds 15 mm, except in smaller organs such as eyes or optical nerves.

ICRU report 50 introduced several key concepts that still today form the basis of any radiation
therapy treatment. While some aspects of the report are somewhat dated now, it is still a
remarkably relevant document, with the many concepts that it lays out still forming the backbone
of radiation therapy treatments around the world today. This is in part due to the commendable

foresight of the authors who, where the technology of 1993 was not yet fully developed,
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commented on the potential the future might bring, and kept the research paths open. One crucial

path was the publication of the ICRU report 62 that further expanded on the introduced concepts.

2.3.3 ICRU 62

Six years after the previous report, ICRU Report 62: Prescribing, Recording and Reporting Photon
Beam Therapy (Supplement to ICRU Report 50) was published. The aim of this publication was
to more accurately formulate the definitions and concepts, as well as update the report for the
considerable technical and clinical advancements. While more detail was provided across many
levels, the overall intention of guiding physicists and radiation oncologists to complete
comprehensive reports of radiation therapy treatments remained. It updateed and expanded the
target and OAR volume definitions, added the benefit versus complication question, split sources
of uncertainty into random and systemic, and introduced the conformity index. It also expanded
on reference points, coordinate systems, graphics and other elements, which are less relevant to

the work we describe in this thesis and will not be discussed in further detail.

The definitions of GTV ... the gross demonstrable extent and location of the malignant growth”,
and CTV “... volume that contains a demonstrable GTV and/or subclinical malignant disease that

must be eliminated.” remains similar to definitions in ICRU report 50.

While this report further detailed the probabilistic nature of microscopic infiltration, such as shown
in figure 4, and admitted considerable interest in the public for a more probabilistic approach, it
ultimately used these descriptions as steppingstones to obtain appropriate CTV margins and

failed to expand on truly probabilistic approaches to therapy.
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Breast cancers, pathologic sizes < 2 cm, n=130

Cumulative % of cases

Distance (cm) from the (pathologically estimated) reference tumor

Figure 4: Example of the distribution of tumor foci at different distances from the border of the
GTV. This figure shows the remaining proportion of cases with tumor foci at or beyond the
specified distance from the reference tumor.

A: No Tumor foci outside the reference tumor (41% of all cases)

B: Tumor foci within w cm of the reference tumor (17% of cases)

C: Noninvasive tumor foci extending farther than 2 cm from the reference tumor (28% of all
cases)

D: Invasive tumor foci extending farther than 2 cm from the reference tumor (14% of all cases)

Adapted from [2].

ICRU report 62 also further broke down the expansion of the CTV volume with two, instead of
one, margins and volumes. The first pair are the Internal Margin (IM) and Internal Target Volume
(ITV), which are intended to compensate for all variations in site, size and shape of the organs
and tissues contained in or adjacent to the CTV. Basically, this volume compensates for the

physiological changes in site or size, which are not easily controlled, and would be somewhat
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analogous to the proposed uncontrolled motion uncertainties. In some geometries, internal margin
is a very low value, such as in brain tumors that are encased in a rigid structure. The second
margin expansion would be the set-up margin (SM), that is intended to account specifically for
uncertainties in patient positioning and alignment of the beams during treatment planning and
delivery. As such, a set-up margin depends on each beam used, as well as the setup and

positioning equipment available.

When both margins are combined, the PTV is obtained. Since margins are used to compensate
for both random and systematic uncertainties, a quadratic combination approach is often
employed for this combination, however, this report expanded on the “theoretical concept” as
introduced in ICRU 50, and stateed that delineation of the PTV is a matter of compromise. As
such it is therefore the judgment and responsibility of the radiation oncologist and radiation
physicist, based on experience and judgment drawn from observation and evaluation of the risk
of failure, especially in cases where PTV and Planning Organ at Risk Volume (PRV) partially

overlap. A schematic representation of these combinations can be seen in figure 5.
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1 The arrow illustrates the influence of the organs at risk
on delineation of the PTV (thick,full line).

- Gross Tumor Volume (GTV)
Subclinical Involvement
- Internal Margin (IM)
I:] Set Up Margin (SM)
Figure 5: Schematic representations of the relations between the different volumes (GTV, CTV,

PTV and PRYV) in different clinical scenarios. Scenario A represents a conservative approach

with linear addition of IM and SM. As scenario A often leads to an excessively large PTV, a

smaller margin must be accepted. A quantitative approach (e.g. using the \/W) is only
relevant in optimizing the margin size, if all uncertainties and their o are known, i.e. such asin a
few sophisticated protocols. Scenario C represents a case where a nearby OAR dramatically
reduces the width of the acceptable safety margin, and it might be preferable to save the

patient’s quality of life, even with a somewhat diminished chance of cure. Adapted from [2].

While this updated PTV definition hints at it, ICRU report 62 also explicitly described cases with

a tradeoff between target underdosage and OAR overdosage, which, it recommended, should be
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balanced considering the patient as a whole, rather than as a purely radiotherapy driven decision.
For example, one must avoid overtreating patients, who will fail either locally, or at a distance, or
who have good prognosis due to successful treatment of the GTV. Therefore, it is a matter of
clinical judgement whether treatment of border tissues is justified. While the report acknowledged
the intrinsic trade-off between target underdosage and OAR overdosage, it left the decision on

how to balance the two up to the clinical experience.

2.3.4 ICRU 83

As technology kept advancing, and intensity-modulated radiation therapy (IMRT) became an
established concept, an update to the guidelines was needed. This led to ICRU Report 83:
Prescribing, Recording and Reporting Photon-Beam Intensity-Modulated Radiation Therapy

(IMRT) being published in 2010.

ICRU Report 83 primarily updated the guidelines to reflect the unique challenges associated with
IMRT treatments, such as the new opportunities made available by this technique, and with proper
reporting of these treatments. The report sought consistency with previous reports, keeping the
GTV-CTV-PTV paradigm and advising against introducing new volumes, such as biological target
volume, proliferative target volume and hypoxic target volume, since such concepts can already

be captured less ambiguously in the existing paradigm.

ICRU Report 83 primarily updated the reporting guidelines from previous reports. The main shift
was from dose reporting in only specific reference points, to dose-volume reporting, such as with
dose-volume histograms (DVH) and dose-volume descriptors such as Dy, or highest dose
delivered to at least V of volume. It also explored concepts such as the clinical and biological
metrics of tumor control probability (TCP) and normal-tissue complication probability (NTCP). It
also recommended using a remaining volume at risk (RVR) as all the volume within a patient not

captured by other regions of interest.
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While ICRU Report 83 did not give specific recommendations on PTV margins, it did provide an
overview of published methods to combine random and systematic uncertainties, which can be

seen in figure 6 and is explored further in the next section.

Author Region Recipe Comments
Bel et al. (1996) PTV 0.70 Statistical uncertainties only (linear
approximation)—Monte Carlo.
Antolak and Rosen (1999) PTV 1.65cr Statistical uncertainties only, block
margin?
Stroom et al. (1999a) PTV 2% 4070 95 % absorbed dose to on average 99 %
of CTV tested in realistic plans.
van Herk et al. (2000) PTV 2.5 % + 0.7 & (or more correctly): Minimum absorbed dose to CTV is
2.5% + 1.64 95 % for 90% of patients. Analytical
(o — o) solution for perfect conformation.
McKenzie (2000) PTV 254+ B+ o~ ) Extension of van Herk et al. (2000) for

fringe dose due to limited number of
beams. The factor 8 depends on the
beam organization.
Parker et al. (2002) PTV 3+ Je? + 39 95 % minimum absorbed dose and
100 % absorbed dose for 95 % of
volume. Probability levels not specified.
van Herk et al. (2002) PTV 25+ % +0.70 + 3 mm (or more Monte Carlo based test of 1 % TCP
cnrr‘-:zctly):\/'2.7222 1.6%20% — 2.8 mm loss due to geometrical errors for
prostate patients, fitted for various

oand X,
Ten Haken et al. (1997), PRV (liver and lung) 0 No margin for respiration, but
Engelsman et al. (2001a, 2001b) compensation by absorbed-dose

escalation to iso-NTCP, reducing
target-dose homogeneity constraints.

McKenzie et al. (2000) PRV A Margin for respiration on top of other
margins when respiration dominates
other uncertainties.

van Herk et al. (2003) PRV (lung) 0.25 A (caudally); 0.45 A (cranially) Margin for (random) respiration
combined with random setup error of
3 mm SD, when respiration dominates
other uncertainties (A > 1cm).

McKenzie et al. (2002) PRV 1324050 Margins for small and/or serial organs
at risk in low (+) or high (—)
absorbed-dose region.

Symbols: X, standard deviation of systematic uncertainties; o, standard deviation of statistical (random) uncertainties; o, describes
width of beam penumbra fitted with a Gaussian function; A, peak-to-peak amplitude of respiration.

Figure 6: Summary of various published recommendations for margins around target volumes

(CTV) and OAR. Modified from [3])

2.3.5 Combining uncertainties

For clinical treatment planning, simplicity in workflow is desirable, and different sources of

uncertainty are typically combined into a single target volume that should ideally capture them.
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While GTV to CTV expansion depends considerably on previous experience and knowledge of
the disease, as well as various clinical parameters, the CTV-to-PTV margin requirements have
been extensively explored. An excellent summary of different ways of performing this combination

is presented by Marcel van Herk in his 2004 publication [70].

Consistent with the ICRU reports 62 and 83, uncertainties are classified as random (type A) and
systematic (type B). Of the two, systematic errors have been consistently found to be much more
important in affecting the final dose, since random errors cause a relatively predictable blur in the
dose distribution, whereas systematic errors cause its shift relative to the target. The best way of
combining uncertainties is not a straightforward question, since they are typically not correlated,

and a linear addition of their standard deviations is not correct.

Several margin recipes have been published: Bel et al. showed that a margin for random
deviations of 0.7 times their standard deviation (SD) is adequate to keep a 95% dose coverage
[71]. Aaltonen et al, derived that a factor of 0.5 to 0.7 times the SD is a sufficient margin, based
on biological modeling [72]. Killoran et al. introduced the concept of probability of prescription

dose, which can be described for each ROI [73].

Some groups expanded on the probability approach and explored the use of coverage probability
matrices to derive margins. Stroom et al. in 1999 provided a margin recipe based on coverage
probability, using 2 times the total SD of systematic uncertainties () plus 0.7 times the total SD
of random uncertainties (o) to ensure 99% of target volume receives at least 95% of the
prescribed dose, statistically [74]. A variation on this approach was published by van Herk et al.
in 2000, which used dose population histograms to derive a margin recipe to guarantee that 90%
of patients in the population receive a minimum cumulative dose of at least 95% of the prescribed
dose [75]. This very popular formulation can be described as 2.5% + 0.7 ¢ and is commonly

known as “the Van Herk equation”. An updated variation was published by van Herk et al. two
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years later, based on Monte Carlo simulation that was based on 1% TCP loss due to geometrical
errors for patients with prostate cancer. Many other variations of the concept followed, with overall
agreement that adding different random errors should be done quadratically, same as for
systematic errors. Combining the two resulted in many different recipes, but overall systematic

errors were assigned 3-4 times larger contribution to the margin than random errors.

2.3.6 Probabilistic planning

With the continued improvements in imaging data and planning capability, more complex
approaches to incorporating uncertainties in radiation therapy started to appear. In 2005 Chu et
al. presented a margin-less approach to planning using robust optimization through different
scenarios of positioning errors rather than margins [76]. In 2006, Chan et al. presented a different
margin-less approach to create dose plans for tumors in the thorax and abdomen robust to
breathing motion [77] and presented dose distributions featuring “horns” - increases in dose near
the edges that help ensure adequate coverage of those edges in the presence of uncertainties.
In 2007, Unkelbach et al. expanded probabilistic planning to intensity-modulated proton therapy
(IMPT) [78]. There, the strongly nonlinear dose deposition presents challenges that are not well
addressed using the margin approach, and probabilistic planning quickly became the preferred
planning approach [65], [79]-[81]. Various implementations of probabilistic incorporation of
uncertainties were also developed for IMRT, such as [82]-[84], accounting for uncertainties using
various probability-weighted optimization functions. An excellent review of these approaches was
published in 2018 by several of the key authors on this topic [7], where they summarize key

studies over various disease sites and implementations.

2.3.7 Probabilistic target definition

While the GTV-CTV-PTV paradigm introduced by ICRU reports allowed for simple and consistent

planning, it also oversimplified the heterogeneity and complexity exhibited by tumors [17], [40],
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[42], [85]-87]. In 2001, studies using “slow” CT scans to capture tumor motion during
radiotherapy presented an early “probabilistic” description of tumor [88]. Studies investigating
tumor growth via modeling embraced the probabilistic descriptions as well, since they were not
directly limited by the requirements of radiation therapy, such as works by Swanson et al in
patients with glioblastoma [20], [21]. In recent years, several publications from Massachusetts
General Hospital explicitly proposed using a probabilistic target definition over the classical target

volumes [89]-[91].

2.4 Current shortcomings

While handling of uncertainties in radiation therapy is a popular, and often researched subject,
there are still considerable uncertainties and inconsistencies present. The ICRU reports
established a well-defined set of volumes which standardized dose prescription and reporting and
greatly facilitated radiation therapy comparisons between different research centers. However,
they also refrained from defining a single recipe for calculating margins. This led to several
publications with different recommendations on how exactly to calculate margins in different
disease sites. Additionally, most of these recommendations do not intrinsically account for cases
where these margins would overlap with OAR and often defer to the clinical experience of the
radiation oncologist. This typically involves defining smaller target margins close to OAR, with the

justification that cancer cells are less likely to be present further away from the tumor.

In addition, whether the CTV receives the prescribed dose depends on the dose distribution,
rather than just geometric margins. In reality, dose distributions are neither perfectly conformal
nor equally conformal on all sides of the CTV, and the optimal margin may be anisotropic.
Depending on the dose distribution, a margin may not be needed in some regions, while the same
margin may be insufficient in other regions. Margins also fail to balance tumor coverage and OAR

sparing, which may be especially crucial for target close to sensitive serial organs (e.g. the spine).
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While prescribing multiple dose levels to the same target is possible using the classical ICRU
approach, it is cumbersome, as it involves defining multiple CTVs. Using the classical planning
approach for integrated boosts may also lead to overly conservative plans that would deliver

excessive doses to the target and healthy tissues alike.

Probabilistic target definition may include the answer to some of these challenges, and sufficient
work has been performed in disease modeling to justify it as a method [89]-[91]. However, very
few works have so far attempted to combine probabilistic target definition with a probabilistic
approach to treatment planning. One exception is a publication by Sterpin et al., where they
explore robustness evaluation strategies for statistically consistent reporting in a population of

patients with head-and-neck cancers receiving homogeneous dose prescriptions [92].

In this thesis we seek to address some of these gaps, by presenting a probabilistic target definition
and planning approach in multiple disease sites and including heterogeneous disease sites. To
present the method, we first apply it to patients with glioblastoma that received test-retest imaging,
allowing us to perform our own evaluation of imaging uncertainties, presented in greater detail in

the next chapter.
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3 Probabilistic Target Definition and Planning (PTP) Methodology

In this chapter we present the theoretical framework of the methodology used in this thesis. In

Section 3.1 we perform a high-level introduction of the approach. In Section 3.2, we examine in

further detail the probabilistic tumor volumes, and in section 3.3 we discuss the implementation

of the PTP optimization. Section 3.4 is dedicated to a review of probabilistic dose reporting

metrics.

3.1 PTP Introduction

Probabilistic target definition and planning (PTP) is a novel treatment planning approach

incorporating probabilistic, non-binary target definition and robust optimization to create radiation

therapy dose plans. The general workflow of this proposed planning approach can be seen in

figure 7.
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Figure 7: Schematic outline of the main sections of the new RT workflow, based on proposed

ICRU guidelines. The key difference from previous guidelines is the use of probabilistic target

definition and probabilistic planning. First, all relevant uncertainties need to be quantified in the
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pre-planning phase. After patient data acquisition, tumor and normal tissue probabilistic maps

are created and used to optimize the treatments.

In probabilistic planning, rather than using binary target definitions, we use “tumor likelihood
maps” or TLMs. These are 3D matrices containing a hon-binary description of disease presence
that allow for a continuous description of disease likelihood, where any value in the range [0,1]
can be assigned to a voxel. TLM is composed of two components: gross tumor likelihood map

(gTLM) and microscopic tumor likelihood map (miTLM).

Equivalent to classical planning, the PTP approach requires a quantification of all relevant
uncertainties to be performed. These can be sourced from literature or evaluated specifically for
the considered implementation. Rather than use binary target volumes to describe disease
presence, probabilistic volumes are used to describe gross and microscopic disease presence.
These tumor likelihood maps can either be used in treatment planning directly, or first converted
into Target Maps, where the values do not represent the likelihood of disease presence directly,

but are adjusted to better achieve a desired dose distribution.

To account for motion and residual positioning uncertainties such as accurate patient placement,
a robust optimization (RO) approach is used, with scenario selection using multiple reality
realizations. This allows for a plan optimization with non-uniform dose prescriptions while
simultaneously considering the trade-offs between target and OAR coverage based on user

determined optimization weights.

This approach represents a paradigm shift which allows us to move away from simplistic
volumetric expansions and traditional optimization. It also allows for creation of non-uniform dose

plans and an intrinsic way of defining trade-offs in cases of nearby organs at risk.
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3.2 Probabilistic volume mapping

3.2.1 Gross tumor likelihood maps (gTLM)

Gross tumor likelihood maps (gTLM) are 3D matrices containing a non-binary description of
disease presence. Unlike the before-mentioned GTV/CTV/PTV volumes that are binary by nature,
gTLMs allow for a continuous description of disease likelihood, where any value in the range [0,1]
can be assigned to a voxel based on medical imaging provided source information. This step is
analogous to defining GTV in the classical planning workflow; however, with the continuous

values allowing for more information than the binary definition used for classical planning.

gTLM mapping can be performed manually, using multiple different probability levels, or as a
computer-based numerical analysis. In the latter case, a range of functions could be used, as
long as the function converts the input values to a range not exceeding [0,1]. For example, in
Chapter 4 we use a cumulative distribution function of the normal distribution (i.e. the Gauss error
function). Other linear, exponential or polynomial functions can also be used, as well as
multiparametric functions combining information of multiple different imaging modalities or other

sources of information.

In this thesis we mainly focus on using continuous TLM values, however this mapping could also
be performed using a few discrete probability levels. As a limiting case of binary probabilities, just

0 or 1 values could be used, equivalent to the traditional GTV segmentations.

3.2.2 Microscopic tumor likelihood maps (miTLM).

Similar to gTLM for visible disease, microscopic tumor likelihood maps (miTLM) are probabilistic
representations of expected extent of microscopic infiltration. By definition, microscopic infiltration
is a process on a microscopic level where malignant cells infiltrate nearby tissues in a

concentration insufficient to be visible on medical imaging. Previous studies in various disease
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sites have evaluated this process and found that the infiltrations follow an approximately
exponential shape [6], [93]. Additional guiding principles for the algorithm have been identified,

as summarized below:

1. The method needs to be probabilistic. It should be able to accept non-binary disease maps
as input and similarly output non-binary maps showing probability of disease presence.

2. The method should not decrease the probability of disease in gTLMs or increase their
values above 1.

3. The method should not allow tumor infiltration into anatomical constraints like air cavities
or bone for nearby soft tissue tumors. The method needs to be able to take as input the
information about these invalid zones and calculate miTLM accordingly.

4. The method should not allow the tumors to “tunnel” through obstacles. For example, we
would not expect a tumor contained within the skull to be able to penetrate bone, unless

a gap in the bone is present.

While these four guidelines represent a reasonable example model, some diseases might require

exceptions, such as disease in boney sites.

Some of the common shortcomings of miTLM derivation have been identified. For example, using
simple convolution methods modifies the values within the tumor (figure 8a). Using a more
generalized volume expansion approach generates tumor presence in volumes where we would
not expect the tumor to be present, such as bone or nearby air cavities (figure 8b). Correcting
only the values within the mask of illegal expansion generates cases where a tumor might seem
to be penetrating through anatomical constraints, and generate tumor presence on the other side,

where it is not expected (figure 8c).
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Figure 8: Example shortcomings of insufficient methods of calculating miTLM. Example a)
shows the infiltration model using convolution where values within gTLM have been reduced
below those of the initially defined disease in comparison with figure 22. Example b) shows
mMIiTLM expansion using simple exponential expansion that expanded into skull. Image c) shows
a case where illegal volumes (bone and air) have been corrected for, but the method allowed

disease “tunneling” though a bone obstacle.

One of the methods developed in this work that meets the guidelines described above is based
on iterative region growing. This expansion accepts a gTLM, a mask of invalid anatomical
volumes generated by thresholding the CT image, and a range of microscopic infiltration as

identified from literature [20]-[22] as inputs, and calculates miTLM.

In the first step, the gTLM values are adjusted to account for likelihood of nearby infiltration. The
likelihood of disease presence in a voxel is set to the maximum of either the initial gTLM value in
that voxel, or the likelihood of infiltration from any of the nearby voxels with higher disease value,
adjusted for distance. This is performed in all voxels of nonzero gTLM and their immediate
neighbors. This smooths out the gTLM values, especially in areas where voxels of low likelihood
of tumor presence exist close to voxels of high likelihood of tumor presence. An example of this

procedure can be seen in figure 9.
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Figure 9: Initial gTLM of an example glioblastoma lesion (left) and the 1% iteration of calculating
the miTLM (right). The same example voxel is shown with a white frame on both images.
Despite starting with a lower TLM value than its neighbors, the map is smoothed out due to the

proximity to the highest probability region (dark red).

Next, an outer layer of new nonzero miTLM voxels that are not defined as anatomical constraint
obstacles by the CT mask is identified. For every voxel in this new outer layer, the new miTLM
value is calculated based on the previous outer layer miTLM values and distances from every
nearby voxel, as shown in figure 10. Layers are added until the desired precision is achieved. As
layers are added, each new layer is based on the existing outermost layer, allowing only infiltration
from immediately adjacent volumes. This prevents “tunneling” of the tumor through different

tissues.
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Figure 10: Five iterations of calculating a gTLM+miTLM map shown on an axial CT slice of a

patient with glioblastoma. In each iteration, only miTLM values in the immediately neighboring
voxels are calculated. The expansion is performed in 3D, allowing for infiltration in

superior/inferior directions.

3.3 PTP optimization and objective functions

For classical optimization, a uniform dose is prescribed to the entire planning volume and
optimized using an objective function. While different functions may be used, a common
implementation is using linear quadratic penalty functions for different objectives, mathematically

formulated in the general form as:

N
G = (- fi(a.d@)) 3.1)
j=1

for:
0 <x <mf-x (3.2)

where jis an optimization objective, wjis the optimization weight for objective j, £ is the objective
penalty function, gis the prescription dose, d(x) is the dose calculated for beamlet weights x; and

mfis the modulation factor.
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For probabilistic optimization, we used a minimax RO formulation to calculate the objective
function value [80], [94]. We implemented a static dose cloud and a supervoxel volume grouping
with ROl-variant density to reduce the computation burden and help with the tractability of the

optimization. Mathematically, the minimax RO objective function is of the form:

N
fx) = Z (Wj * max {f’j(q, d(x, s))}) (3.3)
j=1

while still adhering to the modulation constraint of equation 3.2. The variables are the same as in
equation 3.1, and the newly added variable s represents scenarios considered. For the scenario
selection, we used a “good practice scenario selection” approach [95], using 2 mm shifts in the
six cardinal directions to account for positioning uncertainties, analogous to the 2 mm CTV-PTV

expansion in the classical case.

For PTP approach we developed an expansion of the RO, where we used the voxel-level TM
values to adjust the objective function within the target volume. Where the penalty function for the

optimization goal j0, setting the minimal dose to target, is of the form:

N;
F'j0(a:dCe9)) = ) (TM() - (min(Dy Drep jo) = Drey.jo)’ B
i=1

Here 7TM represents the value of the target map in voxel j, based on the likelihood of disease
presence, D;is the achieved dose to that voxel, and D..ris the desired dose in that voxel. While
we used a homogeneous dose prescription in this case, it is worth pointing out, that this

formulation is intrinsically compatible with heterogeneous dose prescriptions, such as dose
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painting. From the equations 3.3 and 3.4 it is also apparent that if a uniform TM is used, PTP

optimization is simplified to standard RO.

For all optimization, we set a maximum modulation factor of 5 for all plans and objectives. We
used the same relative optimization weights for plans optimized with the classical and RO
approaches. We iterated the optimization process until a threshold step size was reached, or for
a maximum of 100 iterations, and we observed convergence to a stationary point in all

optimizations where the optimization did not converge within this frame.

It is important to note that penalty functions other than linear quadratic can be used in PTP. We
presented the methodology using these penalty functions for ease of understanding, but other
functions, such as linear, exponential, and step-quadratic have also been implemented and tested

for different implementations.
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3.4 Plan Reporting

Currently established evaluation procedures feature a limited exploration of plan robustness and
generally do not provide confidence levels on their dose metrics. In the presence of uncertainties,
doses to different volumes can change considerably. Reporting not only the nominally expected
dose, but also the range of such values over the range of expected realizations of uncertainties,

would provide insight on the robustness of a plan to such uncertainties.

Some existing studies have introduced different ways of incorporating uncertainty information into
dose plan reporting. In this section we summarize different existing ways of probabilistic dose

reporting, and introduce a new dose metric — the QV maps.

In this section we first discuss evaluation scenario selection. Evaluation scenarios, in general, can
be different from planning scenarios, since evaluation presents less of a computational burden
than optimization. Regardless of which scenario selection method is used, it should be reported

clearly, as it may affect the report metrics.

In the second section, we review several existing dose reporting metrics: Dose benchmarks and
ranges, DVH clouds and QV histograms. We also introduce an additional metric: QV maps, which

represent adherence to desired dose optimization goals.

3.4.1 Scenario selection

The first question is proper evaluation scenario selection — what realizations of uncertainties will
the plan be evaluated for [54], [96]. An excellent summary can be found in Sterpin et al. [92]. A

summary of the different scenario selection approaches can also be seen in figure 11.
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Figure 11: lllustration of the scenario selection approaches in a 2D slice (a)-(c), or projection (d),
with each dot representing a simulated scenario. Adapted from [92]. As the article considered
proton plan evaluation, RU represents range uncertainties, but the principles remain the same. In
(d) red dots represent selected dose distributions, black dots the discarded distributions (for when

the total sampled uncertainty was greater than the predefined limit).

3.4.1.1 Nominal scenario evaluation
Nominal scenario evaluation refers to the results obtained when evaluating a dose plan on the
original, un-modified geometry. This returns a single value, and as such it does not capture any

variation in results, but it is the most intuitive reporting and is easily understood due to its similarity
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to current practice. It should be noted that such evaluations would typically still be performed on

the CTV, rather than the PTV volume, which could lead to slightly different results.

3.4.1.2 Good practice scenario selection

Good practice scenario selection refers to a setup where the CTV to PTV margin is replaced with
a systematic setup error of comparable magnitude. This results in a few scenarios being
evaluated, depending on uncertainties considered. For example, for positioning uncertainties,
shifts in the cardinal directions may be considered, resulting in 7 scenarios, including the nominal

case. In proton planning, range uncertainties may be added, resulting in up to 21 scenarios.

The advantage of this approach is that due to relatively low number of scenarios considered it is
comparatively easy to calculate. It also offers clear parallels that can be drawn to classical
planning using margins. Its main disadvantage is that is represents a coarse sampling of
uncertainty space, and consequently the confidence intervals are not as accurate as when

obtained with more advanced methods.

3.4.1.3 Statistically sound scenario selection

In statistically sound scenario selection, scenarios are sampled uniformly on the hyper-surface of
an isoprobability sphere. In other words, scenarios are sampled so that they represent the border
surface for a confidence level a in any of the parameters or a combination of multiple parameters.
Due to the added combination of multiple uncertainties, this approach requires a larger number
of scenarios to be considered in order to adequately sample the uncertainty space. Additionally,
hyper-spheres with multiple (reduced) different radii can also be considered to populate not only
the surface of the largest sphere, but also some internal points, representing scenarios that are
better than the worst-considered case. The advantage of this method is a more accurate

evaluation of possible scenarios but at the downside of higher computational cost.
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Statistically sound scenario selection and statistically sound dosimetric selection also require the

user to correctly adjust for additional dimensions of uncertainty (such as radiation range, rotations,

tissue density, etc.). The isoprobability surface of the hyper-sphere defining the hyper-volume that

needs to be considered depends on the number of degrees of freedom, assuming a constant

confidence interval a. For example, in 3-dimensional error space, a sphere that encompasses

90% of all scenarios would have a unit radius of 2.5, as is also used in the famous van Herk

equation [75]. In 4-dimensional errors space, the radius of the hyper-sphere increases to about

2.8 to maintain encompassing 90% of all scenarios. A visual representation of this dependency

on the number of dimensions can be seen in figure 12.
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Figure 12: Left: examples of cumulative probabilities for isotropic multi-dimensional independent

normal (Gaussian) distribution. Decrease of the cumulative probability using the same L2-norm

can be seen as the number of dimensions increases. Right: the radius dependency on the number

of dimension in order to ensure a confidence level (CL) of desired size. Adapted from [92].
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3.4.1.4 Statistically sound dosimetric selection

In statistically sound dosimetric selection, scenarios are randomly sampled according to the pdfs
of the uncertainties. This can be done through an analytical tool, or Monte Carlo sampling. This
results in a method that most accurately models real behavior, as well as enabling an evaluation
of the confidence interval in the dosimetric space. This, however, comes at a price of simulating
a large number of scenarios in order to get the necessary statistics. For example, in the work of
Sterpin et al. 1000 scenarios were simulated for each evaluation, resulting in slightly more
accurate dose reporting but requiring the use of powerful hardware that may not be readily

available.

3.4.2 Dose reporting metrics

3.4.2.1 Dose benchmarks and ranges

Once the desired scenario selection method is chosen, reporting the uncertainty information in
dose planning becomes possible. One way of reporting is using established dose metrics and
adding ranges of values evaluated over the scenarios. An example of that would be using the
“‘nominal [min-max]” notation, where the dose metric evaluated on the nominal scenario is
reported first, and then the minimum and maximum values over the scenarios. Reports of average

and mean values can also be added or used in place of the nominal value.

3.4.2.2 DVH clouds

Dose-volume histograms have been introduced by Shipley et al. in 1979, and have been an
invaluable tool for dose reporting ever since [97]. An expanded version of the DVH are the DVH
clouds, where multiple DVH are overlaid on top of each other, resulting in either a group of lines,
each representing a single scenario, or a band representing a range of values [54], [76]. While a

band width equal to the standard deviation of the data at that point could be used, dose distribution
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across scenarios does not necessarily follow a Gaussian function, and therefore standard

deviations may not be accurate representations of uncertainties.
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Figure 13: Dose-volume histogram cloud for 100 simulated treatments for a patient with prostate
cancer. Here, the DVH cloud is presented with an overlay of different lines, rather than a min-max

band. Adapted from [76].

3.4.2.3 QV histograms

While DVH help presenti the relationship between the absolute dose and volume, such
comparisons are less useful in cases of heterogeneous dose prescriptions, as it is not clear what
part of the volume receives a higher or lower dose. One way of addressing that is with Quality-
Volume histograms (QVH) [98]. This method defines “quality” as the ratio between the planned

and prescribed dose:

(8.1)
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This way, each voxel is normalized to the prescription before any evaluation is being made,

allowing for easy-to-use and intuitive representation of results.
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Figure 14: QV histogram of the PTV for example plan. Adapted from [98].

One can also summarize the overall adherence of a volume to a prescription using the quality

factor (QF). This is defined as the average absolute deviation of the quality value from 1.

Mathematically this is formulated as:

Where p is each voxel within the VOI, and n is the total number of voxels in the volume.

3.4.2.4 QV maps

1
oF =~ |0, — 1]
14

(8.2)

Extending the same principle to images of dose distributions, it is also possible to visualize

planned dose, normalized to the prescription, or “QV maps”. This way it is possible to retain the

spatial information, as well as the dose relative to the prescription. Examples of QV maps can be

seen in figure 15.
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Figure 15: Example dose map (a), and QV maps for left and right parotid glands (c, d), and oral

cavity for a patient with head and neck cancer.

Using this visualization, it is easy to see the areas where the delivered dose is higher than the
norm — such as in the interior and posterior edges of the parotid glands that are closest to the
target volume, or the posterior volume of the oral cavity, as indicated by the red volume. However,
it is important to keep in mind that the QV maps will strongly depend on the reference dose value
used, which in this case was the maximum mean dose to the volume allowed. As such, these ROI

still met the planning objectives despite the red colored areas.
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4 PTP Implementation — Step 1 - Uncertainties

The first step in the proposed treatment planning approach, as seen in figure 7, is quantification
of uncertainties, initially as an input to defining tumor likelihood maps, typically based on imaging.
These uncertainties have been evaluated for several imaging modalities and could be used as a

starting point for the proposed probabilistic target definition and planning (PTP) [18], [99]-[101].

However, as an example for the purposes of this thesis chapter, we sought to apply PTP in an
anatomical site with limited uncertainties to facilitate validation of the approach. We additionally
wanted a dataset imaged with an imaging modality where imaging uncertainties have not yet been
evaluated, to demonstrate how the magnitude of such uncertainties can be obtained from imaging
data. We chose to implement it in a population of patients with glioblastoma, who were imaged
with a less common radiotracer *®F-fluoro-ethyl-tyrosine (FET), whose test-retest characteristics
have not yet been sufficiently analyzed. Brain anatomy is also comparatively simple and does not

suffer from large positioning or organ motion uncertainties.

The purpose of the work we present in this chapter is to test our methodology in a case with
limited number of uncertainties. In brain, motion uncertainties can be neglected, and residual
positioning uncertainties can be acquired from existing literature. In this case imaging
uncertainties were unknown, but could be measured. As such, we sought to quantify imaging
uncertainties on a new tracer and evaluate the first of the uncertainties presented in figure 7, to
be used in probabilistic target definition. While different methods of uncertainty quantification than
ones presented in this work may be more appropriate for other imaging modalities, the concepts
presented can still be used as general guidelines for performing imaging uncertainty

guantification.

4.1 Motivation
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Gliomas are the most common malignant primary brain tumor, of which glioblastomas (GBM)
constitute about 70% [102]. They are also the most aggressive type of brain tumor, with median
survival under 12 months [103], [104]. The current gold standard treatment for GBM consists of
surgery followed by radiation therapy (RT) with concurrent and adjuvant chemotherapy [19]. While
maximum resection of the tumor is usually attempted, functional impairment and quality of life
have to be considered when determining the aggressiveness of resection [105]. Thus for both
surgical and RT planning, accurate delineation of disease volumes is highly important. Accurate
guantification of a physiologically active tumor may allow high dose RT to be appropriately

targeted while minimizing risk to healthy tissue [106].

RT planning target volumes are derived using functional [107], [108] or CT-MRI fusion images
[19]. A promising tracer for imaging GBM is 8F-fluoro-ethyl-tyrosine (FET). It is an artificial amino
acid PET tracer developed in the late 1990s that has preferential uptake in malignant cells with
increased expression of amino acid transporters, but is not incorporated into proteins [109]-[112].
FET uses a similar biological mechanism as the longer established [*C]-methyl-L-methionine
(MET), with the advantage of the longer lived [*®F] isotope [113]. FET has been shown to have
excellent performance for diagnosing primary brain tumors, including volumes not visible on MR,
as well as for survival prediction [106], [110], [114]. In recent years, it is becoming increasingly

recommended as a tracer for guiding treatment target definition [106], [115].

While multiple publications exist exploring the use of FET [104], [107], [116], [117], little analysis
has been done regarding the uncertainties and repeatability of its uptake. Evaluation of a
biomarker’s repeatability, defined as the variation in measurements when an experiment is
repeated under the same conditions [118], [119], is necessary for accurate assessment of tumor
presence and response, as demonstrated in many ways for other tracers [99], [101], [118], [120]-

[124]. However, repeatability of FET remains largely unexplored. Healthy tissue normalization
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techniques attempt to partially address this innate variability in FET; however, no studies so far

reported the impact of such normalization over varying volume sizes.

The goal of this chapter is to demonstrate a quantification of imaging uncertainties in a novel
example — in this case FET PET/CT imaging of patients with glioblastoma. Evaluating the
repeatability of a PET tracer is an essential step in establishing the imaging uncertainties.
Knowing the magnitude of these uncertainties will allow us to calculate probabilistic tumor

likelihood maps, which will in turn be used in probabilistic radiotherapy planning.

4.2 Materials and methods

4.2.1 Patient population and Region of Interest (ROI) definition

A cohort of patients with histologically confirmed GBM received test-retest FET PET/CT imaging
at the Sir Charles Gairdner Hospital (SCGH, Perth, Western Australia) as part of a prospective
study to evaluate FET for radiotherapy planning after surgical removal of gross tumor. The study
was approved by the institutional review board under SCGH study number 2014-004, and all
subjects signed an informed consent form. The study was registered at the Australian New

Zealand Clinical trial registry under number ACTRN12614001114639).

The first FET PET/CT scan (test) was scheduled within 4 weeks before the start of RT, and the
second scan (retest) was planned to be acquired 7 days after the first scan. Patients received
intra-venous administration of 200 MBq (x10%) of FET and were subsequently imaged over the
cranial region on a Siemens Biograph 16 PET/CT (Siemens Medical Solutions, Malvern, PA). A
10-minute single frame scan was acquired at an average of 28 minutes (range 23-37 minutes)
post tracer injection, with an average difference in scanning time of 1.9 minutes between test and

retest scans. Retest images were rigidly registered to test images using monomodal intensity-
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based registration (imregconfig) implemented in Matlab R2017b (Mathworks Inc, CA). Example

axial slices of FET PET/CT data and their voxel-wise differences can be seen in figure 16.

First scan (“test”) Second scan (“retest”) Voxel-level

SuUvV PET/CT PET SuV PET/CT difference SUV
(g/ml) ~ (g/ml) .

(g/ml)

Figure 16: Example comparison of first baseline scan (“test”, left), second baseline scan 7 days
later (“retest”, middle) and their voxel-level difference (right). Administered FET activity was 200
MBq and the image was acquired for 10 minutes at 20 minutes post injection. Disease
delineations are indicated by a white contour for test and retest images. While the general
shape of the lesion persists, considerable changes in uptake are present between the two

scans.

We segmented the intracranial volume on baseline CT images. Using a threshold of 200
Hounsfield Units, we acquired bone masks followed by morphological closing using a spherical
structure with a 10 mm radius. We performed morphological closing on the largest connected
region enclosed in this mask and visually inspected the results to ensure quality of segmentation.

For the purpose of this work we considered only uptake within the intracranial volume.

To segment diseased volumes, we implemented an adaptive thresholding method, as it was
previously shown that signal-to-background adaptive thresholding performs better in segmenting

GBM than fixed threshold metrics [110], [124]. First, we selected three spherical regions with a
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radius of 5 voxels (6.4 cm®) in the contralateral healthy brain as ROIs for normal uptake reference.
We calculated SUVmean Values of these reference regions and took 1.6x SUVmean as the threshold
for lesion segmentation. We performed this on both test and retest images and compared both
segmentations. We considered volumes greater than 1.1 cm? usable for analysis, as specified in

the protocol of the SCGH study number 2014-004, introduced at the beginning of this section.

We used original test and retest contours for whole-lesion comparisons and a union of both
volumes for the voxel-wise comparisons to have equal volumes on both time points. We defined
healthy brain volume as all intracranial volume, excepting the union of the test and retest disease
contours dilated by a five-voxel margin. A schematic representation of this segmentation

approach can be seen in figure 17.

------ Test contour
Retest contour
Tumor volume
Healthy brain
Cranium

.
1
¥

*
Sammn®

em N,

M

Figure 17: Schematic representation of segmentations. All volumes are constrained by the
cranium. Healthy brain segmentation consists of entire intracranial volume, without the

expanded union of test and retest tumor volumes.

4.2.2 FET repeatability

We used contours on both test and retest imaging to extract tracer uptake in both tumor and
healthy brain. We then calculated basic matching metrics: volume, Dice coefficient, and Hausdorff

distance. We extracted SUVmean SUVmax, SUViota and SUVesy, for both volumes and both test and
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retest imaging. SUVags is the 98" quantile of SUV values in the ROl and was investigated as a

measure of highest uptake robust to noise, a drawback of SUVnax[125].

We calculated Bland-Altman 95% Limits of Agreement (LoA) of SUV for log transformed values,
as a way of accounting for increase in absolute differences that occurs with higher SUV [119],
[120]. First, we calculated the differences d of log transformed SUV measurements on test (M,)

and retest (Mp), as well as their bias B, standard deviation ¢ and repeatability coefficient RC.

d =log(Mg) — log(M,) = log (I\A/;_j) (3.1)
B = mean(d) (3.2)
o = std(d) (3.3)
RC =196 X o (3.4)
Finally, we calculated LoA as
LoA = [e(B=RO), ¢ (B+RO)] (3.5)

This provided a range in which a measurement could be found with a probability of 95%; e.g. LOA
of [0.85, 1.15] would indicate that the ratio Me/Ma is expected to fall between 0.85 and 1.15 with

95% frequency.

4.2.3 SUV repeatability dependence on volume

We evaluated the repeatability of SUV values on the healthy brain volume, and on the tumor
volume, defined as the union of segmentations on test and retest imaging, and using groups of

nearby voxels or neighborhoods of varying sizes.
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For each voxel (v;) we calculated the mean voxel SUV of a neighborhood (SUVNean) within
healthy or diseased brain. We calculated Bland—Altman 95% Limits of Agreement (LoA) for the
test and retest SUVNean 0N a voxel level. To account for potential global SUV shift, we set bias
B to 0 when calculating LoA for varying volumes. We calculated the neighborhoods of every size

in the determined range for every voxel within their respective volumes

These neighborhood sizes ranged from 0.01 cm? (single voxel) to 3.15 cm?® (335 voxels), which
was the largest neighborhood size which could be fully contained within the larger lesion
segmentations and was selected as the cutoff for this analysis. While larger neighborhoods can
be used, SUV"ean would be impacted by values outside the diseased volumes, obscuring the

differences between healthy and diseased tissues.

Figure 18: Example neighborhoods around the central (red) voxel of interest. Left side shows a
3/1 neighborhood. All voxels are contained in a cube with side length of 3 voxels, and with
voxels no more than 1 unit away from center. E.g. a 3/1 neighborhood returns the 6 closest
neighbors. Right side shows a larger 5/2 neighborhood, or all voxels contained within a cube 5

voxels wide, and voxels that are no more than 2 voxels away from center. All voxels shown are
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considered for SUVinnmean Calculation. Different colors are shown solely for easier visual

interpretation.

We present a full list of heighborhood sizes we considered in table 1. The X/Y label indicates that
neighborhood voxels need to be within a cube of width X voxels, centered on the voxel of interest,
and no more than Y voxels away from the voxel of interest. Examples of 3/1 and 5/2
neighborhoods can be seen in figure 18. We implemented this way of defining neighborhoods in
order to decrease the difference in the number of voxels between neighborhood sizes, compared

to simply taking all voxels within distance Y.

Table 1: List of neighborhood sizes considered in the analysis.

Label (X/Y) Volume (cm?3) Num. of voxels
1 0.01 1

3/1 0.09
3/2 0.33 27
5/2 0.41 33

5/2.5 1.00 81
7/3 1.52 123
7/4 3.11 251
9/4 3.18 257
9/5 4.15 335

4.2.4 Healthy brain normalization

To assess the impact of healthy brain normalization on uptake repeatability, we compared the
repeatability of non-normalized lesion SUVmean to the repeatability of lesion SUVmean, Normalized
by mean uptake in a healthy brain reference region. We used a range of different reference region
volumes following in contralateral normal brain, employing the same neighborhood approach as

in the previous section (range: 0.01 cm?3to 22.7 cm?). Since healthy brain encompassed a much
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larger volume, we were able to use larger reference regions than within tumor contours.

Therefore, we investigated additional crescent-shaped reference volumes, allowing for

considerably larger reference volumes [126], some examples of which can be seen in figure 19.

Figure 19: Examples of spherical and crescent-shaped volumes used in healthy tissue

normalization.

4.3 Results

4.3.1 Patient population and ROl definition

Twenty-four patients were enrolled in the study, of whom nine consented to receive pre-treatment
test-retest FET PET/CT scans, all of which were obtained within 6-9 days of each other. One
patient had no visible increased uptake of FET in either test or retest. We selected the other eight
for further analysis. Mean patient age was 53 years (range: 36-61) and there were 5 male and 3
female patients. We reconstructed all PET images using PSF reconstruction with 3 iterations and
24 subsets (3i24s) and smoothed each using a 4 mm Gaussian filter, as per Australasian
Radiopharmaceutical Trials Network (ARTnet) recommendations to ensure semi-quantitative

consistency in images.

We segmented the lesions with a background uptake-based thresholding method (1.6 X

background uptake). The average tumor segmentation threshold was 1.62 g/ml [range: 1.08-2.66
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g/ml]. Using these thresholds, we generated lesion contours with an average volume of 33.2 cm?
(range 2.6 — 149.1 cm?®). The volumes, differences in volumes, dice coefficient and Hausdorff
distances of these contours are shown in Table 2. Lesion volume varied considerably between
test and retest. While average lesion volume changed by only 6% and was found not significant
using a paired sample t-test, individual lesion volume change ranged from -57% to +87%. Average
absolute volume difference was 32%, and average Dice coefficient between test and retest lesion
volumes was relatively low at 0.66, with poorest matching observed in smallest volumes of slightly
increased uptake surrounding areas of surgical resection. For larger disease volumes, matching

between test and retest was better, reaching Dice coefficient values of up to 0.90.
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Table 2: Tumor volumes for both test (1) and retest (2), volume differences, Dice coefficients,

and Hausdorff distance for data used in the analysis.

. 1 3 ) 3 Vol. diff Vol. diff Dice Haus.
Patient vol.=(em?)  Vol.% (cm’) (cm?d) (%) coefficient Dist. (cm)
1 47.82 56.53 8.70 18 0.90 0.14
2 2.96 5.43 2.48 84 0.39 0.37
3 117.66 149.06 31.41 27 0.62 0.36
4 32.67 16.21 -16.47 -50 0.66 0.39
5 29.08 29.34 0.26 1 0.83 0.17
6 2.59 1.10 -1.49 -57 0.28 0.43
7 5.29 5.30 0.01 0 0.83 0.10
8 13.74 17.20 3.45 25 0.81 0.15
Mean 31.48 35.02 3.55 6 0.66 0.26

4.3.2 FET repeatability

We evaluated the repeatability of FET SUV metrics by comparing values between test and retest

scans. The summary of this analysis for the tumor volumes can be found in Table 3. We performed

a similar analysis for the volumes of the healthy brain as shown in Table 4. We defined healthy

volume outside joint contours of both test and retest imaging, therefore we used only one

segmentation for both images. Because of that, SUViua is equal to SUVmean multiplied by the

healthy brain volume and is not shown in the table below. For lesion-level SUVmean, SUVmax, and

SUVgsy metrics, we calculate LoA using test and retest contours across all patients, the results of

which are shown in Table 5. Basic FET SUV metrics had limits of agreement around [0.80, 1.25]

for both healthy and diseased intracranial volumes and for most SUV metrics.

Table 3: SUV metrics for tumor volumes: SUV mean, max, total, and 98th percentile. Secondary

column labels indicate whether data refers to test (T) or retest (R) image.

Patient

SUVmean (@/ml)

SUVmax (g/ml)

SUVtotal (g/m I)

SUVgs% (g/ml)

T R

T

R

T R

T R
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O NGOV B WNPR

2.72 2.91
1.25 1.15
1.87 1.46
2.60 3.65
2.01 2.07
2.60 2.71
1.84 1.64
2.32 2.77

4.78
1.56
4.06
5.48
4.07
3.23
2.66
3.35

5.40
1.34
3.80
5.33
4.02
3.00
2.43
4.04

129.99
3.69
219.57
84.89
58.44
6.72
9.73
31.83

164.38
6.23
217.79
59.15
60.74
2.99
8.71
47.58

431 4.48
1.46 1.28
3.07 2.70
4.98 5.08
3.35 3.13
3.13 2.98
2.46 2.32
3.18 3.75

Table 4: Volume and SUV metrics for healthy volumes: SUV mean, max, and 98th percentile.

Secondary column labels indicate whether data refers to test (T) or retest (R) image.

pationt VE’C';T)E SUVimean (g/ml) SUVinax (9/m) SUVesy (g/ml)
Tand R T | R T | R T | R
1 1512 1.05 1.06 2.15 2.30 1.57 1.59
2 1390 0.77 0.72 1.99 2.10 1.14 1.11
3 1063 0.83 0.70 1.81 2.05 1.19 1.00
4 1375 0.89 0.92 2.34 2.10 1.35 1.35
5 1069 0.96 0.98 2.08 2.32 1.38 1.42
6 1265 1.35 1.52 2.46 2.49 1.91 2.09
7 1267 0.94 0.85 1.94 1.76 1.33 1.19
8 1358 1.12 1.34 2.52 2.26 1.59 1.89

Table 5: Limits of Agreement for several metrics for both lesion and healthy brain, calculated

over all their respective voxel elements.

Tumor Healthy brain
Mean ratio cv LoA Mean ratio cv LoA
SUViean 1.042 0.185 [0.72, 1.46] 1.007 0.114 [0.80,1.25]
SUVmax 0.991 0.118 [0.79,1.23] 1.011 0.097 [0.80,1.25]
SUVosy% 0.978 0.102 [0.80,1.18] 1.006 0.106 [0.81,1.23]
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4.3.3 SUV repeatability dependence on volume

We calculated values of SUVN"ean Over a range of neighborhood volume sizes, and calculated
LoA for each patient for each of the neighborhoods considered. Resulting LoA are shown as the
dashed gray lines in Figure 20. We calculated the mean LoA for SUVN"nean across all patients for
each neighborhood and we present the results in table 6 and by the solid blue line in Figure 4.
We found single voxel SUV in tumor to have LoA of [0.76, 1.32], but for the largest neighborhoods

considered, the LoA narrowed to [0.90,1.12].

1.6 1.6
Tumor Healthy brain

1.4} 1 1.4
8 1.2{&- S 1 2=‘\\
2 2
T 1) g
=l -l

0.6 : - 0.6 : -

0 1 2 3 L 0 1 2 3 i
M-hood valume (cm?) M-hood volume (cm?)

Figure 20: LoA with bias correction of SUVnean Of neighborhoods of varying volumes for both

tumor volumes (left) and healthy brain (right).

Table 6: LoA of SUV™ean dependency on neighborhood (Nhood) size.

Nhood size Nhood size Mean LoA Mean LoA
(cm3) (vox) (tumor) (healthy)
0.01 1 [0.76, 1.32] [0.80, 1.25]
0.09 7 [0.78,1.28] [0.83,1.21]
0.33 27 [0.81,1.24] [0.85,1.17]
0.41 33 [0.81,1.23] [0.86,1.16]

1.00 81 [0.84,1.19] [0.88,1.13]



1.52
3.11
3.18
4.15

123
251
257
335

[0.86,1.17]
[0.88,1.14]
[0.88,1.13]
[0.90,1.12]

[0.89,1.12]
[0.91,1.09]
[0.92,1.09]
[0.92,1.08]

4.3.4 Healthy brain normalization

60

To explore the effect of healthy tissue uptake normalization on repeatability of lesion metrics, we

calculated the LoA for lesion SUVmean, SUVmax, and SUVosy, under two conditions: (1) calculating

metrics from the original lesion SUV values in the PET image and (2) calculating metrics using

the ratio of lesion SUV values to the mean SUV of healthy brain reference region volumes of

varying sizes. We considered two kinds of reference volumes: smaller neighborhoods and larger

crescent-shaped regions, as presented in Figure 19. The resulting LoA of normalized values are

shown in figure 21.

25
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Figure 21: SUV LoA width dependence on reference region volume size. Dark blue lines

represent values using smaller spherical reference regions, light blue lines represent values

%)
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normalized using larger crescent-shaped reference regions and black the reference non-
normalized values, also shown in Table 5. For all three SUV metrics, normalization improved
repeatability, demonstrated by the fact that the vertical distance between the two blue lines is
narrower than the reference black lines. As seen on the bottom three plots with expanded X-
axis, using much larger reference volumes did not seem to improve repeatability of lesion SUV

metrics.

Normalization using single voxels or very small reference volumes resulted in poorer repeatability
than using non-normalized values across all metrics. Normalization did improve repeatability for
the tumor metrics starting at reference volumes of about 1 cm?® and continued to improve it for all
metrics up to about 5 cm?®. For SUVmax and SUVgs, we observed no improvement in repeatability
for larger volumes. For SUVnean, repeatability continued to improve up to reference volumes of
about 15 cm?®, but no improvement was observed for volumes larger than that. We observed no
improvement even when using much larger crescent shaped reference volumes of up to 200 cm?.
Results for SUViera are just SUVmean results scaled by healthy brain volume and are therefore not

explicitly shown.

4.4 Discussion

44.1 Patient population and basic repeatability

In this chapter we present a quantification of imaging uncertainties in a previously unevaluated
example — patients with glioblastoma imaged with FET PET/CT. Evaluating the repeatability of a
PET tracer allows for the accurate differentiation of random uptake fluctuations from statistically
significant changes in uptake and is therefore a critical step in tracer validation for response
assessment. Knowing the magnitude of this variability is especially important in quantitative

disease assessment of treatment, as it allows differentiation of significant changes from random
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fluctuations. Additionally, it provides an insight on the intrinsic imaging uncertainties, necessary

for probabilistic target descriptions.

Segmented lesion volumes varied considerably between test and retest, with an average absolute
change of 32%. For reference, MRI-based 3D volume repeatability has found variation in tumor
volumes of approximately 10% [127] when comparing gross tumor volumes before surgical
resection. This large variation in volumes can be partially explained with the fact that thresholding
as a segmentation method is sensitive to gradual changes in uptake. Even so, this is an important
consideration for any FET quantitative analysis as it highlights considerable variability in FET
uptake. This variability could also affect FET-based radiation therapy planning, although target

expansion to PTV is expected to somewhat reduce these effects.

4.4.2 Basic FET repeatability

We found healthy brain measurements to be slightly more repeatable than those of tumor
volumes. We found SUVmean Of tumor volumes to be least repeatable, although that could be
caused by the segmentation method used. This result of [0.80, 1.25] is comparable to previous
studies in other tracers in brain that found SUVmean repeatability of 20%-30% for FDG [122] and
18-24% for FLT PET uptake variability [101]. Furthermore, we use this result in Chapter 4 to

generate probabilistic tumor likelihood maps.

443 SUV repeatability dependence on volume

We evaluated the dependence of SUV repeatability on volume size. Averaging SUV over larger
neighborhoods improved repeatability, however it was only for the largest neighborhoods when
SUVN"hean Was calculated over hundreds of voxels. This result indicates that when evaluating
whether a significant change of SUV occurred within a volume of interest, the size of the volume

should be considered as well.
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4.4.4 Healthy brain normalization

We also compared LoA between non-normalized whole-volume SUV metrics and metrics where
uptake was normalized using healthy brain reference region uptake. Normalization using a single
voxel did not improve repeatability for any metric compared to using non-normalized values, but
repeatability did improve with increasing normalization volumes, up to a point. For SUVmax and
SUVasy, repeatability continued to improve up to about 5 cm?, after which the LoA plateaued with
no noticeable improvement. For SUVmean, the repeatability kept improving up to about 15 cm?® and
plateaued after that. Using much larger, crescent shaped reference volumes ranging up to 200
cm?® did not improve repeatability compared to these volumes. This is an important consideration

for future studies using FET PET/CT.

4.45 Limitations

We performed this analysis on eight patients with data suitable for analysis, a number that could
not be increased, due to cessation of patient accrual. The patient scans were also acquired in the
weeks post-surgery, which could introduce undesired effects in FET uptake and may not be
representative of repeatability in other clinical scenarios such as pre-operatively or in assessment
of recurrence. Most lesions appeared larger on retest images seven days after test, although
these changes were found not to be statistically significant in the current population. Finally, we
registered the images to each other using direct rigid registration, which we deemed appropriate

for the constrained intracranial volumes, but it could still affect the exact results.

45 Conclusions

In this chapter we demonstrated a quantification of imaging uncertainties in an example dataset
where these uncertainties were previously unknown. As seen in figure 7, quantification of these
uncertainties is necessary to obtain non-binary, probabilistic gross tumor likelihood maps, which

we can in turn use in probabilistic radiotherapy planning. We found FET uptake limits of
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agreement (LoA) to be around [0.80, 1.25] for whole-volume metrics. We quantified SUV LoA
dependence on volume size for both healthy brain and tumor volumes and we found that uptake

normalization by healthy tissue uptake should be performed using a reference volume of at least

15 cmé.
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5 PTP Implementation — Step 2 — Treatment Planning

The work we showed in previous chapter is an example of direct quantification of uncertainties
arising in medical imaging, the first and crucial step in incorporating uncertainties in a probabilistic
treatment planning approach. While the results are specific to imaging with FET PET, itis possible
to perform such quantification of uncertainties for any imaging modality or find it in the already
published literature. We also refer to literature for evaluating the magnitude of other uncertainties
in the “Quantifying uncertainties” section of figure 7, since while they each represent an interesting
scientific question, the quantification of all categories of uncertainties is outside the scope of this

thesis.

In this chapter we continue the analysis of the dataset shown in the previous chapter and build
on the results of imaging uncertainties obtained there. But where Chapter 4 focused primarily on
the quantifying uncertainties part of figure 7, Chapter 5 is concerned with those uncertainties can
be used for probabilistic radiotherapy planning, or “planning” section of figure 7. While these two
chapters could be considered part of the same unit, they were split into two parts due to their

different foci and research questions.

This chapter focuses in greater detail on the “Planning” section of figure 7. We use the imaging
uncertainties obtained in the previous chapter to define gross tumor likelihood maps and explore
how they can be used to calculate probabilistic maps of microscopic disease. We use these maps
to define dose prescriptions for our example cases and introduce the probabilistic optimization
engine that we implemented into the in-house treatment planning system WiscPlan. We create
dose plans using the classical planning approach to establish a baseline for comparisons, RO
methodology to validate the RO implementation, and PTP using the probabilistic tumor likelihood
maps to evaluate the proposed approach. We compare dose plans obtained using RO and PTP

to classically optimized dose plans obtained using the existing treatment planning paradigm.
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To summarize, in this chapter we aim to validate whether the proposed PTP workflow can produce
clinically feasible dose plans and to evaluate how such plans compare to the classical treatment
planning approaches. It is important to note that the goal of this work was not to create identical
dose plans with the different planning approaches, as the optimizations are fundamentally
different, and differences in results is to be expected. Rather, general agreement and

performance was sought.

5.1 Motivation

The purpose of this chapter was to develop and evaluate the feasibility of a probabilistic planning
approach for RT treatment optimization. We aimed to develop a new treatment paradigm which
directly uses patient’s disease information in treatment plan optimization. The results obtained in
Chapter 3 allow us to incorporate the imaging uncertainty information directly in treatment
planning. Unlike in dose painting, in this approach we modulate the optimization weights using

disease information, rather than change the value of prescribed dose.

5.2 Materials and methods

5.2.1 Volume management in GBM

5.2.1.1 Classical treatment planning approach

To allow dose planning using classical, RO and PTP approaches, we created multiple treatment
volumes in the GBM patients. For the classical treatment planning approach, we segmented the
baseline FET PET image using a thresholding segmentation approach using 1.6x healthy brain
uptake as the threshold to obtain the GTV. We then expanded the GTV 10 mm intracranially to
account for microscopic infiltration and obtain the CTV, as per relevant literature [20], [21]. Lastly,
we expanded the CTV isometrically by 2 mm to account for positioning and delivery uncertainties

and obtain the PTV, which was used in dose prescription and optimization for the classical
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approach. For the second approach, we used the CTV for dose prescription and optimization

since RO accounts for positioning uncertainties directly.

5.2.1.2 New treatment planning approach
Using the FET imaging repeatability results introduced in the previous chapter, we first converted

the PET/CT image into gTLMs, using the normal cumulative distribution function (norm).

suv; — T) 5.1

TLM; = (
g i =norm|———

Where gTLM,; represents the value of gTLM in voxel i, SUVi is the standardized uptake value for
voxel i, T is the threshold, calculated as 1.6x average healthy brain uptake in each patient, and o
is the standard deviation of uptake calculated from the limits of agreement we estimated in the
previous chapter and shown in table 5. The cumulative distribution function, by definition, returns
the probability of a value (SUV;, in this case) being higher than a reference (T in this case) with
standard deviation . As such it provides a direct translation of uptake to likelihood of disease

presence.

For this gTLM generation, we used only intracranial volumes within 1 cm of the initially defined
disease volume, as described in Chapter 3, to avoid TLM marking in other areas which
demonstrated increased uptake. Most commonly this occurred close to the skin near the disease
site, presumably due to healing after surgery. An example of increased uptake and its handling

can be seen in figure 22.
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FET PET/CT

Figure 22: Example conversion of FET PET imaging to gTLM using equation 5.1. Note that only
intracranial volume within 1 cm of the initially defined tumor volume was used. While a large part
of the tumor is mapped with likelihood close to 100%, an anterior (top of the image) part of the

disease receives less confidence and is colored with a more yellow-orange color in the gTLM.

While some artefacts and sharp boundaries can be seen on the gTLM image in figure 22, these
effects were additionally smoothed out during calculation of microscopic infiltration and did not

end up affecting the treatment significantly.

5.2.1.3 Microscopic tumor likelihood maps (miTLM)

For our work, we assumed an infiltration constant of 15 mm, based on previous results and margin
recommendations in gliomas [19]-[21], [105], [128]. Using the approach described in section
3.2.2, we observed better conformity of gTLM+miTLM to anatomical constraints to anatomical
constraints than other applied methods, as shown in figure 23. For implementation purposes, we
generated a “Target Map” (TM) by applying thresholding to the TLM at p=0.05 value. We used
this TM to prescribe the voxel-weighted dose prescription. While this does mean that volumes
under 5% disease likelihood were ignored in optimization, this value is considerably lower than

the levels where dose increases were observed in PTP optimization.
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Figure 23: Axial slice of miTLM as calculated for the example patient shown in figure 22. A large
part of the tumor is mapped with a likelihood of disease presence close to 100%, reflecting high
FET uptake in those volumes. While all edges exhibit a gradual descent reflecting the likelihood
of infiltration, the anterior (top of the tumor in figure) part of the tumor maintains the
comparatively lower likelihood values. Note that for this case, microscopic infiltration was limited
to intracranial volumes to ensure better comparability between planning approaches, so no

infiltration in the gap in the skull is permitted.

5.2.2 Dose prescription

We evaluated three different dose planning approaches for each patient to validate the RO
implementation and compare PTP to the classical planning approach. We set the optimization
goal to 60 Gy to target while minimizing dose to healthy brain volumes. For the classical planning,
we prescribed the dose to the PTV volume. For the RO approach, we assigned the dose to the
CTV directly and positioning uncertainties were accounted for using RO parameters. For PTP, we

assigned the dose to the entire TM volume and weighted each voxel by its respective TM value.
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5.2.3 Dose optimization

We calculated intensity modulated radiation therapy (IMRT) dose plans using an in-house
treatment planning software WiscPlan [66], [94] for TomoTherapy delivery systems. We
calculated the dose for a helical delivery plan using 64 binary MLCs, 51 angles for the X-ray
source position per rotation, a pitch of 0.86 and a 2.5 cm jaw width. We excluded dose calculation
for beamlets that did not intersect the CTV expanded by 4 mm (the classical PTV), and the weights

corresponding to those beamlets were omitted in calculations to improve tractability.

We performed the classical planning using the existing WiscPlan optimization engine [66], and
for RO and PTP planning, we expanded the treatment planning software with probabilistic robust
optimization functionality for setup uncertainties, using an objective-level minimax optimization
[80], [94]. To find the function minimum, we used the constrained nonlinear multivariable function
minimum search (fmincon), implemented in Matlab 2018b (The MathWorks, Inc., Natick, MA,
United States). We performed all optimizations on a system with a 4-core Intel i5-7500 CPU (3.40

GHz) and 16 GB of RAM.

5.2.4 Dose plan comparison

We compared dose plan performance between different planning approaches using different dose
metrics. Due to the probabilistic nature of RO and PTP, we modified some traditionally used dose

metrics to better capture plan performance under uncertainty as presented in Chapter 3.

Aside from the commonly used dose benchmarks for various volumes of interest, we measured
a range of expected values across all scenarios considered, to provide the range of possible
results within the considered uncertainty range. This provided an estimate to the expected range
of results, as well as some insight on whether the distribution of the metric tends to be
approximately one-sided or symmetrical. We evaluated the performance of dose plans using eight

dose benchmarks: average dose (Dmean) for both CTV and GTV, the 95" and 5" dose percentile
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(Dgs and Dos) for both CTV and GTV, and average dose and volume receiving at least 55 Gy (Vss).
We quantified the differences between dose metrics of classical and RO approaches and between
classical and PTP approaches and tested them for statistical significance using one-sided
student’s T-test. The tests were one-sided, testing for “plan worsening” in comparison to the
baseline classical planning — that is decreases in target dose metrics or increases in healthy brain
dose metrics. While we performed multiple tests, we did not use p-value correction for multiple
hypothesis testing. This results in more conservative test results that are not dependent on the

number of metrics being evaluated.

We used dose-volume histogram clouds (DVH clouds), where a range of values was visualized
using an additional band rather than a single line [79], [129]. The main line represents plan
performance in the nominal case, and the band represents the range of DVH values across all

scenarios considered, as introduced in Chapter 3.

5.3 Results

To validate the implementation of the RO algorithm and test the validity of PTP planning, we
performed quantitative comparisons of dose plans generated using the three optimization
approaches. Dose plans of the three planning approaches for a representative case can be seen

in figure 24.



72

Figure 24: Axial dose plan slices of a representative patient with glioblastoma. RO and classical
optimization both produce similar plans, with PTP resulting in somewhat more heterogeneous

results.

We observed very similar performance between the classical and RO approaches, with
comparatively higher target dose heterogeneity observed in PTP. This is also reflected in the

dose-volume histogram (DVH) clouds, as shown in figure 25 and figure 26.
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Figure 25: DVH cloud comparison between classical and RO plans for a single example patient.
Very similar performance is observed between these two approaches, with only minutely

increased target and OAR doses.
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Figure 26: DVH cloud for the PTP dose plan for the example patient. Higher dose heterogeneity,
in particular higher maximum dose is observed, but dose to healthy brain remains similar to

classical planning.

While DVH plots of individual cases illustrate the behavior of optimization results, they do not

capture overall trends. For this purpose, we aggregated the planning results in table 7.

Table 7: Summary of average dose metrics for the three planning approaches in the format:

(average [range]).

Metric \ Plan Classical RO PTP

CTV Dgs (Gy) 60.1 [59.0-61.3] 60.1 [58.8-62.1] 57.7 [38.2-67.0]
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CTV Dean (GY) 61.1[60.5-61.8] 62.1 [60.7-66.6] 62.9 [52.1-69.8]
CTV Dos (GY) 62.1[61.6-63.1] 64.3 [61.9-73.4] 67.9 [62.6-74.6]
GTV Dgs (Gy) 60.5 [59.8-61.3] 61.0 [59.2-63.7] 61.6 [54.1-67.3]

GTV Drmean (GY) 61.1[60.4-61.8] 62.1[59.9-66.7] 64.1 [58.7-68.5]
GTV Dos (Gy) 61.9 [61.0-62.9] 64.0 [61.3-72.7] 67.0 [63.5-70.5]
Brain Vss (%) 18.1[11.3-28.4] 18.5[11.1-31.4] 19.5 [6.75-32.3]

Brain Dmean (GY) 3.45[2.26-6.16] 4.211.99-11.8] 5.44 [0.138-12.9]

We also evaluated the differences in dose metrics between classical and RO plans using one-

sided T-tests against the null hypothesis that RO and PTP perform worse, either by decreasing

target dose, or increasing dose to healthy brain. As shown in table 8, no statistically significant

differences were observed.

Table 8: Evaluation of statistical differences between different planning approaches. One-sided

T-tests were used for these evaluations, testing for “plan worsening” in RO and PTP

approaches — increases in OAR doses or decreases in target doses. These p-values were not

adjusted for multiple test hypothesis, even so, no significant differences are observed.

Metric \ Plan Classical v RO Classical v PTP
(p-value) (p-value)
CTV Dgs 0.47 0.25
CTV Dmean 0.87 0.80
CTV Dos 0.92 1.00
GTV Des 0.79 0.75
GTV Dmean 0.90 0.98
GTV Dos 0.93 1.00
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Brain Vss 0.15 0.15

Brain Dmean 0.16 0.08

5.4 Discussion

In this chapter, we implemented and validated a new planning optimization approach which can
directly incorporate probabilistic imaging disease likelihood information. To evaluate whether it
achieves reasonable results, we aimed to develop and deploy a prototype PTP implementation

and validate it on a dataset with simple geometry.

As our practical example, we chose a cohort of patients with glioblastoma imaged with FET PET
as an example to perform this evaluation. We used previously established limits of repeatability
of FET PET imaging to include imaging uncertainty information into target definition using TM.
We then implemented these TMs directly in treatment planning using a voxel-weighted
optimization function that used TM voxel values in its objective function. Optimizations using RO
methodology with classically-determined volumes performed similarly to optimizations using the
classical approach. Achieving equivalent results between these two approaches shows that our

implementation of the RO algorithm behaves as expected and can produce feasible dose plans.

Comparison between classical and PTP plans shows no significant decreases in plan quality, as
measured using one-sided t-tests to evaluate worsening (i.e., decrease in target dose or increase
in OAR dose). While we sought general agreement, we should not expect identical dose plans

with these planning approaches, since the objective functions used are fundamentally different.

Generation of gTLM is not limited to the normal cumulative distribution function, as shown in this
example. We chose this approach since the cumulative normal distribution is the direct translation

of known baseline variability to a probabilistic tumor map capturing this uncertainty. Other ways
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that we could generate gTLMs include fuzzy logic merging of multiple segmentation methods or

machine learning approaches.

This chapter aims to demonstrate the general idea and feasibility of the PTP approach, and as
such several assumptions were made. First, the parameter of infiltration, while taken from
previously published works, is subject to uncertainties. In cases of glioblastoma infiltration, the
actual speed and range of infiltration can vary considerably [20]. Moreover, infiltration is not equal
in all directions, as was the assumption for our work, but tends to follow the neural pathways and
anatomical section of the brain. However, increased knowledge of disease likelihood and
infiltration would not fundamentally change the planning approach, as it can be easily and directly

incorporated into the workflow.

Secondly, scenario selection is an important aspect of probabilistic treatment planning, and
multiple different methods can be used. In our case we chose a “good practice scenario selection”
approach, where the geometry is uniformly shifted in the six cardinal directions: along the
craniocaudal, anteroposterior and frontal axes. We chose this approach due to its ease of
interpretation and straightforward equivalence to the classical approach of expanding the target
volume by margins. Other possible scenario selection methods include alternate approaches such
as “statistically sound scenario selection” or “statistically sound dosimetric selection” [95]. While
one can argue that such scenario selection does not cover all possible, or even plausible,
realizations of positioning uncertainties, it is important to remember that using the commonly used
van Herk formula for PTV margins also results in coverage that is sufficient for 90% of all patients,

not all of them.

Finally, while the examples on patients with glioblastoma presented here serve as a simple
demonstration of the proposed treatment planning approach, they are a comparatively simple

geometry to other disease sites. As the brain is encased in a hard, well visible structure,
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positioning uncertainties are small. Here, 2 mm was used, which is typically narrower than the
dose falloff at the edge of target and does not play as important of a role as microscopic infiltration.
Additionally, only two target volumes (miTLM/CTV and gTLM/GTV) and a single OAR (healthy
brain) were used. Lastly, applying PTP to a different brain tumor type may affect the microscopic
disease presence, but the approach of microscopic disease calculation would remain

conceptually the same.

These limitations, while worth considering, do not seriously affect the proposed treatment
planning approach itself. However, PTP should be applied to and evaluated on other disease sites

to verify its consistent performance under different planning conditions.

5.5 Conclusions

In this work we introduced a PTP optimization approach where tumor likelihood information based
on imaging uncertainties quantified in Chapter 3 is used directly in optimization to create dose
plans. We have demonstrated that this probabilistic target definition in combination with known
probabilistic optimization produces feasible clinical plans in patients with glioblastoma, based on
baseline FET PET imaging. While PTP produced plans with somewhat wider dose spread in
target volumes, the dose metrics were not significantly different, and plans were overall
comparable. Target volumes equivalent to the ones used in classical planning can be used,
resulting in plans comparable to the classic planning approach, thus ensuring back-compatibility.
Due to its non-reliance on expansion by margins, PTP provides a framework for more complex
dose planning and better use of imaging information that could potentially improve dose plans in

more complex geometries. We explore one such geometry in greater detail in the next chapter.
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6 PTP Applications - Prostate

In the previous chapters, we established probabilistic target definition and planning on a dataset
of patients with glioblastoma. While performing treatment planning starting at the quantification of
imaging uncertainties is helpful for complete understanding of main steps in probabilistic
treatment planning, always performing such an analysis is impractical, time consuming, and in
most cases simply not possible, unless the patients receive test-retest imaging. For these
reasons, it is crucial that the proposed PTP approach be independent of the availability of such
data. Additionally, there are unigue challenges associated with different anatomical sites in RT.
Treatment planning for patients with glioblastoma simplifies several aspects of the process due
to its simple geometry and low positioning uncertainties, and while planning for brain tumors
serves as a proof-of-concept, we also want to evaluate the performance of any new planning

approach in other disease sites.

For this reason, we sought to expand our analysis to a larger dataset with more anatomical
variability and a different source of tumor mapping. We selected a cohort of patients with prostate
cancer and with tumor likelihood maps generated with multiparametric magnetic resonance
imaging. Not only did this dataset present an opportunity for treatment planning in a different
anatomy, but also prescription and planning of integrated dose boost plans, due to the specific

nature of the disease and existing clinical studies.

To summarize, the purpose of the work we present in this chapter is to expand the PTP approach
to more complex clinical sites and to evaluate the opportunity in dose distributions obtained with

the PTP approach.

6.1 Motivation
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The purpose of this study was to expand the evaluation of the probabilistic target definition and
planning (PTP) introduced in the previous chapter. We sought to evaluate it on a more complex
geometry of patients with prostate cancer and physician contours of several volumes of interest.
While brain lesions are encased in a hard skull and rather homogeneous tissue, the prostate is
located in a more varied anatomy and in close proximity to bladder and rectum — organs at risk

that should be preferentially spared over other nearby tissues.

Multiparametric magnetic resonance imaging (MP-MRI) derived tumor likelihood maps were used
for probabilistic target definition. In addition, performance was evaluated for two different dose
prescriptions: (1) for cases with uniform dose prescription and (2) for dose plans containing an

integrated dose boost to the prostate subvolumes with higher disease presence.

While the effects of heterogeneous dose prescriptions in different disease sites are still being
investigated, previous works in prostate cancer, such as the FLAME trial, have shown the benefits
of focal lesion ablative micro boost, where specific tumor sub-volumes are treated with higher
doses than the rest of the target volume [130]. The results of the FLAME trial, conducted on 100
patients, have shown that such boosts can be achieved without an increase in dose toxicity [131]
and with an improvement in disease free survival [132]. These findings demonstrate the potential
benefits of non-uniform dose planning — a well-established concept, but one that is still

cumbersome to use when dealing with different prescription dose levels [7], [52].

6.2 Materials and methods

We applied the PTP approach, on a dataset of patients with prostate cancer. We calculated dose
plans using both the classical ICRU approach (using the GTV-CTV-PTV volumes), and the
proposed PTP approach using probabilistic tumor likelihood maps (TLM). For both planning

approaches, a uniform dose plan and a plan containing a dose boost to the volumes of high
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disease presence were calculated, resulting in four dose plans per patient. We evaluated
comparative performance in both uniform and boost plans between the two planning approaches

using dose benchmarks, presented in more detail below.

6.2.1 Patient cohort

Patients with biopsy proven T1-T2 prostate cancer (median age 67, range 54-71 years) were
considered for this analysis. The image data for these patients was acquired as part of a
previously published investigation [133]. Patients underwent MP-MRI examinations on a 3.0 T
Philips Achieva MR scanner (Philips Healthcare, Best, the Netherlands) at the Netherlands
Cancer Institute (NKI). An mDIXON sequence was scanned, from which a pseudo-CT scan was
derived using the MRCAT algorithm (Phillips Medical Systems MR Finland Vantaa, Finland). A
total of 30 image features from T2w, ADC, and K" were combined to derive a voxel-level gross
tumor likelihood map (gTLM) for the prostate using a logistic regression model [134], [135]. The
study was approved by the ethics committee of the Netherlands Cancer Institute, and patients

provided written informed consent.

6.2.2 Planning volumes

We created planning volumes based on patient data, and an experienced radiation therapist
manually segmented relevant volumes (prostate, OAR) . To account for microscopic disease
infiltration, we expanded MP-MRI derived gTLMs using a sequential probabilistic region growing
algorithm [136] to obtain microscopic tumor likelihood maps (miTLM). We set the range of
infiltration parameter to 3 mm, based on existing histological studies evaluating range of
extracapsular infiltration [6]. To compensate for the low sensitivity of MP-MRI [137]-[139], we
created a Target Map (TM) by additionally setting the TM value within the prostate volume to 0.7
to ensure sufficient coverage within the prostate gland. This TM creation process can be seen for

an example patient in figure 27.
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Figure 27: Axial slices of MR-derived CT overlaid with different disease mappings. Top left:
initial MP-MRI derived tumor likelihood map (gTLM). Bottom left: gTLM with expected
microscopic infiltration (miTLM). Note that unlike Gaussian smoothing, this algorithm does not
decrease tumor likelihood values within the TLM. Top right: prostate volume. Bottom right:
Target Map (TM) that combines the information of visible and microscopic disease as well as
baseline prostate volume and is used for planning. Areas of high disease presence and some

suspected microscopic extension outside the prostate can be seen.

We used these TM directly in the optimization for PTP optimization as described in the previous
chapters. For the classical approach, we defined the CTV empirically as the volume where TM
probabilities were greater than p=0.30 and the PTV as a 4 mm isometric expansion around the

CTV [140].

For integrated dose boost plans, we first smoothed the gTLM using a 3 mm Gaussian filter to

obtain “TMyeost’, @s seen in figure 28. As each TomoTherapy multileaf collimator corresponds to
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a beam width of just over 6 mm at isocenter, this smoothing reduced the spatial variation observed
in the MRI to a level comparable to the resolution of a treatment delivery system, while still being
fine enough to retain target sub-volume heterogeneity. For the PTP boost plans, we used TMyoost

directly as described in Chapter 3.
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Figure 28: Axial slices of target map used for dose boosting (TMuoost). In this case, target volume
was smoothed using a Gaussian filter to reduce the spatial variation observed in the MRI to a
level comparable to the resolution of a treatment delivery system, while still being fine enough to

retain target sub-volume heterogeneity.

For the classical boost planning, we created gross tumor volumes (GTV) using a TMuoost threshold
of p>0.30, followed by a 4 mm expansion to account for positioning uncertainties. An example

representation of all described volumes can be viewed in figure 26.
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6.2.3 Dose prescription and parametrization

We calculated four dose plans for each patient, to compare classical and PTP planning

approaches.

The Classical uniform approach was a plan where we prescribed a dose of 77 Gy to the PTV. We
aimed at limiting the dose to the rectum and bladder so that the maximum dose to both organs
was below 77 Gy. We added a secondary objective to try and minimize the dose to these organs

with a comparatively small optimization weight compared to the other objectives.

The second optimization plan was a PTP uniform approach, where we prescribed the same dose
of 77 Gy to the entire volume of the prostate and the seminal vesicles, however in this case the
prescriptions were voxel weighted by the TM values as shown in equations 3.1 - 3.4. We used an
objective-level penalty function, meaning that each optimization goal was evaluated separately in
all scenarios, and the worst performing one (the one with the largest penalty) was selected before
summing the penalties from different optimization goals. This approach results in a more intuitive
balancing of competing optimization objectives than summing the penalties from different
optimization objectives first. We accounted for the uncertainties in patient positioning and dose
delivery using a minimax approach in optimization over scenarios of patient misplacement of 4
mm, equivalent to the PTV margins used in the first plan. We kept the dose constraints to the

OAR equivalent to the Classical uniform planning approach.

The third optimization plan was a Classical boost approach. This plan was identical to the first
(Classical uniform) approach, except that the maximum dose constraints to the CTV were

lowered, and we set the desired dose within the GTV to 95 Gy, as per the FLAME trial [141].

The fourth optimization plan was a PTP boost dose plan. Here, we use the 77 Gy baseline from

PTP Uniform case and add a prescription for 95 Gy dose boost to the entire target volume, using
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a voxel-level penalty based on the TMyoost in €ach voxel. We handled the OAR prescriptions and
uncertainties in patient positioning and dose delivery in the same way as for PTP uniform plan.

Example volumes for the prescriptions can be seen in figure 29.
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Figure 29: Comparison of probabilistic target volume (TM and TMuoost) (l€ft) and their analogous

classical volumes (CTV and CTVoos/ GTV) for the example patient (right).

6.2.4 Implementation and dose optimization

We calculated intensity modulated radiation therapy (IMRT) dose plans using an in-house
treatment planning software WiscPlan [66], [94] for TomoTherapy delivery systems. We
calculated dose for a helical delivery plan using 64 binary multileaf collimators, 51 angles for the
X-ray source position per rotation, a pitch of 0.86 and a 2.5 cm jaw width. We excluded dose
calculation for beamlets that did not intersect the CTV expanded by 4 mm (the classical PTV) and
omitted the weights corresponding to those beamlets in calculations to keep computational

burden within machine capabilities.
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In the same manner as described in the previous chapter, we performed the classical planning
using the existing WiscPlan treatment planning software[66]. For PTP, we expanded the
treatment planning software with probabilistic robust optimization functionality for setup
uncertainties, using an objective-level minimax optimization [80], [94]. We used a “good practice
scenario selection” [95] approach, where six scenarios of positioning shifts along the main axes
are used, along the “nominal” scenario using unchanged geometry. While the use of higher
number of scenarios selected via statistically sound methods may improve robustness of results
[95], a simpler method had to be used in our work due to computational resource limitations. To
find the function minimum, we used the constrained nonlinear multivariable function minimum
search (fmincon), in Matlab 2018b (The MathWorks, Inc., Natick, MA, United States). We
performed all optimizations on a system with a 4-core Intel i5-7500 CPU (3.40 GHz) and 16 GB

of RAM.

We set a maximum modulation factor of 5 for all optimizations. We used a static dose cloud
approximation to reduce the computational requirements and to avoid introducing additional

variability between the two planning approaches.

We used equivalent optimization weights for plans optimized with the classical and with the PTP
approaches. The optimization process ran until step size decreased below a preset threshold, or
for a maximum of 200 iterations. We observed optimization convergence to a local minimum in

all optimizations where the computation did not converge within this frame.

6.2.5 Dose plan comparison

We first evaluated dose plans qualitatively using dose-volume histogram clouds (DVHs) and
guantitatively using dose benchmarks for four volumes of interest. For the CTV and GTV, we
evaluated average dose, and 95" and 5™ dose percentile (Dmean, Dos and Dos). For bladder and

rectum, we evaluated average dose (Dmean) @and fraction of volume receiving at least 77 Gy (V7zay).
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To compare planning approaches, we calculated the dose benchmarks for each planning
approach in the nominal scenario and compared in pairs: classical uniform and PTP uniform
plans; and classical boost and PTP boost plans. Two-sided paired t-tests were used to test the
PTP approach for significant differences. We used bonferroni correction to account for multiple

hypothesis being tested, and considered p-values of less than 0.05 to be significant.

6.3 Results

We selected twelve patients for planning, resulting in 48 total dose plans. For each patient, target

volume and GTV volume are shown in table 1.

Table 9: Number of beamlets, size of combined volumes of prostate and suspected microscopic

infiltration (Target volume), and volume with high disease likelihood (GTV).

Patient Target volume GTV volume

(cm?) (cm?)
1| 67.3 | 3.6
2 37.2 1.7
3 | 104.2 | 5.4
4 27.2 7.2
5 | 53.4 | 2.8
6 39.8 5.1
7 | 52.6 | 1.3
8 27.1 7.5
9 91.5 | 5.0
10 113.0 29.6
11 45.9 | 11.9
12 61.7 11.2

An axial slice of a representative dose plan can be viewed in figure 30, and their dose-volume

histogram clouds (DVHSs) can be viewed in figure 31. We performed the DVH cloud analysis with
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shifted geometries on classically optimized plans to maintain comparability, even though target

expansion by margins was used in optimizations, rather than scenarios of shifts.

Dose (Gy)

Classical . PTP

Uniform Uniform 100

Classical
Boost

Figure 30: Axial slices of the four different dose plans for the example patient shown in figure
27. Top row shows the classical and PTP uniform plans. The two plans are comparable with
very minute differences. Bottom row shows dose plans with integrated dose boosts using the
classical and PTP approaches. Here, higher target doses can be seen in the PTP approach

both within and outside of the GTV.
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Figure 31: Dose-volume histogram clouds of the four planning approaches for the example
patient. Histogram bands represent the range of dose performance among all the scenarios
considered. For integrated dose boost plans, higher target mean and maximum doses can be

observed, as well as lower doses to the OAR.

A quantitative overview of different planning approaches can be seen in table 10, and the p-values

for statistically significant changes between the different approaches can be seen in table 11.

Table 10: Average values and their range across scenarios of different realizations of
positioning uncertainties for dose benchmarks considered in the comparison between different

dose planning approaches.
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Classical PTP Classical PTP
uniform uniform boost boost
y 77 [75.0-78.3] 76.3[64.4-77.8]  80.3[75.0-83.4] 79.8 [73.2-84.9]
Des (Gy)
CTE/G[;;“%” 78.4[76.1-81.4] = 78.3[74.2-81.0] 87 [79.5-91.9] 91.4 [86.7-94.4]
ony 80 [77.4-86.0] 80.2[79.2-84.8]  94.6[90.9-95.8] 101 [94.0-107.0]
Dos (GY)
Dg‘:{(\;’y) 77.1[75.2-78.4]  77.5[71.5-80.1] @ 91.7[79.2-94.8] = 92.4[87.1-102.0]
U 78.2[76.0-81.3]  78.5[76.5-82.1]  93.9[89.8-95.3]  97.3 [93.5-105.0]
Dmean (GY)
Dﬂ(\;’y) 79.4[76.9-86.0] = 79.8[78.7-84.9] = 957[94.6-96.7] 103 [96.0-110.0]
Bladder 14 1 13.51-38.9] 18.4 [3.4-36.6] 18.8 [3.33-35.7] 17.3[3.34-34.6]
Dmean (Gy)
Bladder

Vrrey (%)

0.66 [0.00-2.71]

0.60 [0.014-2.64]

0.941 [0.00-3.79]

0.278 [0.00-1.51]

Rectum
Dmean (GY)
Rectum
V7rey (%)

31.3 [22.6-41.0]

1.82 [0.00-5.28]

28.9 [21.3-36.6]

1.26 [0.04-3.66]

31.5[22.6-41.7]

2.15[0.134-4.74]

29.8 [21.2-40.8]

1.77 [0.00-5.85]

Table 11: Table of p-values comparing dose metrics between different plans. P-values below

the threshold of 0.05 are bolded. In uniform dose plans, lower average rectum doses are

achieved. For dose boost plans, lower bladder doses and higher CTV Dmean and Dos, as well as

higher GTV Dgs are observed. P-values were corrected using the Bonferroni method and a

factor of 20. Corrected values were capped at a maximum value of 1 for clearer presentation.

Metric \ Plan Uniform Boost
Classic v PTP Classic v PTP
Rectum Dmean 0.017 0.191
Rectum V7rgy 1.000 1.000
Bladder Dmean 0.660 0.047
Bladder V7ray 1.000 1.000
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CTV Does 1.000 1.000
CTV Dmean 1.000 0.041
CTV Dos 1.000 0.004
GTV Dos 1.000 1.000
GTV Dmean 1.000 0.097
GTV Dos 1.000 0.005

As seen in table 10, for uniform plans, dose differences between the classical and the PTP
approach were typically less than 1 Gy across all metrics, with few differences observed, although
Rectum Dmean Was lower in PTP planning. For Classical Boost and PTP boost plans, the

differences were greater.

PTP planning achieved lower Dmean to bladder by 1.5 Gy, which was a significant difference, as
shown in table 11. The dose to rectum was decreased by 1.7 Gy, although that did not achieve
threshold of significance. While CTV Dgs did not change significantly, CTV Dmean and Dgs were
significantly increased by 4.4 and 6.4 Gy, respectively. All GTV doses were higher in PTP

planning, although only GTV Dos achieved significance threshold, with an increase of 7.3 Gy.

A visual representation of differences in various dose metrics across patients can be seen in
figure 32. Consistent increases in GTV and CTV Dmean and Dgs, as well as consistent decreases

in dose for both bladder and rectum can be observed.
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Figure 32: Differences of between PTP and classical planning for all patients and dose
benchmarks in plans with integrated dose boost. Values above 0 represent increased, and
values below 0 represent decreased doses in PTP, when compared to classical planning.

Vertical lines to y=0 are shown to facilitate visual interpretation.

6.4 Discussion

In this chapter we presented an application of the PTP approach to a dataset of patients with

prostate cancer. We showed that with the PTP approach, both uniform and non-uniform dose
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distributions can be prescribed and optimized in the presence of uncertainty. For uniform dose
prescriptions, both classical and PTP approaches performed similarly, with PTP achieving lower
rectum doses, but otherwise performing comparably. Identical results were not expected since
the two planning approaches are fundamentally different, with different objective functions and

optimization algorithms.

For plans with integrated dose boosts, PTP resulted in plans with more heterogeneous target
dose with higher average and maximum doses, while at the same time reducing doses to bladder
and rectum. These results show that PTP can create dose plans with more favorable target/OAR

ratios when compared to the classical approach.

Broadening of the target dose range is consistent with other probabilistic planning implementing
shift scenarios, as target optimization goals near OARs tend to compete against OAR limits. In
other words, the PTP approach intrinsically balances target dose optimization objectives for OAR

objectives in the presence of uncertainties.

This trade-off can also happen within one volume in the presence of multiple competing
optimization objectives, such as in the case of dose boost prescribed to the entire CTV volume
and weighted using TMyoeost. Since in the PTP approach the dose boost is prescribed to the entire
prostate volume weighted with the TLM values, the optimizer will be penalized less when
delivering higher doses to most of the prostate.. This allows the optimal dose to breach the non-
boosted dose maximum if it permits for an overall better result, such as target coverage or OAR
sparing. This approach can take advantage of previous findings that show that allowing some
dose heterogeneity within the target volume can lead to sharper dose falloffs and overall better

plans [142].
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PTP is generalizable beyond the application shown in this work. We chose prostate as our
example for this work as existing studies have shown the benefits of focal lesion ablative boost in
large-scale clinical trials, but there is no aspect in this approach that prevents its generalization

to other disease sites.

While the approach and main concepts of this work are generalizable, we made several
assumptions that limit its scope. First, the initial gTLM maps were subject to considerable
uncertainty. The microscopic infiltration algorithm was based on parameters from a single
histological study and did not include information regarding anatomic barriers or extracellular
matrix that might cause anisotropic cell motility. Additionally, the baseline value of 0.7 for TM
within the prostate, and the threshold of 0.3 for the GTV were determined empirically, but as TM
values were used as part of overall objective weighting, small variations in this baseline did not

substantially affect optimization results.

While some uncertainty exists in all these input parameters, changing them would not invalidate
the general approach introduced in this work. Any additional knowledge of disease presence and

uncertainties can still be simply and directly integrated into the PTP approach.

6.5 Conclusions

In this chapter we presented an implementation of the probabilistic target definition and direct
incorporation into treatment planning on patients with prostate cancer. We have demonstrated
that this PTP approach in combination with known probabilistic optimization produces feasible
clinical plans in patients with prostate cancer for both plans of uniform prescription and plans with
integrated dose boosts. Due to its non-reliance on expansion by margins to account for
uncertainty, PTP provides great opportunity for more complex dose planning and better use of

imaging information to preferentially target subvolumes of increased disease presence.
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7 PTP Applications — Complex Cases

So far, we explored probabilistic planning on patients with glioblastoma, where we started the
process at image analysis and quantification of uncertainties before proceeding to RT planning
and prostate, where we also examined probabilistic planning based on MP-MRI derived TLMs for
integrated dose boosts. However, probabilistic targeting and planning is by no means limited to
just those examples. To demonstrate PTP ability to deal with complex RT situations, we will

examine a few other applications, each presenting its own challenge.

The first group of examples involve patients with cancers in head and neck. Due to the small
volume and highly diverse anatomy, target volumes in head and neck tend to be strongly non-
spherical, surrounded by multiple radiosensitive organs at risk, and in their very close proximity.
This requires highly conformal dose planning, that requires compromises between target
coverage and sparing of essential OAR. The intrinsically probabilistic nature of PTP offers an
opportunity to sensibly take these trade-offs into account and achieve maximum coverage

wherever possible, while simultaneously remaining conscious of sensitive normal tissues.

The second group involves patients with brain cancers that require whole-brain irradiation with
hippocampus sparing. As the organ at risk (OAR) — the hippocampus — does not have well defined
boundaries in all directions, a probabilistic description of the OAR can be utilized to describe with
greater degree of freedom the volumes that we wish to avoid with intermediate priority. This
means that the optimizer can spare the tissues where it is easier to achieve, and compromise

sparing on the edges when necessary to achieve lesion coverage.

Lastly, we explored dose prescription and optimization for a patient case with a molecular
imaging-based dose painting prescription. While several studies on dose painting prescriptions

have already been published, many existing works rely on accurate patient positioning without
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accounting for uncertainties. Due to its non-reliance on margins, the PTP approach would allow
continuous dose painting prescriptions while accounting for uncertainties, potentially increasing

robustness of such plans and expanding possible applications of dose painting.

To summarize, the purpose of the work we present in this chapter is to demonstrate the use of
the PTP approach for different applications that represent different special challenges of treatment

planning.

7.1 PTPin complex anatomies

7.1.1 Motivation

In Chapter 5 we evaluated probabilistic dose planning on patients with prostate cancer. While that
allowed us to perform a sound demonstration of PTP on a realistic geometry, prostate anatomy
is not as complex as some other disease sites. Conversely, radiotherapy of head and neck
cancers presents one of the most complex sites in terms of geometry, organs at risk and
conformal dose plans. For this reason, we expanded the PTP analysis to a set of three patients

with head and neck cancers.

Multiple target volumes are often used to capture both the primary tumor and suspected nodal
involvement. Sites of suspected subclinical spread are typically prescribed lower doses than the
visible disease, reflecting a lower likelihood and cancer cell density .As the anatomy of the area
is highly diverse, target volumes can be complexly shaped. Additionally, multiple nearby OAR
such as parotid glands, spinal cord, optical nerves, etc. must be considered to ensure acceptable
quality of life for the patient. These OARs are frequently located close to the target, sometimes

even overlapping with their target volumes.

Due to the highly diverse anatomy, manifestations of head and neck cancers can vary

considerably between different patients, based on the exact location and extension of the disease.
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For this reason, we organized this section into a series of case studies where comparisons on

individual level are performed, rather than as a population.

7.1.2 Materials and methods

Three patients with head and neck cancers were accepted for treatment at Centre Léon Bérard,
in Lyon, France. Patients received planning CT scans as part of their standard-of-care treatment,

and their CTVs and OARs were segmented by an experienced radiation oncologist.

7.1.2.1 Patient 1

The first patient was a 56-year-old male presenting with odynophagia and hemoptysis.
Nasoendoscopic examination revealed multiple left and right neck nodes with a nasopharyngeal
mass infiltrating the posterior pharyngeal wall and the top of the left tonsil fossa. A biopsy sample
was taken and revealed undifferentiated carcinoma. MR imaging using volumetric interpolated
breath-hold examination that achieved fat suppression via chemically selective fat saturation (FS-
VIBE) and a gadolinium contrast agent were used to confirm a large nasopharyngeal tumor
infiltrating the L&R tonsil fossae, and a bony infiltration in the clivus and petrous bone. Multiple
bilateral lymph node involvement was also observed. PET/CT imaging did not reveal any distant

disease. A coronal and a sagittal slice of the patient’s MRI can be seen in figure 33.
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Figure 33: Coronal and sagittal slices of the patient’s MRI. Arrows indicate location of disease.

We identified four target volumes. CTV-P1 included the target in the nasopharynx, clivus, apex of
the right and left petrous bone and tonsil fossae. CTV-P2 encompassed sphenoid sinus, posterior
1 cm of the nasal fossae, right pterygoid muscle and left parapharyngeal space. We also identified
four additional nodal CTVn in the left and right retropharyngeal and retro styloid lymph nodes, for

a total of six target volumes.

We prescribed a dose of 70 Gy to the CTV-P1 and therapeutic CTVn, and a dose of 54.25 Gy to
CTV-P2 and to remaining two CTVn prophylactically. We set target dose benchmarks as Dggy, =
90%, Dgso, = 95%, and Dose = 107%. In addition to that, we prescribed doses for the nearby OARs:
spinal cord, brain stem, parotid glands, oral cavity, eyes, optic nerves, larynx, trachea, esophagus,

and mandible. These target and OAR volumes can be seen in figure 34.
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Figure 34: Different VOI for patient 1, split by category. Target volumes with 70 Gy prescription

(red), target volumes with a 56.25 Gy prescription (yellow) and OAR (green).

We created dose plans using both classical and PTP approach. A CTV-PTV margin of 4 mm was
used to account for positioning uncertainties in the classical approach. For the PTP approach,
positioning uncertainties were accounted for using scenarios of 4 mm shifts in the six cardinal
directions. We qualitatively compared dose plans using dose-volume histograms, and
guantitatively using dose benchmarks and their ranges. We evaluated all target metrics for their
respective CTVs, for both planning approaches and under the 4 mm shift scenarios, as used for

the PTP planning.

7.1.2.2 Patient 2
The second patient was a 57-year-old male presenting with mild pain and ulcer on the left lateral
border of mobile tongue. Examination confirmed a 1 cm ulceration of the posterior left lateral

border of the mobile tongue with no palpable node. A biopsy revealed a well differentiated
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squamous cell carcinoma, and MRI and CT images revealed no visible lymph node or distant

metastasis. A coronal slice of the patient’s MRI can be seen in figure 35.

L
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Figure 35: Coronal slice of the patient’'s MRI image, with the white arrows indicating the location

of the disease.

For this patient, we identified one target volume and prescribed a dose of 64 Gy. We set target
dose benchmarks as Dggy, = 90%, Dosy = 95%, and Dosyw = 107%. In addition to that, we prescribed
doses for the nearby OARs: spinal cord, parotid glands, right sub-mandibular gland, oral cavity,

pharyngeal constrictor muscle, larynx, trachea and mandible.

We calculated dose plans using both classical and PTP approaches, using a 4 mm margin in the
classical planning and scenarios of 4 mm shifts for the PTP planning approach. We performed
dose plan comparisons qualitatively using dose-volume histograms, and quantitatively using dose
benchmarks and their ranges. We evaluated all target metrics for their respective CTVs, for both

planning approaches and under the 4 mm shift scenarios, as used for the PTP planning.
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7.1.2.3 Patient 3

The third patient was a 58-year-old male presenting with a lump in his right neck and soreness
swallowing. An examination revealed a 3 cm node in his right side of the neck, arising from the
base of the tongue, and with no involvement of lingual surface of epiglottis. Biopsy revealed
moderately differentiated squamous cell carcinoma, and MRI imaging confirmed the 3 cm mass

at the right base of the tongue, and necrotic right lymph nodes. PET/CT imaging revealed no

distant disease presence.

We defined six target volumes for this patient. We prescribed a dose of 70 Gy to the primary target
volume CTV-P1 and nodal volume CTVn_70 Gy, and prescribed the remaining four target
volumes a dose of 54.25 Gy, with the same dose benchmarks as in patient 1. In addition to that,
we prescribed doses for the nearby OARSs: spinal cord, brainstem, parotid glands, oral cavity,
larynx, trachea, esophagus and mandible. After planning, we compared dose plans qualitatively
using dose-volume histograms, and quantitatively using dose benchmarks and their ranges. We
evaluated all target metrics for their respective CTVs, for both planning approaches and under

the 4 mm shift scenarios, as used for the PTP planning.
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7.1.3.1 Patient 1
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For both classical planning and PTP, we obtained generally feasible dose plans that met most

optimization objectives. We achieved all optimization objectives for target volumes, in classical

planning for the nominal scenario evaluation, and failed to achieve one objective (left nodal CTV)

when evaluating all scenarios. PTP target coverage also achieved all dose objectives for nominal

scenarios, and several objectives were not met for all scenarios. A summary of these results can

be seen in table 12.

Table 12: Dose benchmarks for Classically and PTP optimized plan of head and neck patient 1.

The smaller column in each section represents the objective that the dose plan should ideally

achieve. Metrics are reported as “mean [min-max]” as evaluated over all scenarios. Orange text

means the goal is not achieved. Dose requirements are marked with * and colored red if they

overlap with a higher dose prescription, which overrides the prescription.

Volume Dago Doso Doso

CTV;70  >63.0 67.4[63.6-68.5] >66.5 69.5[67.5-69.5] <74.9 74.6 [74.5-74.6]

CTVie70  >63.0 69.3[63.7-69.3] >66.5 69.7[69.4-69.7] <74.9 73.8[73.6-73.8]

CTVM70  >63.0 69.2[62.2-69.2] >66.5 69.7[69.3-69.7] <74.9 73.8[73.5-73.8]
Classical

CTVi54.25 >48.82 60.5[56.1-61.8] >51.5 65.3[61.6-65.9] <58.0* @ 74.3*[74.2-74.3]

CTVnrD4.25 >48.82 55.7[52.2-55.8] >51.5 56.8[56.3-57.0] <58.0* 73.2*[73.0-73.2]

CTVn54.25 >48.82 55.2[51.6-55.2] >51.5 56.5[55.9-56.5] <58.0* 73.2*[73.0-73.3]
PTP CTVs70  >63.0 64.5[58.3-64.9] >66.5 68.7[65.0-68.8] <74.9 74.9 [74.7-75.3]




CTVaRT0

CTVaL70

CTV154.25

CTVnr54.25

CTVn54.25

>63.0

>63.0

>48.82

>48.82

>48.82

68.2 [63.5-68.2]
66.8 [57.8-68.1]
58.6 [49.1-58.6]
52.5 [45.4-52.8]

49.3 [40.3-51.4]

>66.5

>66.5

>51.5

>51.5

>51.5

69.7 [68.8-69.7]
69.5 [68.7-69.6]
64.5 [60.3-64.5]
55.7 [54.2-55.7]

54.9 [53.4-55.6]

<74.9

<74.9

<58.0*

<58.0*

<58.0*
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74.3 [74.3-74.6]
74.9 [74.3-75.3]
74.9* [74.7-75.1]
74.1* [74.1-74.3]

74.5* [74.4-74.7]

In OAR volumes, classical planning failed to meet baseline requirements in the nominal scenario

for two of the OARs: left parotid and oral cavity. In contrast, PTP achieved all dose requirements

for OARs in the nominal case. Both planning approaches failed to achieve OAR dose benchmarks

for all scenario evaluations. Detailed results for OAR dose benchmarks can be seen in table 13.

Table 13: OAR dose benchmarks for classical and PTP plans. Metrics are reported as “mean

[min-max]” as evaluated over all scenarios. Orange text means the goal is not achieved.

Volume (#)
L parotid (10)
R parotid (11)

Oral Cavity (12)
Larynx (17)

Brainstem (11)

PRV Brainstem

PRV Spinal Cord

Eye L (15)

Prescription

Dmean<30 Gy
Dmean<35 Gy

Dimean<35 Gy
Ds<55 Gy,
Dmean<35 Gy

D»<60 Gy

D,<62 Gy

D,<40 Gy

Ds<40 Gy

Classical result

Drmean = 31.6 [27.6-37.6] Gy
Dmean = 346 [305‘411] Gy
Dimean = 36.3 [35.8-39.6] Gy

Ds = 45.8 [40.8-55.8] Gy
Dmean = 318 [308‘341] Gy

D, = 59.4 [58.9-61.6] Gy

D, = 61.5 [59.8-65.4] Gy

D, = 40.0 [39.5-50.2] Gy

Ds = 22.9 [20.6-26.6] Gy

PTP result

Dmean = 27.0 [24.3-32.0] Gy
Dmeanz 312 [276'378] Gy

Dimean = 33.7 [32.8-35.6] Gy
Ds = 51.5 [44.8-59.6] Gy
Dimean = 33.9 [32.3-36.3] Gy
D, = 51.5 [46.2-57.4] Gy

D, = 54.1 [49.0-61.1] Gy

D,=30.8 [27.8-41.1] Gy

Ds = 24.4 [22.4-26.5] Gy
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Eye R (16) Ds<40 Gy Ds = 22.3 [17.0-28.7] Gy Ds = 23.3 [17.8-28.3] Gy
PRV Occ Nrv R (17)  D2<50 Gy Ds = 29.6 [22.2-39.1] Gy Ds = 32.3 [24.2-43.1] Gy
PRV OccNrvL(17)  D.<50 Gy Ds = 32.0 [25.4-39.1] Gy Ds = 31.3 [25.5-38.0] Gy

Trachea Ds<55 Gy, Ds = 30.8 [29.7-33.2] Gy Ds = 29.5 [28.3-32.5] Gy
Drean<35 GY  Dpean = 13.04 [12.1-14.0] Gy D, = 13.0 [11.9-14.0] Gy

Esophagus De=45 Gy, Ds = 26.5 [26.4-29.0] Gy Ds = 27.0 [26.0-28.3] Gy

Dmean<30 Gy Dmean = 6.3 [55-74] Gy Dinean = 6.7 [59-78] Gy

For a qualitative visual comparison, we examined dose-volume histogram clouds for classical

and for PTP. Results can be seen in Table 12 for target volumes and Table 13 for OAR.
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Figure 36: DVH cloud plots for all six target volumes for classical planning (left) and PTP (right)

for patient 1.
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Figure 37: DVH cloud plots for all OAR volumes for classical planning (left) and PTP (right) for

patient 1.

We observed some differences in OAR, where PTP generated somewhat reduced doses,

especially in PTV Brainstem and PRV PRV.

7.1.3.2 Patient 2

We observed some differences in achieving dose requirements for this patient between the
classical and PTP approaches. In classically optimized dose plan, the target failed to achieve all
the target dose constraints, while also failing to meet the OAR constraints in the worst-performing
scenario considered. PTP failed to achieve the minimum dose requirements for the target,
however it achieved higher doses than when compared to classical planning. In addition, PTP
failed the dose requirements only for the larynx in the worst performing scenario considered. A

summary of these results can be seen in table 14.

Table 14: Target and OAR dose benchmarks for classical and PTP plans. Metrics are reported
as “mean [min-max]” as evaluated over all scenarios. Text color is adjusted to orange if the goal

is not achieved.



Volume (#)

CTVnG_64

L parotid
R parotid
Oral Cavity

Sub-mandibular
Gl.

Larynx

PRV SC

Trachea

Mandible

M Const. pharynx

Prescription

Dg9,>60.8 Gy
Dgsw> 62.7 Gy
Dosw< 68.5 Gy

Dmean<25 Gy
Dmean<5 Gy
Dmean<30 Gy

Dmean<7 Gy

Ds<50 Gy,
Drmean<35 Gy

D,<30 Gy

Ds<55 Gy,
Dmean<35 Gy

Ds<64 Gy

Dimean<30 Gy

Classical result

47.4[31.8-49.3]
57.5 [45.5-57.5]
71.2 [71.2-71.2]

23.1[18.9-29.9]
3.99 [3.53-4.58]

20.1[17.5-22.8]

6.81 [6.20-7.91]

39.4 [31.2-57.3]
25.9 [22.9-30.9]

25.7 [23.9-30.3]

19.7 [16.3-22.7]
2.92 [2.13-3.8]

59.4 [53.2-64.4]

23[19.9-28.8]
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PTP result

58.6 [46.1-58.6]
62.1 [53.0-62.1]
68.3 [68.2-68.3]

20.5 [17.3-24.9]
3.29 [2.96-3.58]
17.5 [15.3-19.9]

4.99 [4.63-5.52]

40.6 [32.2-55.6]
24.6 [21.4-29.3]

24.8 [23.2-28.2]

19.5 [16.2-22.6]
2.9 [2.13-3.76]

51.5 [47-55.9]

22.4[19.5-26.7]
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Figure 38: DVH cloud plots for all six target volumes for classical planning (left) and PTP (right)

for patient 2.

volume [%]

DVH cloud: OAR

DVH cloud: OAR

- R Parotid Yoy - R Parotid
L Parotid %0 L Parotid
Oral cavity Oral Cavity
SMG R so H\ SMG R
Mandible Mandible
M constrict Ph 70 M constrict Ph
Larynx Larynx
Trachea = Trachea
PRV SC 2:-; o PRV SC
§ =
S
R 40 [
R
h 30 i 3
\\\
2 1\ e
A \ \
1)\ S b
\ S
Pl h \ 0 L ' o L
40 60 80 100 0 20 40 60 80 100
Dose [Gy] Dose [Gy]

Figure 39: DVH cloud plots for all OAR volumes for classical planning (left) and PTP (right), for

patient 2.



7.1.3.3 Patient 3
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In the third patient, PTP target dose distributions were wider, and less consistent in achieving the

minimum target doses when compared to classical planning, as seen in table 15.

Table 15: Dose benchmarks for Classically and PTP optimized plan of head and neck patient 3.

The smaller column in each section represents the objective that the dose plan should ideally

achieve. Metrics are reported as “mean [min-max]” as evaluated over all scenarios. Orange text

means the goal is not achieved. Dose requirements that overlap with a higher dose prescription

are marked with * and colored red.

Volume Doo% Doso Doso%
CTV-P1  >63.0 69.4[69.2-69.5] >66.5 69.8[69.7-69.8] <74.9 73.1[72.6-73.6]
CTVn_70  >63.0 69.5[68.7-69.6] >66.5 69.8[69.6-69.8] <74.9 72.6[72.2-73.2]
CTV-P2  >48.8 69.0[62.3-69.0] >51.5 69.7[66.9-69.7] <58.0+ 72.9[72.5-73.3]
Classical |
'-e"eL”"Va >48.8 52.9[52.7-53.0] >51.5 53.4[53.3-53.4] <580 55.5[55.5-55.7]
Level >48.8 56.0[55.1-56.5] >51.5 50.6[59.0-60.0] <58.0*+ 72.4[72.2-72.7]
B . .0 [55.1-56. . .6 [59.0-60. . 4[72.2-72.
Level
ILvayR 488 525[483525 >515 532[525532] <580 57.5[56.2:63.5]
CTV-P1  >63.0 62.7[57.1-64.6] >66.5 66.5[62.0-66.6] <74.9 72.0[71.7-72.2]
CTVn_70  >63.0 65.2[60.2-65.2] >66.5 66.8[64.9-66.8] <74.9 71.1[71.0-71.2]
PTP CTV-P2  >48.8 52.0[40.0-56.6] >51.5 58.3[48.4-60.6] <58.0+ 71.6[71.2-71.8]
Le"e'L”"Va >48.8 454[37.2-49.3] >51.5 51.7[48.2-52.2] <58.0 58.4[58.3-58.5]
Level
>48.8 47.7[43.8-49.7] >515 52.3[51.0-52.6] <58.0*+ 70.6[70.5-70.6]

Ib/II/RPh/R
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>48.8 50.6[45.2-51.2] >51.5 52.3[49.6-52.4] <58.0 58.3[57.3-59.6]

Level
Il,IvVa,v R

PTP target doses were typically below the desired value for Dgg metrics, and also did not deliver
the desired dose in all scenarios for target Dgs. On the other hand, PTP planning was much more

successful in adhering to the prescribed limitations, as seen in table 16.

Table 16: OAR dose benchmarks for classical and PTP plans. Metrics are reported as “mean

[min-max]” as evaluated over all scenarios. Text color is adjusted to orange if the goal is not

achieved.

Volume (#) Prescription Classical result PTP result
PRV Spinal cord D02<35 Gy 33.6 [33.5-34.4] 27.7 [27.6-30.2]
Brain stem D02<30 Gy 19.7 [18.1-22.2] 16.6 [15.0-18.0]
L parotid Dmean <20 Gy 20.5[17.0-25.3] 14.2 [12.7-17.9]
R parotld Dmean <25 Gy 28.5 [238-333] 23.4 [188-295]
Oral Cavity Dmean <30 Gy 39.0 [35.5-42.9] 29.4 [26.6-33.1]
Ds<55 Gy 59.1 [49.3-66.7] 52.8 [39.2-63.1]
Larynx Dmean <35 Gy 33.2 [30.9-36.0] 27.7 [25.8-30.7]
Trachea Ds<55 Gy 35.8 [34.2-39.4] 35.6 [34.6-41.6]
Dmean <35 Gy 15.5 [14.7-16.5] 15.5 [14.8-16.7]
Esophagus Ds<50 Gy 28.6 [28.2-32.1] 32.4 [31.2-35.4]
Dmean <30 Gy 12.0 [11.4-13.0] 12.5[11.6-13.5]
Mandible Ds<70 Gy 59.8 [54.7-65.0] 55.3 [63.3-58.4]
D2<50 Gy 49.4 [45.7-52.4] 48.4 [44.7-51.3]

Most notably, in classical planning the nominal dose to oral cavity is over the desired mean by 9

Gy, whereas in PTP all the nominal OAR dose objectives are successfully achieved.
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Figure 40: DVH cloud plots for all six target volumes for classical planning (left) and PTP (right)

for patient 2.
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Figure 41: DVH cloud plots for all OAR volumes for classical planning (left) and PTP (right), for

patient 3.
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7.1.4 Discussion

In this section we compared the dose plans created with classical and PTP methods in three
patients with H&N cancers. Due to the complex geometry and conflicting optimization goals, it
was not possible to achieve all optimization objectives for all cases, but both planning approaches
were still able to create generally feasible dose plans. We elected not to group the patients for
comparison between planning approaches due to their small number and greatly different disease

presentations, but we instead evaluated them as separate case studies.

In patient 1, in the classically optimized plan utilizing PTVs, we observed good target coverage
for almost all target volumes and scenarios of uncertainty realizations. The plan failed to achieve
desired dose coverage for the left nodal target volume under some scenarios, due to the proximity
to the left parotid gland. Classically optimized plans also failed to achieve dose requirements in
two of the OARs: the left parotid and the oral cavity. Both volumes were in close proximity to target

volumes and were therefore directly opposed with competing dose objectives.

In PTP optimized dose plans, all target and all OAR requirements were met for the nominal
scenario. While PTP results did meet all target dose requirements for the nominal scenario, target
dose coverage was less consistent in PTP than in classical, with several objectives breaching
their desired prescriptions in at least some scenarios. However, we observed consistently lower
OAR doses in PTP plans when compared to classical, such as 10 Gy lower dose in the spinal

cord.

In patient 2, the classically optimized plan struggled to achieve sufficient dose coverage in the
target, presumably due to its elongated shape and proximity to several OAR that limited dose
deposition. While PTP planning also failed to meet target Dgs and Dsg values, it achieved higher
doses to both metrics, as well as meeting all other dose constraints other than worst scenario Ds

in larynx — where it still performed better than classically optimized plans.
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In patient 3, the PTP dose plan resulted in somewhat lower Dgg metrics in comparison to classical
planning, with most values being slightly below the desired thresholds. However, in classical
planning, the dose to oral cavity was a full 9 Gy higher than the prescription, where PTP planning

achieved all OAR limitations.

While the small number of patients and different anatomies prevented any statistical comparisons
as populations, these cases still provided valuable insight on the comparative performance of
PTP planning and demonstrated the usability of PTP in some of the most complex geometries
available. Our results also demonstrated that the PTP approach balanced target and OAR
objectives where required, resulting in dose plans with good adherence to desired optimization

objectives.
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7.2 PTP for probabilistic organ sparing

7.2.1 Motivation

We have shown the usefulness of the PTP approach for cases with probabilistic targets. However,
the PTP approach can also be used for probabilistic normal tissue definitions. One such example
is whole-brain irradiation with hippocampal sparing and dose escalation on metastases. Whole-
brain irradiation therapy is the standard treatment modality for patients with multiple brain
metastases, as it was shown to significantly improve tumor control and reduce the rate of
neurological death compared to radiosurgery alone [143]. However, whole-brain irradiation is
associated with long-term side effects, with multiple patients reporting significantly poorer quality
of life than patients receiving local therapy. The main side effects are neurocognitive deficiencies,
in particular worsening of memory abilities. The hippocampus is the human brain structure that is
most critically involved in episodic memory processing, and damage to the hippocampus is
associated with memory dysfunction. Using hippocampus sparing whole-brain irradiation
approaches has been shown to preserve memory and quality of life, compared to standard whole-

brain irradiation.

While hippocampi can be well identified on anatomical imaging, the exact extension of the nerves
involved in hippocampi function is uncertain. As the PTP formalism in theory allows probabilistic
handling of not just targets, but also OAR, the goal of this section is to evaluate whether

probabilistic handling of OAR is feasible using a probabilistic description of hippocampus sparing.

7.2.2 Materials and methods

We performed this proof-of-concept analysis on a dataset of two patients with brain cancer
intended for hippocampus sparing whole brain irradiation. The patients were imaged with a
Brilliance Big Bore CT scanner at the Universitaetsklinikum Tuebingen, Germany, in 2017 using

a O-MAR reconstruction algorithm. An experience physician segmented the images.We obtained
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volumes of whole brain, left and right hippocampi, and expanded hippocampus volumes for both
sides to be used in classical planning, eyes and any existing cancer nodes. We additionally

calculated normal tissue likelihood maps (NTLM) for hippocampi for the PTP approach. Example

patient images can be seen in figure 42.

Figure 42: Axial CT slice with hippocampi NTLM (left), and two axial slices for TLM for brain
metastases (middle, right). The hippocampi were prescribed a lower, and the metastases a

higher dose compared to the rest of the brain volume.

For radiation therapy planning, we resampled CT volumes and all corresponding segmentations
to a 2 mm cubical grid. We calculated TomoTherapy beamlets for 51 angular origins per gantry
rotation using a pitch of 0.86 and 64 beamlets per source origin. For PTP planning, we expanded
hippocampus volume using a region growing approach and planned for using both classical and

PTP approaches.

We evaluated the results using dose benchmarks in the brain, the hippocampi, and for the second
patient, in metastases. While the first patient did have a metastasis labeled, it was very small and
partially overlapping with the hippocampus volume, and was therefore excluded from the planning

and analysis. Dose benchmarks were compared between classical and PTP approaches.
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7.2.3 Results

7.2.3.1 Patient1

We created dose plans conforming to the overall expectations using both classical and PTP
approaches. The different dose benchmarks obtained with classical planning for the brain CTV
and the hippocampi, can be seen in table 17 and table 18. In all the tables in this section, entries
are written by first stating the mean scenario dose and then the min and max doses in the

brackets.

Table 17: Classically optimized plan dose benchmarks for patient 1.

Dosos Dso% Dos%
Brain CTV 9.34 [9.34-9.34] 30.1 [30.0-30.1] 32.4 [32.4-32.5]
Hippocampus L 4.03 [4.03-4.04] 7.16 [7.13-7.22] 18.4 [14.5-22.8]
Hippocampus R 6.27 [6.27-6.27] 7.72[7.71-7.73] 10.4 [9.79-11.1]

Similarly, the results of PTP planning for the same patient can be seen in table 18. We observed
generally comparable performance for both volumes, with PTP planning achieving 1 Gy lower
doses in the hippocampi for most dose volumes and 9 Gy for the Dgs of the left hippocampus.

PTP also achieved higher Dso dose in the brain volume and 1.8 Gy lower dose in brain Dgs.

Table 18: PTP optimized plan dose benchmarks for patient 1.

Dosw (GY) Dsow (GY) Dosx (GY)

Brain CTV 7.56 [7.55-7.57] 32.7 [32.6-32.7] 35.2 [35.1-35.2]
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Hippocampus L

5.46 [5.46-5.46] 6.52 [6.5-6.61] 9.54 [8.45-10.8]

Hippocampus R

5.39 [5.39-5.39] 6.4 [6.38-6.47] 8.92 [8.14-9.62]

7.2.3.2 Patient 2
The second patient presented with three separate metastases with prescriptions of 51, 51 and 42
Gy, respectively. Dose benchmarks for the classical approach can be seen in table 19 and table

20 for the PTP approach.

Table 19: Classically optimized plan dose benchmarks for patient 2.

Brain CTV
Hippocampus L
Hippocampus R

CTV 1 (51 Gy)
CTV 2 (51 Gy)

CTV 3 (42 Gy)

Dosw (GY)
15.3 [15.1-15.5]
4.75 [4.75-4.75]
4.91[4.91-4.91]
48.4 [46.5-49.6]
39.5 [36.0-43.8]

40.5 [40.1-40.9]

Dsow (GY)
29.6 [29.6-29.6]
6.66 [6.66-6.67]
7.06 [7.05-7.09]
50.9 [50.7-50.9]
47.5 [45.8-48.6]

41.9 [41.9-41.9]

Dosw (GY)
35.8 [35.7-35.8]
9.40 [8.88-9.92]
9.37 [8.87-10.0]
52.1 [52.0-52.1]
51.9 [51.7-52.0]

42.7 [42.7-42.8]

Again, PTP planning for patient 2 produced dose plans where Brain D95% was 1.7 Gy lower than
in classical planning. PTP plans also resulted in considerably reduced doses to both hippocampi
volumes. Comparable dose results are observed for all three brain metastases receiving the

integrated dose boost.

Table 20: PTP optimized plan dose benchmarks for patient 2.



Brain CTV
Hippocampus L
Hippocampus R

CTV 1 (51 Gy)
CTV 2 (51 Gy)

CTV 3 (42 Gy)

Dosw (GYy)
13.6 [13.4-13.9]
2.74[2.74-2.74]
2.98 [2.98-2.98]
48.3 [46.2-49.9]
38.1 [34.9-42.9]

41.9 [41.6-42.4]

Dso% (GY)
30.2 [30.2-30.2]
4.86 [4.82-4.98]
5.27 [5.24-5.34]
50.9 [50.8-51.1]
46.1 [44.0-47.7]

43.4 [43.3-43.4]
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Dosw (GY)
36.1 [36-36.1]
8.03 [7.65-8.71]
7.94 [7.51-8.7]
52.0 [51.9-52.0]
51.1 [50.7-51.3]

44.1[44.1-44.2]

7.2.4 Discussion

In these cases of probabilistic hippocampus sparing, both treatment planning approaches
achieved the desired effect of creating homogenous baseline dose with dose reduction in the
hippocampi. For the second patient, the integrated dose boosts effectively targeted visible
metastases. PTP dose planning slightly favored hippocampus sparing over brain dosage in both
patients, as is observed by brain Desy, but achieved overall higher Dsoy and Doso, for brain, as well
as lower doses to the hippocampi. Doses to the metastases for the second patient were

comparable between the two approaches.

These results show the viability of PTP use for whole brain irradiation with hippocampus sparing,
where the OAR is defined in a probabilistic manner, rather than with sharply contoured
boundaries. This probabilistic OAR description allows for optimization where volumes of
intermediate priority are spared where possible, but not when conflicting with other, higher priority

optimization objectives.
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7.3 PTP for dose painting

7.3.1 Motivation

Many tumors show significant spatial variation in biologic characteristics such as proliferation,
hypoxia, cell density and perfusion. As such, striving for a homogeneous dose distribution to
target volume may not be the most rational way to deliver the radiation dose [144]. Therefore, the
concept of dose painting has been introduced, where a higher dose is delivered to the more
resistant tumor areas while reducing the dose toward the more sensitive areas. First introduced
by Ling et al., it can also be viewed as reading biological, rather than physical conformity of the
radiation to the tumor [145]-[147]. Dose painting could allow target dose escalation without an
increase in toxicity, potentially improving treatment efficacy. Current dose painting approaches,
poorly account for uncertainties in planning and delivery, often simply including a PTV volume in
dose prescription [148]. This section seeks to evaluate the feasibility of PTP approach for dose
painting, which could allow for a more realistic incorporation of uncertainties into treatment

planning.

7.3.2 Materials and methods

For this proof-of-concept demonstration of dose painting planning, we used a single patient from
the Avastin dataset. This dataset is a 10-patient phase | study designed to test the safety of
administering Avastin (bevacizumab) to patients with head and neck squamous cell carcinoma.
The Avastin protocol involves a rich set of imaging data (FDG, FLT, CuATSM, and DCE CT
imaging) as well as target contours. For the purposes of this analysis, we used baseline FDG
PET/CT to generate a variable dose prescription and to create separate target maps for PTP

planning.

First, we resampled the CT and PET images to a 2 mm cubic grid. For the largest contoured target

volume, we created a continuous dose prescription map using the conversion function of:
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D; =50 + 15 * ,/SUV; (7.1)
Where D; is the prescribed dose in voxel i in units of Gy, and SUV; is the measured FDG uptake
in that voxel. While some dose painting studies use linear equations to convert PET uptake to
dose prescription, the square root conversion allows better targeting of multiple different tumor
subvolumes [148]. To reduce the effect of image noise on optimization, we smoothed the
prescription maps using a 6 mm Gaussian filter. This resulted in a prescription map that ranged
from 50 to 110 Gy. In addition, we defined separate probabilistic target maps for top and bottom

prescriptions. The minimum dose target prescription was defined simply as shown in equation 7.2

TMpin; = D;/Gy — 50 (7.2)
Where TM,,;,, ; is the target map value in voxel i, calculated by offsetting the dose map prescription
from the original baseline of 50 Gy. This meant that high-prescription volumes were preferentially
weighted to receive a minimum dose, compared to the low-prescription volumes. For the
maximum dose prescription, an inverse target map was defined as the difference from the
maximum TM,,;, value to the TM,,;, ; value in voxel i. This relation is also shown mathematically

in equation 7.3.

TMpayxi = max (TMpin) — TMpin i (7.3)
As most of the patient’s heterogeneity affecting dose planning was captured in these maps, only
three optimization objectives were used for this patient. These three were the minimum and
maximum dose prescription, each using the dose map for dose prescription and target map for
voxel-level weights and a ring structure surrounding the volume to avoid dose hot spots outside
of the target. Target maps were defined in this way because subvolumes receiving the increased
dose are small when compared to the larger baseline and therefore get less dose to satisfy
maximum dose limitations in the larger surrounding volumes with a lower prescription. An

example representation for all these volumes can be seen in figure 43.
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Figure 43: Example representation of input and planning volumes for dose painting. Input FDG
PET/CT can be seen in top left, and its transcription into the dose map in bottom left. The voxel
weights used for minimum and maximum prescriptions can be seen in the top right and bottom

right, respectively.

We calculated the dose for a TomoTherapy helical delivery plan using 64 binary multileaf
collimators, 51 angles for the X-ray source position per rotation, a pitch of 0.86 and a 2.5 cm jaw

width. We excluded dose calculation for beamlets that did not intersect the CTV expanded by 4
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mm (the classical PTV), and we omitted the weights corresponding to those beamlets in
calculations to keep computational burden within machine capabilities. We used a supervoxel
grouping approach to further ease the computational constraints, using 2000 supervoxels within
the target volume. We performed all optimizations on a system with two 16-core Intel Xeon E5-

2620 CPU (2.10 GHz) and 32 GB of RAM.

As direct optimization of dose painting prescriptions is not easily performed using the classical
planning approach, we evaluated only the results of dose painting plans with PTP for this section.
The classical planning approach does not lend itself to direct optimization of dose painting unless
substantial modifications are performed. As these modifications are outside the scope of this
work, we only evaluated results of dose painting plans created using PTP approach. We
evaluated the plans using dose-volume histograms, where we additionally segmented the target
volume We discretized the target volume into several subvolumes with 10 Gy increments ranging
from 60-100 Gy (i.e. 60-70 Gy, 70-80 Gy, etc.). This was done to evaluate dose adherence to
prescription in the different prescription ranges independently. Example discretized volumes can

be seen in figure 44.
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Figure 44: Example axial slice of discretized target volume

We successfully calculated the dose painting dose plan for the example patient and we
demonstrated that it generated preferentially higher doses in expected areas. An example axial

slice of the dose plan can be seen in figure 45.
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Figure 45: Axial slice of the example dose painting dose plan. The joint target volume is
contoured in green. Two nodes of higher dose are visible on patient’s right side (left in image).

Good spatial co-occurrence with dose prescription in figure 43 can be seen.

DVH and QVH cloud plots for different target subvolumes can be seen in figure 46. Satisfactory
conformity to planned doses can be observed in the QVH plot, with all subvolumes achieving

doses close to prescribed, as seen by QVH values close to 1.



123

DVH cloud: targets QVH cloud: targets
100 | = 100}
ao b 90 - Dose P3 60
— Dose P3 70
target joined Dese P3 80
80 f Dose P3 60 80 ose
Dose P3 90
Dose P3 70 D P3 100
70+ Dose P3 80 70t ose P31
. Dose P3 90
® 60 Dose P3 100 = 60
v o
£ sor E sof
g 3
Z st > s}
30 301
20 200
101 10F
D L I I I ey N D i i i i i i i i i
0 20 40 60 80 100 0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8
Dose [Gy] Dose / Dosen [%]

Figure 46: DVH cloud plot (left) and QVH cloud plot (right) for different target subvolumes. Dose

values close to planned were observed for all subvolumes.

Examining the histogram of the delivered to normalized dose, shown in figure 47, we see that the
majority of dose is close to the prescription, with 90% of the volume receiving between 95% and

106% of prescribed dose.
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Figure 47: Histogram of planned and prescribed dose for each voxel within the joined target

volume.

7.3.3 Discussion

The purpose of this sub-section was to perform a demonstration example on a patient with dose
painting dose prescription. PTP approach managed to create dose plans that achieved good dose
conformance (within 0.95-1.07 range) of the prescribed dose. This result was consistent between
subvolumes of different dose prescription, as shown by the QVH plot. While these results do not
suffice to draw any conclusion or comparison between different planning approaches, it
nonetheless serves as a validation that PTP can be used to create dose painting dose plans,

while still accounting for uncertainties.

7.4 Conclusions

This exploratory chapter was aimed at evaluating the opportunity provided by the PTP approach.
For this goal, we looked at different examples of dose plan optimization using the PTP approach

in various disease sites, each faced with a unique challenge.
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In subsection 7.1, we evaluated patients with head and neck cancers, which present highly
complex geometries with several targets of varying dose prescription and close proximity to
multiple organs at risk. As these targets are located next to sensitive OAR, mutually competing
optimization objectives are encountered, often making it impossible to achieve all specified goals
simultaneously, presenting a unique challenge for any optimization approach. In our results we
observed that PTP was able to create dose plans that sensibly balanced target and OAR

objectives and achieved a higher number of optimization objectives.

In subsection 7.2, we evaluated patients with whole brain irradiation and hippocampus sparing.
For these cases, we used a probabilistic expansion of the sensitive organ, to define the desired
probabilistic dose limits. The PTP approach achieved desired dose goals for both cases, including
for integrated boosts to multiple brain metastases, demonstrating the possibility of probabilistic

OAR incorporation into plan optimization.

Finally, in subsection 7.3, we applied the PTP approach on a patient with a continuous dose
prescription, or a dose painting case. Here, we used the patient's FDG PET image to define both
the desired dose prescription and corresponding target maps for minimum and maximum doses.
While these prescriptions resulted in dose plans that appear “noisier” on visual inspection, they

nonetheless achieved a dose distribution that is within acceptable deviation of prescribed dose.

The examples presented in this chapter of the thesis are meant as an exploratory evaluation of
the PTP approach in different applications, rather than a critical comparison of this approach to
classical planning. Because of this, we were able to use datasets with fewer patients than would
be normally required for a full comparison. Such a comprehensive analysis would also require an
even deeper evaluation of the specifics of each individual disease site and is outside the scope
of this thesis but present an avenue for future work that could build on the proof-of-concept

demonstrated in this work.
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8 Summary and future directions

The main purpose of this thesis is to present and evaluate a novel probabilistic target definition
and planning (PTP) approach. We assessed the feasibility of PTP by developing probabilistic
tumor maps combined with a new treatment planning optimization engine that could directly intake
these probabilistic maps into its treatment optimization. First, we illustrated the PTP concept on
an example dataset of patients with glioblastoma. Second, we evaluated the performance of this
treatment planning approach and compared it to traditional treatment planning on a prostate
cancer example. Finally, we explored the opportunities provided by this treatment planning

approach in three other disease sites, each faced with additional treatment planning challenges.

We demonstrated the workflow, including quantification of imaging uncertainties, as well as the
performance of the PTP in different anatomical sites over a wide range of challenges. Our results
showed that PTP is a viable treatment planning approach that offers opportunity to better and

more flexibly incorporate available patient specific information into treatment planning.

8.1 Research summary

8.1.1 Specific Aim 1: To assess feasibility of probabilistic target definition and planning

PTP

The first goal of assessing PTP feasibility was separated into two parts. The first part was
qguantifying FET PET repeatability in patients with glioblastoma, as described in Chapter 3. Since
any medical imaging modality, including PET, is subject to intrinsic uncertainties, this is a crucial
step that allows the differentiation of random uptake fluctuations from statistically significant
changes in uptake. Evaluating several different metrics, such as SUVmean, SUVmax and SUVggy,
for healthy and diseased volumes separately, we found that no statistically significant differences

existed between the population averages of test and retest imaging. The metrics for each patient
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did vary considerably, with uptake limits of agreement for whole-volume metrics around [0.80,

1.25].

Once we established these limits of repeatability, we used them in treatment planning as
described in Chapter 4. We first included the uncertainty information by creating probabilistic
gross tumor likelihood maps (gTLM). We then used the TLM directly in treatment planning, using
a voxel-weighted optimization function that uses voxel-level TLM values in the calculation of
objective function. To account for uncertainties, we used robust optimization with scenario
selection of uncertainty realization along the six cardinal directions of target shifts. We compared
this planning approach to standard robust optimization and to classical planning approaches,
following the GTV-CTV-PTV paradigm prescribed by the previous ICRU reports. Dose plans
obtained using RO methodology and classical volumes performed similarly to optimizations using
the classical approach, allowing us to validate our implementation of the PTP. Dose plans created
using the PTP approach resulted in plans with somewhat wider dose distributions, i.e., higher
maximums and lower minimums, than the classically optimized plans, however no significant
differences in plan quality were observed using one-sided t-tests evaluating for plan differences.
It is also worth noting that the goal of this work was not to create identical dose plans with the
different planning approaches, as the optimizations are fundamentally different, and differences

in results is to be expected. Rather, general agreement and performance was being sought.

The analyses in these glioblastoma cases served as a demonstration of the general feasibility of
the PTP approach. Working on this dataset provided the opportunity to demonstrate how imaging
uncertainty analysis can be performed, but also highlighted the often underestimated magnitude
of uncertainties that medical imaging is subject to. These cases were also uniquely suited for the
initial part of our PTP development, as the skull drastically reduces expected motion, leaving

remaining uncertainties mainly affected by microscopic infiltration, and providing only one
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generally applicable organ at risk — the healthy brain. While this facilitated the initial planning and
analysis, it also raised the question of how the PTP approach performs in more anatomically

complex regions, which was the focus of the next specific aim.

8.1.2 Specific Aim 2: To evaluate the performance of the new treatment planning

approach

The second aim of this thesis was to evaluate in greater depth how PTP performs in a more
complex scenario and how the results in those cases qualitatively compare to the classical
planning approach. To find an answer to this question, in Chapter 5 we applied the PTP approach
to a cohort of patients with prostate cancer. This selection offered several advantages in
evaluation. First, radiotherapy is a very common treatment modality for patients with prostate
cancer, making the evaluation of PTP in these cases highly relevant. Second, the prostate is
subject to greater positioning uncertainties than brain tumors, allowing us to validate the
performance of the planning approach under these uncertainties. Third, while each patient is
subject to greater individual uncertainties, planning is more comparable between different patients
than in patients with brain tumors, as the exact location of the disease does not impact the dose
distribution as much. The dataset we used in our analysis also allowed a different source of tumor
mapping and imaging uncertainties, which were obtained by other researchers in a previous
analysis, allowing a demonstration of a different initial imaging approach. Finally, recent studies
have shown the benefit of integrated dose boost plans as evaluated with patients’ disease free
survival and side effects. These results justify the exploration of the planning of non-uniform dose

prescriptions based on visible disease.

In chapter 5, dose plans obtained using the PTP approach had higher target maximum and mean
doses and simultaneously achievied lower doses to bladder and rectum. While both plans are

delivered on the same treatment delivery system, PTP is able to intrinsically evaluate trade-offs
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between different competing objectives, resulting in plans that favor dose boost magnitude over
target dose homogeneity, which is unreliable and optimizationally expensive under uncertainty.
With these results we have demonstrated that PTP produces feasible clinical plans in patients
with prostate cancer for both plans of uniform prescription. For plans with integrated dose boosts,
PTP achieved a better target/OAR ratio, which would likely result in a favorable patient
performance based on the results of current clinical trials. Due to its non-reliance on expansion
by margins to account for uncertainty, PTP can achieve intrinsic balancing of competing
optimization objectives. Additionally, it provides the opportunity for more complex dose planning,

which was the research focus more explored in Specific Aim 3.

8.1.3 Specific Aim 3: To explore the opportunity of PTP

In the final section of this thesis, we aimed to explore the opportunities of using PTP for different

disease sites and challenges, as shown in Chapter 7.

The first such evaluation was done in patients with head and neck tumors, which present highly
complex geometries with several targets of varying dose prescription and close proximity to
multiple organs at risk. With many planning objectives often competing against each other and
tightly defined optimization objectives to the point where it is impossible to achieve all
simultaneously, these geometries presented a unique computational and optimization challenge
for the PTP approach. In these cases, PTP achieved comparable performance to classical
planning and in some cases achieved better OAR objective adherence, while still delivering
sufficient dose to the target. In other cases, no differences were observed, as the classical and

PTP approaches achieved comparatively similar results.

The next application of the PTP approach was to cases of patients receiving whole brain
irradiation with hippocampus sparing. For these cases, rather than applying a probabilistic target

description, we implemented a normal tissue likelihood map (NTLM) for the organ at risk — the
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hippocampi. There we showed that the PTP approach was able to optimize dose plans for
probabilistically described organs at risk, sparing volumes where possible, but still optimizing for

adequate dose to higher priority optimization objectives.

Finally, we used PTP to optimize dose plans for patients with head and neck tumors, where the
dose prescription was adjusted based on the patient’'s FDG PET scan — a dose painting case that
cannot be optimized while accounting for uncertainties using the classical dose planning
approach. While the populations in these examples were not sufficient to make definitive
comparisons, we demonstrated the opportunities of how PTP can be used to capture and

parametrize different dose prescriptions.

8.2 Future directions

In this thesis we presented a novel radiation therapy planning and optimization approach that
allows for a fundamentally probabilistic incorporation of uncertainties. While we demonstrated the
application in a few select cases, there are still many guestions that can be explored in further
detail with this approach. Additionally, the ability of PTP to capture a broader category of
uncertainties makes it a promising candidate for the application to different treatment modalities.

In this section we will discuss some of these potential applications in greater detail.

The first avenue of exploration would be the application of PTP to additional disease sites or
anatomical considerations. One such example would be patients with lung cancer — either in free
breathing or with deep inspiration breath hold technique. Lung targets present an additional
challenge not yet evaluated in PTP, as they can exhibit very large motion during treatment. With
measured reproducibility or defined limits of breath hold repeatability, PTP would allow for

incorporation of multiple inspiration scenarios in planning and dose plan evaluation, potentially
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improving plan robustness. We would expect similar results of comparable and potentially more

robust plans in application of PTP to other treatment planning sites.

A second, more challenging avenue, is whether probabilistic planning results in a clinically
observable benefit to the patients. While the dose plans created with PTP were overall
comparable to the plans created with the classical planning approach, validating the non-inferiority

or any potential benefits of this approach is still a necessary step.

Another expansion of this approach would be the application of PTP to different treatment
modalities, such as proton or brachytherapy. Existing proton therapy is already commonly using
robust optimization for their treatment planning due to the strong non-linearity of proton dose
deposition. Applying probabilistic target definition and optimization should also integrate well with
the commonly used method of pencil beam scanning. Brachytherapy would be a very different
implementation, requiring additional uncertainties such as source placement accuracy. However,
being able to account for source placement inaccuracy or expected source drift, could lead to

more robust dose plans.

Another avenue of potential exploration is biological optimization. With this approach, one directly
tries to optimize for the expected tumor control probability (TCP) and normal tissue complication
probability (NTCP) values in the optimization, rather than achieving a predefined target dose
distribution. While this is a tempting approach, the most commonly used TCP models today are
still linear-quadratic, which may not accurately represent the actual tumor response to radiation,
based on the results of microbeam irradiation or partial volume irradiation studies, as well as the

rarely observed but infamous, abscopal effect.

Regarding our specific implementation of the PTP approach, some upgrades could be made as

well, such as improvements of the the mathematical formulation and engine, potentially improving
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the speed of optimization and convergence ability of the calculations. As a highly active field of
research, different optimization algorithms such as ROME and IPOpt, could be implemented,
which could potentially improve the speed and accuracy of calculating the optimization result
[149], [150]. This would also allow more complex and better scenario selection methods to be
used. Robust optimization approaches for dose planning have been developed on specialized
systems that can utilize hundreds of scenarios in various combinations of positioning, target
rotation, density, or deformation realizations. While the optimization approach used in this work
has been developed with these considerations in mind and could be expanded to account for
these cases with relative ease, this would cause the already considerable computational burden

to increase exponentially.

8.3 Conclusion

This thesis studies probabilistic target definition and incorporation in treatment planning over
various disease sites. It presents a novel quantification of imaging uncertainties, a method of
accounting for uncertainties using a probabilistic framework and a dose optimization approach
that can directly incorporate these uncertainties into treatment planning. It also includes several
applications of this workflow in different disease types: patients with glioblastoma, prostate
cancer, head and neck cancers and whole brain irradiation with hippocampus sparing. In all these
cases, probabilistic target definition and planning produced feasible dose plans that achieved
comparable or better dose benchmarks than dose plans optimized using the classical approach.
More importantly, the proposed probabilistic planning is considerably more versatile than the
classical dose planning, as it is not limited by the use of margins. While the benefit of these
dosimetric advantages would need to be validated in a clinical trial, existing knowledge of

response to radiation therapy indicates a favorable, or at least comparable response. Overall, this
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work provides extensive evidence supporting the use of a probabilistic approach in radiation

therapy.

9 Appendix — Summary of Datasets

1)

2)

3)

4)

Sir Charles Gairdner FET Glioblastoma Study

a) Presented in Chapters 4 and 5

b) Study population: 24 patients with histologically confirmed glioblastoma grade IV

c) A longitudinal prospective imaging cohort study in analysis of FET PET/CT imaging to
predict prognosis and identify treatment-resistant tumors.

d) Data: FET PET/CT imaging at baseline, 8 patients with additional retest FET PET/CT
imaging, MRI, Classical RT Dose plans

The Netherlands Cancer Institute Prostate mp-MRI Repeatability Study

a) Presented in Chapter 6

b) Study population: 12 patients with histologically confirmed prostate cancer

c) The study is a retrospective imaging cohort study acquired to evaluate novel treatment
planning approaches in patients with prostate cancers.

d) Data: MR-derived CT images of 12 patients, MP-MRI derived tumor likelihood maps,
contours of prostate, bladder, rectum, and femoral heads

Centre Léon Bérard H&N Dataset

a) Presented in Chapter 7.1

b) Study population: 4 patients with different cancers of head and neck

c) This dataset is a sample of patients selected for standard-of-care curative RT for H&N

d) Data: Contrast enhanced CT with extensive segmentations of disease volumes and
pertinent organs at risk

Universitaetsklinikum Tuebingen Hippocampus Sparing Dataset
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a) Presented in Chapter 7.2

b) Study population: 2 patients with glioblastoma receiving whole brain irradiation with
hippocampus sparing

c) This dataset is retrospectively evaluated cohort aimed to evaluate the viability of
probabilistic planning in patients

d) Data: CT scans with contours of the hippocampi, metastasis, and pertinent organs at
risk

5) Avastin Dataset

a) Presented in Chapter 7.3

b) Study population: 10 patients with head and neck squamous cell carcinoma

c) This phase | study aimed to test the safety of administering Avastin (bevacizumab) to
patients with head and neck squamous cell carcinoma.

d) Data: FDG, FLT, Cu-ATSM and DCE CT imaging at baseline, post Avastin and mid

chemo-RT.
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