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ABSTRACT

Effective radiotherapy treatment depends on delivering a sufficient dose to the tumour
to kill all cancer cells while minimizing radiation exposure to surrounding healthy tis-
sues and nearby sensitive structures known as organs at risk (OARs). Achieving
this balance is particularly important in prostate and gynecological cancers where
critical structures are located in close proximity to the target. This thesis investi-
gates decision-support strategies that aim to improve the robustness, precision, and
overall quality of radiotherapy treatment plans. The research focuses on two clin-
ically distinct applications of radiotherapy involving low-dose rate (LDR) prostate
brachytherapy and external beam radiation therapy (EBRT) for gynecological can-

cers.

In the LDR prostate brachytherapy component, an in-house dose engine was used
to simulate seed placement uncertainties associated with procedural variability during
implantation. Based on these simulations, the software calculated the probabilities
of achieving pre-implant dosimetric constraints, including the planning target volume
(PTV) receiving 150% of the prescription dose (PTV V150%) and global coverage
metrics. These probabilities were then used to determine threshold values predictive
of achieving one of the post-implant objectives, prostate D90%, defined as the dose
received by 90% of the prostate volume. The resulting thresholds provided a quantita-
tive framework for assessing plan robustness and guiding data-informed adjustments

prior to treatment.

In the EBRT component, the dose gradient optimization performance of the Nor-
mal Tissue Objective (NTO) and Concentric Ring Structures (CRS) was system-
atically evaluated in gynecological cancer treatment plans. Both methods achieved
clinical constraints for target coverage and OAR sparing. The NTO demonstrated
consistent and reliable performance, while CRS provided enhanced flexibility in shap-
ing the dose gradient in anatomically complex scenarios. These findings contribute
to treatment planning by informing the selection of optimization strategies based on

case complexity and clinical priorities.

These findings contribute to the development of robust, data-informed planning
strategies tailored to the clinical and anatomical challenges of prostate and gyne-

cological cancer radiotherapy treatment. By guiding adjustments to planned seed



v

placement in LDR brachytherapy and informing dose gradient optimization in EBRT
planning, they address the critical need to balance effective tumour coverage with the
protection of OARs, ultimately improving plan quality and supporting more consis-

tent patient care.
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Chapter 1

Introduction

Cancer remains one of the most serious health threats facing the global population,
with millions of new cases diagnosed every year. In Canada alone, an estimated
247 100 people were expected to be diagnosed with cancer in 2024, amounting to
nearly 675 new cases each day. Over the course of a lifetime, about two in five
Canadians are projected to receive a cancer diagnosis, a trend that is expected to
continue into 2025.12 Among these many cases, prostate and gynecological cancers
are a particular concern. Prostate cancer is the most commonly diagnosed cancer
among men, while gynecological cancers, which include ovarian, cervical, endometrial,
and uterine cancers, also pose a substantial threat to women’s health.® Although they
occur less frequently than prostate cancer, gynecological cancers are often diagnosed
at advanced stages, which can lead to poorer prognoses and fewer treatment options.
Given the impact of these cancers, implementing effective treatment strategies is
essential not only for improving survival rates but also for enhancing the quality of
life of those affected.*® Among the various treatment options available, including
surgery and chemotherapy, radiation therapy, often referred to radiotherapy, plays a

central role in the treatment of both prostate and gynecological cancers.

Radiation therapy involves the use of ionizing radiation to destroy cancer cells. It
can be delivered externally through external beam radiation therapy (EBRT), which
uses a linear accelerator (linac) to direct radiation beams at the tumour from outside
the body, or internally through brachytherapy, where sealed radioactive sources are

placed inside or near the tumour using needles and specialized applicators. In radi-



ation therapy, a key challenge lies in delivering sufficient dose to the tumour while
protecting nearby organs at risk (OARs) and healthy tissue. This challenge is espe-
cially critical in prostate and gynecological cancers, where multiple OARs are located
in close proximity to the tumour. Achieving this balance requires careful treatment
planning to ensure that the radiation dose is delivered to the tumour while minimiz-
ing exposure to surrounding structures. Despite careful planning, radiation therapy
can be limited by dose delivery uncertainties or by the need to compromise between
tumour coverage and OAR sparing. These challenges are important considerations
during the planning process, as both can significantly affect the quality of the final
dose distribution. In particular, anatomical variation, organ motion, and procedural
limitations may introduce dose deviations that compromising accuracy and consis-
tency. Additionally, efforts to ensure adequate tumour coverage often result in higher
dose to surrounding OARs, especially in anatomically complex regions like the pelvis,
where small deviations can increase the risk of OAR toxicity and reduce tumour con-
trol. As a result, ongoing research continues to refine planning strategies that improve

the precision, robustness, and effectiveness of radiation therapy.

This thesis aims to address these challenges through the investigation and refine-
ment of radiotherapy treatment planning strategies in both prostate and gynecological
cancers. In low dose rate (LDR) prostate brachytherapy, sealed radioactive sources
come in the form of small seeds that are placed inside the prostate to deliver targeted
radiation. Deviations between the planned and actual seed placement can affect dose
coverage within the tumour and increase the risk of unnecessary dose to OARs. To
evaluate and improve the robustness of these plans, an in-house software tool was
used to simulate seed positional uncertainties and assess their impact on dosimetry
metrics. In EBRT for gynecological cancers, the proximity of OARs to the tumour
requires careful control of dose gradients. This work explores the use of dose gradient
optimization tools, including normal tissue objectives and concentric ring structures,
to enhance dose conformity and improve OAR sparing. Together, these efforts aim
to contribute to the integration of decision-support tools and optimization strategies
that enhance the safety, consistency, and effectiveness of radiation therapy treatment

plans.

The remainder of this thesis is organized as follows. Chapter 2 provides back-

ground information on radiation therapy treatment planning, including key concepts



and techniques relevant to both areas of investigation. Chapter 3 presents the ro-
bustness evaluation in LDR prostate brachytherapy utilizing the in-house software to
simulate seed placement deviations. Chapter 4 describes the dose gradient optimiza-
tion work in gynecological cancers treated with EBRT. Finally, Chapter 5 summarizes
the findings and discusses the clinical implications and future directions of this re-

search.



Chapter 2

Background

2.1 Principles of Radiation Therapy

Radiation therapy is a common cancer treatment modality that uses ionizing ra-
diation to damage the deoxyribonucleic acid (DNA) of tumour cells, the molecule
responsible for carrying their genetic instructions and regulating replication. This
damage impairs the tumour cells” ability to divide and survive, ultimately leading to
their destruction. Ionizing radiation, which includes electromagnetic radiation such
as X-rays and gamma rays, as well as charged particles like electrons, penetrate the
body and interact with atoms to cause ionization. This ionization process involves
the ejection of electrons from their atomic orbits, producing ions and free electrons.
These free electrons can go on to cause further ionizations as they travel through
tissue causing atoms and molecules to become chemically unstable, which can lead
to their DNA damage.® The cumulative energy transferred through these ionization
events results in dose deposition, a critical factor in achieving therapeutic outcomes.
In radiation therapy, ionizing radiation induces cellular damage through direct or
indirect ionization mechanisms. Indirect ionization is typically associated with elec-
tromagnetic radiation, which transfers energy to atoms, resulting in the ejection of
free electrons that subsequently cause further ionizations. In contrast, direct ioniza-
tion involves charged particles that interact directly with atomic electrons, causing
ionization through Coulomb interactions.®® A thorough understanding of the follow-

ing processes and interactions are essential for accurate treatment planning, enabling



clinicians to predict how radiation will behave in different tissues and to optimize

dose delivery.

2.1.1 Photon Interactions

Photons are commonly used in radiation therapy and achieve both diagnostic and
therapeutic effects through indirect ionization. As photons pass through tissue, their
intensity is reduced due to absorption or scattering, also known as attenuation. This
process can be described quantitatively by the attenuation coefficient, i, which rep-
resents the probability of photon interaction per unit distance in a material.” This
attenuation occurs as photons interact with atoms in the body, which contributes to
the production of high-energy secondary electrons. These electrons are responsible for
depositing dose and damaging cancerous tissue. The generation of secondary electrons
occurs primarily through three major interactions: the photoelectric effect, Compton
scattering, and pair production. The probability of each interaction depends on both
the energy of the photon and the atomic number (Z) of the absorbing material.®®
This relationship is illustrated in Figure 2.1, which shows how the dominant photon
interaction across atomic number and photon energies ranging from kiloelectronvolts
(keV) to megaelectronvolts (MeV).®

100
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- | Photoeffect dominant Pair production
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20 |
0}
0 L 1 IlJ.ll] e Ak]\lll A A Ilk}.ll A -
0.01 0.05 0.1 05 1 5 10 50 100

Photon energy (MeV)

Figure 2.1: Interaction dominance of photons by atomic number and energy. Domi-
nance regions of photon interactions in matter, showing the energy ranges and atomic
numbers of the absorbing material where the photoelectric effect, Compton scatter-
ing, or pair production are most likely to occur.®



2.1.1.1 Photoelectric Effect

The photoelectric effect occurs when a photon is completely absorbed by an atom,
resulting in the ejection of an inner-shell electron. Atoms contain electrons arranged
in discrete energy levels known as shells, labeled K, L, M or N, starting from the
innermost shell (K) and moving outward. These shells represent regions of increasing
energy, with the K-shell electrons being the most tightly bound to the nucleus. When
a photon interacts with an atom, its energy can be transferred to an electron in
one of these inner shells, ejecting it from the atom as a photoelectron. The energy

transferred to the electron can be quantified by the equation:

E’I‘ransferred =hv — EBinding (21)

where hv is the photon incident energy and Eginging is the binding energy of shell to
6,8

which the electron is ejected from.

Following ejection, the resulting vacancy may be filled by an electron from a
higher-energy shell. This de-excitation process leads to the emission of characteristic
X-rays, which are specific to the element and providing insight into its atomic struc-
ture. Alternatively, these characteristic X-rays may be reabsorbed within the atom,
transferring its energy to another outer-shell electron and ejecting it as an Auger

electron.%?®

Characteristic
x-rays Auger
A
! electrons

hv(photon)

€ (photoelectron)

Figure 2.2: Photoelectric effect process. An incident photon transfers its energy to
an inner-shell electron, ejecting it as a photoelectron. The resulting vacancy is filled
by an higher energy-shell electron, releasing either characteristic X-rays or Auger

electrons. ¢



The probability of the photoelectric effect occurring is highly dependent on the
atomic number (Z) of the material and the energy (E) of the incident photons. The
mass attenuation coefficient for photoelectric is proportional to the ratio, Z3/E?, in-
dicating that the effect is more likely with higher atomic numbers and lower photon
energies (provided the photon energy is equal to or greater than the binding energy of
the electron’s shell).® This strong dependence on atomic number and photon energy
makes the photoelectric effect the dominant interaction at the low photon energies
typically used in diagnostic imaging. Its sensitivity to atomic number is particularly
important for producing high-contrast images, as tissues with different atomic compo-

sitions such as soft tissue and bone, have varying probabilities of photon absorption.”

2.1.1.2 Compton Scattering

Compton scattering occurs when a photon interacts with a loosely bound outer shell
electron, where the photon’s energy and momentum are partially absorbed by this
electron. This results in the electron to be ejected out if its orbit as a Compton
electron and scattered at an angle, , resulting in ionization. Meanwhile, the photon
is scattered from the atom at a reduced energy and different angle, ¢. The reduced

energy of the scattered photon, ht/, can be quantified as:®

hv

hv' =
Y 1+ a(1 —cos¢)

(2.2)

hv
moc?

(0.511 MeV). The kinetic energy of the Compton electron can be defined as:

where hv is the incident photon energy and a = is the rest energy of the electron

a(l — cos @)

E = hv-
v 1+ a(l — cos o)

(2.3)
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Figure 2.3: Compton scattering process.An incident photon collides with a loosely
bound electron, ejecting it as a Compton electron and scattering the photon at a
lower energy. °

In Compton scattering, the probability of this interaction occurring is largely
dependent on the energy of the incident photon rather than the atomic number of the
material. However, the density of the material and the electron density also contribute
to the likelihood of this interaction.” This is because materials with higher densities
have a greater number of electrons per unit volume, increasing the chances of photon-
electron interactions. While this interaction can occur at all energy ranges, it becomes
the predominant interaction at medium to high energies where the photon is less likely
to be fully absorbed by the photoelectric effect, leaving it with sufficient energy for
repeated scattering events.® Compton scattering is the predominant interaction at
diagnostic and therapeutic photon energies ranging from approximately 30 keV to 30

MeV in low atomic number (low-Z) tissues such as water and soft tissue.’

2.1.1.3 Pair Production

Pair production occurs when a photon with an energy of at least 1.022 MeV interacts
with the electromagnetic field of an atomic nucleus, resulting in the creation of an
electron-positron pair. As the photon approaches the nucleus, it transfers all of its
energy to generate a negatively charged electron (e¢~) and a positively charged positron
(e*). These particles are emitted in opposite directions, each receiving a portion of

the photon’s excess energy, quantified by the equation:



ETransferred = hrv — 1.022 MeV (24)

where hv is the incident photon energy and 1.022 MeV is the combined rest mass
energy of the electron-positron pair. The resulting particles then traverse the sur-
rounding medium, losing energy through interactions such as ionization, excitation,
and bremsstrahlung radiation. Eventually, the positron interacts with a free electron,
producing two annihilation photons (gamma-ray photons), each with an energy of

511 keV, emitted in opposite directions.®

® € (electron)
./" ‘\

/ ./o\.
® / ®

hv>1.02 Mev ® &

Photon ®

e

ér(positron)

Figure 2.4: Pair production process. A high-energy photon interacts with the atomic
nucleus and converts into an electron and a positron.’

The probability of pair production depends not only on photon energy but also
significantly on the atomic number of the absorbing material. Specifically, it increases
proportionally to the square of the atomic number (Z?), as higher-Z nuclei produce
stronger electromagnetic fields that enhance the likelihood of interaction.® This effect

becomes especially pronounced at photon energies in the greater megaelectron range.

2.1.2 Electron Interactions

Understanding electron interactions is essential in radiation therapy, as electrons con-
tribute to energy deposition in tissue through both direct and indirect mechanisms.
In this context, these terms refer to the physical processes by which radiation deposits
energy in matter, and should not be confused with the radiobiological concepts of di-
rect and indirect effects, which describe the pathways of DNA damage. As a form of
directly ionizing radiation, electrons interact with biological tissue primarily through

Coulomb forces, leading to the excitation or ionization of atoms. These electrostatic
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interactions displace or excite atomic electrons, resulting in energy deposition. Elec-
trons also play a key role in indirect ionization, which occurs when uncharged photons
interact with matter to produce secondary electrons. These secondary electrons then

deposit energy in tissue through the same ionization processes.’

These electron interactions can be further understood through their types of col-
lisions with tissue atoms. Elastic collisions occur when electrons scatter without
significant energy loss, merely changing direction. In contrast, inelastic collisions in-
volve energy transfer to atoms, leading to excitation or ionization, which are processes
critical for therapeutic effects. In radiotherapy, it is these inelastic collisions, espe-
cially those causing ionization, that are primarily responsible for biological damage
within tumour tissues.%7

The extent to which electrons deposit energy as they traverse tissue is described
by stopping power, which represents the rate of energy loss per unit path length and
is a key parameter for quantifying dose deposition in radiation therapy. The stopping
power depends on the electron’s kinetic energy, as well as the atomic number and
electron density of the medium. The Bethe-Bloch equation provides the foundational
basis for calculating stopping power by accounting for the energy loss through its in-
teractions with matter. This energy loss plays a central role in shaping the therapeutic
dose delivered to tissue. Additionally, the stopping power consists of two components
known as collision stopping power and radiative stopping power. Collision stopping
power arises from interactions with orbital electrons, resulting in ionization and ex-
citation, while radiative stopping power results from interactions with atomic nuclei,
leading to bremsstrahlung radiation. In most therapeutic energy ranges, collision
stopping power is the dominant mechanism, whereas radiative losses become signif-
icant primarily at high energies. These interactions will be further discussed in the

following sections. %%

2.1.2.1 Collisional Interactions

Collisional interactions occur when incident electrons interact with the orbital elec-
trons of atoms in the medium through Coulomb forces, resulting in energy transfer
leading to excitations or ionizations.® These interactions can be classified as either

soft or hard collisions based on the impact parameter, which is the distance of the



11

electron from the atom relative to the atomic radius.!°

In the case of soft collisions, where the incident electron passes an atom at a
considerable distance (electron distance from the atom > atomic radius), the inter-
action may result in the excitation of an atomic electron to a higher energy level.®
The excited atomic electron eventually returns to its ground state, emitting a photon
with energy corresponding to the difference between the electron shells involved (Fig-
ure 2.5). Meanwhile, incident electron continues on its path but with reduced energy,

having lost a few electron volts (eV) to the atomic electron.'”
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Figure 2.5: Soft collision process causing excitation. An incident electron transfers
part of its energy to an atomic electron, exciting it to a higher energy level.*

In hard collisions, an electron passing close to an atom can interact with one
of its atomic electrons (electron distance from the atom =~ atomic radius).® This
close proximity allows the incident electron to transfer a significant portion of its
kinetic energy to the atomic electron, effectively ejecting it from its shell and causing
ionization. As a result, the incident electron continues on its path but in a different
direction, and with reduced energy (Figure 2.6). This type of interaction typically

results in more significant tissue damage due to the higher energy transfer involved.® '°
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Figure 2.6: Hard collision process causing ionization. An incident electron transfers
sufficient energy to eject an atomic electron, resulting in ionization.'?

The likelihood and intensity of collisional interactions are significantly influenced
by the impact parameter, electron energy, and the atomic material’s atomic number.
Soft collisions, occurring at larger impact parameters, are more frequent due to less
stringent alignment requirements between the electron and the atom. Higher electron
energies enhance the likelihood and intensity of both soft and hard collisions by
allowing electrons to penetrate deeper and increasing their interactions with atomic
electrons causing significant damage to tissues. Similarly, greater atomic numbers
increase the likelihood and intensity of these collisions due to stronger electromagnetic

forces that attract and interact with the electrons more effectively.% 19

2.1.2.2 Radiative Interactions

In radiative interactions, electrons lose energy by emitting photons. When an electron
passes sufficiently close to the nucleus (electron distance from the atom < atomic
radius), the Coulomb fields of the nucleus and the electron interact, causing the
electron’s path to be deflected.®!® While this scenario most often results in elastic
scattering, a small percentage of these encounters lead to inelastic scattering. In
these instances, the rapid deceleration of the electron causes it to lose energy, which
is then emitted as a photon, a process known as Bremsstrahlung, or breaking radiation
(Figure 2.7). The energy of the emitted photon can range up to the kinetic energy
of the incident electron. The likelihood of radiative interactions occurring increases

with the square of the atomic number (Z?) of the nucleus and also increases with the
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electron’s energy.'’
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Figure 2.7: Radiative interaction process leading to Bremsstrahlung radiation. An
incident electron closely passes by the electric field of the nucleus, emitting a photon
in the form of Bremsstrahlung radiation.'

2.2 Radiation Therapy Modalities

The foundation of radiation therapy as a medical treatment was established shortly
after Wilhem Conrad Roentgen’s discovery of X-rays in 1895, where one of the earli-
est documented clinical applications occurred in 1896, when American physician Emil
Grubbe reportedly used X-rays to treat a patient with breast cancer.!! This marked
the early beginnings of what would evolve into external beam radiation (EBRT'). The
following discovery of radioactivity by Henri Becquerel later that year paved the way
for further advances in therapeutic radiation, including the isolation of radium by
Pierre and Marie Curie in 1898. The use of radium as a radiation source was soon
explored and showed promise in treating conditions like lupus and cancer, introducing
the foundational principles of brachytherapy.'?> These early innovations initiated the
clinical and technological evolution of radiation therapy, leading to more refined and
targeted radiation delivery methods. Advances such as imaging guidance and dose
modulation have facilitated modern approaches to be tailored to the tumour location
and patient-specific factors, ensuring precise treatment while sparing healthy tissues.
The following sections will describe the current implementation and techniques asso-
ciated with both brachytherapy and EBRT.
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2.2.1 Brachytherapy

Brachytherapy, also referred to as internal radiation therapy, involves the placement
of sealed radioactive sources directly within or adjacent to the tumour, where the
radiation travels a short distance. By positioning the radiation source close to or inside
the target volume, brachytherapy enables highly localized dose delivery with rapid
dose fall-off, effectively treating the tumour while minimizing exposure to surrounding
healthy tissues.'®1? The steep dose falloff around the source is a defining characteristic
of this technique and is governed by physical principles that make brachytherapy

particularly effective for treating well-localized tumours.

In brachytherapy, radiation is delivered using radioactive isotopes that emit radi-
ation as they decay over time. The rate of this radioactive decay is characterized by
the activity of the source, measured in becquerels (Bq), which describes the number of
disintegrations per second. The activity decreases exponentially over time according

to the radioactive decay law:
Alt) = Ag- e (2.5)

where A(t) is the activity at time ¢, Ay is the initial activity, and A is the decay
constant. The decay constant, used to describe how quickly the radioactive source

undergoes decay, is calculated as:

)= In(2)

_ 2.6
T (2:6)

with T/, representing the source’s half-life.® The half-life determines how long the
source remains therapeutically active and directly influences the duration of dose
delivery in brachytherapy. Understanding this relationship is essential for determining
the appropriate isotope based on the desired dose rate and treatment duration. Short-
lived isotopes with high initial activity are useful when rapid dose delivery is needed,

while long-lived isotopes provide prolonged dose exposure over extended periods.!”

A defining principle in brachytherapy is the inverse square law, which describes
how radiation intensity decreases proportionally to the square of the distance from
the source:

) 1
Intensity o s (2.7)
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where r is the distance from the source.!* This relationship enables high-dose delivery
near the source while rapidly sparing surrounding tissues, a critical advantage of

brachytherapy in anatomical sites where tumours are adjacent to sensitive structures.

Brachytherapy techniques are generally classified into high-dose rate (HDR) and
low-dose rate (LDR) approaches, based on the rate at which radiation is delivered
and the duration of source placement. HDR brachytherapy delivers high doses over
short periods, typically a few minutes per fraction, where a fraction refers to a single
treatment session in a multi-session course, using a temporarily inserted high activity
source. In contrast, LDR brachytherapy involves the permanent implantation of low-
activity sources which emit radiation continuously over an extended duration ranging
from several weeks to a few months, depending on the isotope’s half-life and continue
to remain in the body even after the majority of radioactive decay has occurred.!® !5
The remainder of this section will focus on LDR brachytherapy based on the work

presented in the thesis.

In addition to the activity and half-life of the radioactive isotopes, the photon
energy also determines their clinical suitability by influencing tissue penetration,
treatment duration, and dose distribution.® Photon energy affects how deeply radi-
ation can penetrate tissue. Isotopes that emit lower-energy photons are advantageous
for treating localized tumours, as the dose remains confined to the immediate area.
In LDR brachytherapy, the most commonly used isotopes include iodine-125 (*2°1),
palladium-103 (1%¥Pd), and cesium-131 (!3!Cs). Todine-125 emits photons at approx-
imately 28 keV and has a half-life of about 60 days, making it well suited for slowly
proliferating tumours such as prostate cancer.'®'7 Palladium-103 has a shorter half-
life of 17 days and emits photons around 21 keV, allowing for a faster dose delivery,
often preferred for more aggressive disease.'® ! Cesium-131 emits photons at approx-
imately 30 keV and has a half-life of 9.7 days, offering even more rapid dose delivery
and is increasingly used in specific anatomical sites such as ocular or intracranial

tumours.!” 20

LDR brachytherapy is most commonly used in the treatment of localized prostate
cancer.'®17 The procedure is typically performed under general anesthesia and transper-
ineally, in which needles are inserted into the prostate under real-time guidance with
transrectal ultrasound (TRUS). A template grid is used to guide needle position-

ing, and radioactive seeds (individually or in stranded or linked configurations) are
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deposited into the prostate according to a pre-implant treatment plan.'” In some
cases, additional seeds, referred to as non-planned supplemental seeds (NPSS), may
be implanted at the discretion of the radiation oncologist to improve dose coverage
in specific areas.?! After the procedure, patients recover from the anesthesia and are

usually discharged the same day.'”

Prostate

Needle
delivering
seeds

Cancerous tumor Radioactive seeds

Figure 2.8: Low-dose rate prostate brachytherapy procedure. Radioactive seeds are
implanted directly into the prostate using needles inserted through a grid template.??

The total radiation dose delivered in LDR brachytherapy results from the cumu-
lative contribution of all implanted seeds. Dose calculations are performed using the
TG-43 dosimetry protocol, a standardized formalism that models how radiation is dis-
tributed around each source based on its physical and geometric characteristics.® 23
Further discussion of TG-43 implementation, dosimetric evaluation, and treatment

planning will be presented in subsequent sections of this thesis.

2.2.2 [External Beam Radiation Therapy (EBRT)

EBRT is the most common form of radiation therapy used to treat various cancers.
It is a non-invasive method of delivering high-energy ionizing radiation to the tumour
site from outside the patient’s body. EBRT is typically delivered in multiple frac-
tions, a process known as fractionation, where the total prescribed dose is divided into
smaller doses (fractions) delivered over a series of treatment sessions. This approach
allows normal tissues time to repair between treatments while maintaining effective
tumour control. The prescribed dose refers to the total amount of radiation recom-

mended by the radiation oncologist to achieve therapeutic effect, usually measured in
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Gray (Gy) or centigray (cGy). The specific fractionation regimen depends on tumour
6-8

type, location, and patient-specific considerations.

EBRT is commonly delivered using a linear accelerator, a machine that generates
either high-energy photon or electron beams. The process begins with an electron
gun, which serves as the source of electrons. It contains a heated cathode filament
that releases electrons by heating the metal surface, causing electrons to escape due
to increased thermal energy. These electrons are then accelerated toward a focusing
anode by a high-voltage potential difference, forming a focused, high-speed electron
beam. This electron stream is injected into an accelerating waveguide, where it is
further accelerated by microwave energy to reach megavoltage energies suitable for
therapeutic applications. The accelerated electrons are then directed by a bending
magnet toward a high atomic number (Z) target, typically tungsten, producing high-
energy X-rays through bremsstrahlung interactions. The resulting photon beam is
shaped to conform to the target volume using a series of components. It first passes
through a primary collimator to define the maximum field size and reduce stray ra-
diation. A flattening filter is used to create a uniform dose profile by attenuating
the central beam region, whereas flattening filter-free (FFF) mode omits the filter to
achieve higher dose rates for specific treatments. After this stage, the beam passes
through a monitor ionization chamber, which measures the dose output in real-time
and ensures consistent and accurate dose delivery throughout treatment. The beam
then reaches the secondary collimation system, which includes jaws and a multi-leaf
collimator (MLC). The jaws are movable metal blocks that define the rectangular
boundaries of the treatment field and provide additional shielding while the MLC,
composed of motorized tungsten leaves that adjust dynamically to match the tar-
get’s shape. The shaped beam exits the gantry and is directed towards the patient

surface.b: 724
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Figure 2.9: Linear accelerator schematic diagram. A high-energy electron beam
is accelerated and directed onto a target to produce X-rays, which are shaped and
modulated before reaching the patient.?*

Photon beam energies used in EBRT typically range from 4 MV to 25 MV, with
higher energies providing greater tissue penetration and improved percent depth dose
(PDD) shown in Figure 2.10.5® Beam energy selection is guided by the depth of the
tumour and the surrounding anatomical structures to achieve an optimal therapeutic
balance. Lower-energy beams (6 MV) are typically used for superficial or moderately
deep targets, as they deposit a higher dose closer to the surface, reducing exposure
to deeper tissues. Higher-energy beams (15 to 18 MV) are preferred for deep-seated
tumours due to their increased penetration and improved dose uniformity across the
target volume.?® This relationship is characterized by the percent depth dose (PDD),
which describes the percentage of the maximum dose delivered at a given depth in
tissue relative to the dose at a reference point (typically the depth of maximum
dose). PDD curves are used to evaluate how the dose falls off with increasing depth
and help determine the appropriate beam energy to ensure adequate coverage of the

target while minimizing dose to overlying and adjacent healthy tissues.®®
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Figure 2.10: Percent depth dose curves for various MV photon beams. Percent
depth dose (PDD) distributions in water for a 10x10cm? field using 4, 6, 10, and 20
MV photon beams.?¢

Several beam delivery techniques have been developed in EBRT to improve the
precision and conformity of dose distributions. Early techniques such as three-dimensional
conformal radiation therapy (3D-CRT) use a small number of fixed, stationary beams
shaped to the target volume.?” As technology evolved, more advanced methods like
intensity-modulated radiation therapy (IMRT) introduced the ability to modulate
beam intensity across each field, allowing for greater control over dose gradients and

improved sparing of adjacent organs at risk.?” 2
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Figure 2.11: External beam radiation therapy techniques. (A) three-dimensional
conformal radiation therapy delivers uniform beams from multiple fixed angles. (B)
Intensity modulated radiation therapy (IMRT) varies beam intensity across angles for
improved dose conformity. (C) Volumetric modulated arc therapy (VMAT) delivers
modulated dose continuously as the gantry rotates around the patient.

VMAT delivers radiation in a continuous arc as the gantry rotates up to 360°
around the patient. During rotation, the beam shape, dose rate, and gantry speed
are simultaneously modulated to deliver a highly conformal dose distribution.?’ This
dynamic coordination allows VMAT to sculpt dose with greater flexibility using one or
more arcs, compared to fixed-beam techniques. VMAT is particularly well-suited for
treating complex target volumes, such as irregularly shaped tumours or those adjacent
to critical structures, as seen in gynecological cancers, where steep dose gradients are
essential to spare surrounding organs at risk.3!32 However, the delivery complexity of
VMAT requires more sophisticated treatment planning and optimization processes.

These aspects of VMAT planning will be discussed in detail in the next section.

2.3 Radiation Therapy Treatment Planning

Radiotherapy treatment planning is essential in cancer care, providing a strategic
framework that guides the accurate delivery of radiation across various treatment
modalities. The purpose of treatment planning is to devise a strategy that delivers
precise radiation doses to the tumour, while simultaneously protecting the surround-
ing healthy tissues and OARs from unnecessary exposure. The general process of
treatment planning begins with detailed imaging to map out the tumour’s location

and the surrounding anatomy. Based on this imaging, the radiation oncologist (RO)
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delineates the target volumes and critical organs at risk. This allows for the devel-
opment of plans where dose distributions are specifically configured and optimized to
achieve the desired therapeutic outcomes, ensuring that each plan is precisely tailored
to the individual patient’s anatomy and cancer characteristics. Following this, the
treatment plan undergoes a thorough evaluation and must be formally approved by
the RO before treatment delivery can begin. An overview of this process is illustrated
in Figure 2.12. In the following sections, each step of the treatment planning process is
explored in more detail. Although these steps are broadly applicable to various types
of radiotherapy, the focus is specifically on their implementation in LDR prostate
brachytherapy and EBRT for gynecological cancers, detailing the considerations and

techniques used in these contexts.

Figure 2.12: Radiation therapy treatment plan workflow. The treatment planning
process begins with imaging, followed by delineation of structures, plan design and
optimization, evaluation, and final approval by the radiation oncologist (RO).

2.3.1 Medical Imaging

Imaging scans are used to determine the exact location, size, and shape of the tumour,
as well as to identify nearby OARs. This information is essential for assessing patient
eligibility, selecting appropriate treatment techniques, and determining optimal pa-
tient positioning. Common imaging modalities include computed tomography (CT),
magnetic resonance imaging (MRI), ultrasound (US), and positron emission tomog-
raphy (PET), each offering unique advantages depending on the clinical context. By
providing a detailed anatomical reference, these images serve as the foundation for

developing precise and effective radiotherapy treatment plans.
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2.3.1.1 Ultrasound Imaging

In LDR prostate brachytherapy, a volume study is the first step in the treatment
planning process, serving to accurately characterize the patient’s anatomy and guide
seed placement for optimal dose delivery. It provides essential information such as the
size, shape, and location of the prostate relative to surrounding critical structures,
influencing the number of radioactive seeds required and their spatial distribution.
Additionally, the volume study is used to determine the patient’s eligibility for treat-
ment by assessing pubic arch interference, which may impede needle access during
the implant procedure.?®3* This study is typically performed using transrectal ultra-
sound (TRUS) imaging, which captures axial images of the prostate, urethra, and
rectum. These images are then used to generate a pre-operative plan that serves as

the foundation for the treatment.
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Figure 2.13: Volume study for prostate imaging. Transrectal ultrasound is used
to acquire cross-sectional images of the prostate, which are used to determine the
prostate’s volume and shape for treatment planning.

TRUS imaging relies on fundamental principles of ultrasound (US) physics to
visualize internal structures such as the prostate, urethra, and rectum. The technique
uses a transducer containing piezoelectric crystals that generate high-frequency sound
waves when an electrical current is applied.*® These ultrasound waves are emitted in
short bursts and can be referred to as pulses, rather than continuous waves. These
US waves, typically in the range of 4 to 10 megahertz (MHz)for prostate imaging,

traveling through the body at various speeds depending on tissue density.?®37 For
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soft tissue, the speed is approximately 1540 m/s.>® As these US waves propagate
through the tissue, they may be reflected, refracted, scattered or attenuated at tissue
interfaces with different acoustic properties. Among these interactions, reflection is
the most critical for image formation. The extent to which a wave is reflected depends
on the difference in acoustic impedance between two adjacent tissues. The acoustic

impedance, Z, of a medium is defined as:
Z=p-c (2.8)

where p is the density of the tissue and c is the speed of sound in the tissue.?>3® When
an US wave encounters an interface with different acoustic impedances, a portion
of the wave is reflected back toward the transducer, also known as an echo. The

intensity reflection coefficient R, which quantifies the fraction of the incident wave

Zo — 71\ 2
R— (22"~ 2.9
<Zz+Zl) (2:9)

where Z; and Z; are the acoustic impedances of two mediums. Larger differences

that is reflected, is given by:

in impedance result in stronger reflections and brighter signals on the ultrasound

image.3®

To generate a B-mode image, also known as brightness mode or two-dimensional
US, the transducer emits ultrasound pulses in multiple directions across the imag-
ing field. This is accomplished either mechanically, by rotating the transducer, or
electronically, by steering the ultrasound beam using different elements within the
transducer array. Each pulse produces a scan line that represents tissue information
along that specific direction. The reflected pulses, or echoes, are received by the
transducer and converted back into electrical signals, where real-time images are con-
structed based on the timing and amplitude of these echoes. The time delay between
the pulse and echo determines the depth of the reflecting interface, while the ampli-
tude of the echo influences the brightness of each pixel in the final image. Stronger
echoes from dense or highly reflective tissues appear brighter, whereas weaker echoes
produce darker pixels, resulting in a two-dimensional grayscale image that conveys

tissue contrast and anatomical boundaries.?’
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Figure 2.14: Ultrasound B-mode imaging diagram. A pulse of ultrasound is trans-
mitted into tissue, and echoes from different structures are detected and converted
into brightness-modulated signals to form a two-dimensional image.*’

2.3.1.2 Computed Tomography

Computed tomography (CT), commonly referred to as a CT scan, is a widely used
imaging modality in radiotherapy planning, providing detailed anatomical visualiza-
tion and density information essential for accurate treatment planning and design. CT
imaging is based on the attenuation of X-rays and the reconstruction of images using
computer algorithms. These reconstructed images form the foundation for planning

tasks such as structure delineation and dose distribution calculations.

The imaging process begins with X-ray production inside an X-ray tube, which
operates using principles similar to linear accelerator-generated radiation but at sig-
nificantly lower photon energies in the kiloelectronvolt range.*' In the X-ray tube, a
heated filament at the cathode emits electrons through thermionic emission, which are
then accelerated across a high voltage potential toward a rotating anode. The anode
is composed of tungsten due to its high atomic number (Z = 74), which increases the
efficiency of X-ray production though bremsstrahlung interactions and is high melt-
ing point to withstand the heat generated during repeated exposure.®*? The resulting
X-ray spectrum contains a range of photon energies and undergoes filtration to re-
move low-energy photons that lack sufficient penetrating capabilities, also referred to

as beam hardening. This improves image quality and reduces unnecessary radiation
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exposure. After filtration, the beam is collimated and directed to the patient.*?
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Figure 2.15: X-ray tube schematic diagram. Electrons are emitted from the heated
cathode are accelerated toward the anode by a high voltage supply, producing X-rays
upon impact.*?

As X-rays pass through the body, they undergo attenuation primarily due to
photoelectric absorption and Compton scattering. The extent of attenuation is de-
scribed by the linear attenuation coefficient (1), which depends on the tissue’s density,
atomic number, and the energy of the incident photons. Higher energy photons are
less attenuated, while denser tissues and higher atomic numbers increase attenuation,

producing contrast between anatomical structures for image formation.%

The attenuated X-ray beam is detected by an array of solid-state detectors po-
sitioned opposite the X-ray source. Each detector unit consists of a scintillator, a
photodiode, and readout electronics. The scintillator, typically made of high atomic
number (Z) materials such as gadolinium oxysulfide (Gd2O2S) or cesium iodide (Csl),
efficiently absorbs incoming X-ray photons and re-emits the energy as visible light.*3:44
This light is then converted into an electrical signal by the underlying photodiode.
The attached electronics collect and digitize these signals where the resulting values
reflect the degree of X-ray attenuation along each path through the patient.** As the
X-ray source and detector array rotate around the patient, electrical signals generated
by the attenuated X-ray beam are collected from multiple angles, forming projection
data for the reconstruction of individual image slices. By translating the patient

couch incrementally through the gantry of the C'T, multiple cross-sectional slices can
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be acquired sequentially along the body, facilitating full volumetric imaging.

The intensity of the detected signal can be characterized by the exponential at-
tenuation law:
[ = Ipe (Eiame) (2.10)

where [ is the initial x-ray intensity signal, I is the signal intensity detected after
passing through the patient, u is the linear attenuation coefficient of the tissue, and
x is the tissue thickness. These signals then undergo preprocessing where the mea-
sured intensities are converted into line integrals of attenuation coefficients using a

logarithmic transformation:

]— n
p=In <]_0) =y (2.11)
=1

where p is the projection data corresponding to the x-ray path, I is the detected
intensity, and I is the initial intensity.**> This preprocessing step results in the sum of
the linear attenuation coefficients along the x-ray path which are then used in image

reconstruction algorithms to generate cross-sectional images of the patient’s internal

anatomy (Figure 2.16).1%4°
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Figure 2.16: Computed tomography signal detection process. An x-ray beam passes
through and is attenuated based on the linear attenuation coefficients of the tissues.
The transmitted intensity is measured by the detector and used to reconstruct the
internal structures.*?

The CT image reconstruction step combines projection data acquired from multi-
ple angles to generate a final image representing internal anatomy. A commonly used
reconstruction method is Filtered Back Projection (FBP), which consists of two main
steps, filtering followed by back projection.*? Filtering is applied first to correct for
blurring caused by overlapping intensity contributions during back projection. With-

out this step, projecting the raw data along the original X-ray paths produces a low
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contrast image.

During filtering, each projection is transformed into the frequency domain using
the Fourier transform to analyze the frequency components contributing to image
detail. A convolution kernel known as a ramp filter is then applied to enhance high-
frequency details such as edges while suppressing low-frequency components that
cause blurring. This sharpening step is essential for restoring image clarity.%47 Af-
ter filtering, the data are returned to the spatial domain using the inverse Fourier
transform. In the back projection step, these filtered projections are distributed back
across the image plane along their original X-ray paths. This is repeated for all
projection angles, resulting in reconstruction of the attenuation map of the scanned
slice. 46748

To visualize these differences in tissue density, the attenuation values are con-
verted into Hounsfield Units (HU), a standardized scale used in CT imaging. HU
values quantify the attenuation of tissues relative to water, allowing for consistent
visualization and differentiation of anatomical structures. The HU for a specific voxel

at location (z,y, z) is calculated using the following formula:

M(z,y,z) — Hwater

,uwater

HU(zy.-) = 1000 x (2.12)

where ji(x,y, 2) is the linear attenuation coeflicient at the voxel location (z,y, ), and
Hwater 1S the linear attenuation coefficient for water, which is defined as 0 HU. The
Hounsfield scale typically ranges from -1000 HU for air to +1000 HU for bone.® This
scale allows for clear distinction between tissues such as bone, soft tissue, fat, and air,
enhancing the clarity and utility of CT images for treatment planning. The final CT
image is displayed in grayscale, with varying shades representing different HU values

corresponding to tissue densities.

2.3.2 Structure Delineations

In radiotherapy, the process of delineating structures on imaging datasets is a criti-
cal step that significantly influences treatment planning and outcomes. This process
involves ROs manually identifying and contouring both tumours and nearby OARs.

While traditionally performed manually, recent advancements have seen the imple-
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mentation of automated methods, enhancing the efficiency and consistency of this
process.*?? Accurate identification and delineation of these structures are crucial as
they directly impact the efficacy and safety of the treatment. Errors in this process
can lead to underdosing of the tumour, potentially resulting in insufficient treatment,
or overdosing of OARs, which can increase the risk of toxicity. Moreover, these con-
tours are patient-specific and tailored to the site of the cancer, ensuring that each
treatment plan is precisely customized to address the unique challenges presented by

each patient’s condition.

2.3.2.1 Target Definitions

Contouring the tumour alone is not sufficient for effective radiation therapy due to
natural variations in patient anatomy and the potential spread of cancer cells beyond
the visible tumour boundaries. To address these challenges, margins are added to the
delineated tumour volume. These margins account for movements and microscopic
extensions of the cancer, ensuring all potentially affected areas are included in the
treatment plan. These considerations are formalized into specific target volumes as
established by the International Commission on Radiation Units and Measurements
(ICRU), including the gross tumour volume (GTV), clinical target volume (CTV),
internal target volume (ITV), and planning target volume (PTV). These target vol-
umes are designed to ensure precise and effective radiation delivery, accounting for
the dynamic nature of tumour behavior and patient movement throughout the course

5152 The GTV represents the visible or clinically detectable tumour, as

of treatment
identified on imaging or through clinical examination. The CTV includes the GTV
along with a margin for microscopic disease extension, accounting for subclinical tu-
mour spread that may not be visible on images.’" The ITV accounts for variability
in target position due to physiological movements, such as bladder filling or organ
motion.”®> The PTV expands the CTV and ITV further to account for setup uncer-
tainties, ensuring that the prescribed dose is consistently delivered to the intended

target.”!52
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Figure 2.17: Target volumes in radiotherapy. Schematic representation of the gross
tumour volume (GTV), clinical target volume (CTV), planning target volume (PTV),
treated volume, and irradiated volume as defined by ICRU Report 50.

2.3.2.2 Organs at Risk (OARs)

In addition to defining target volumes, radiation therapy planning also requires careful
consideration of the OARs which include healthy tissues and organs that are sensitive
to radiation and are located near the treatment area. Accurate identification and
protection of these structures are essential to minimize treatment-related side effects
and maintain the patient’s quality of life. The specific OARs considered vary by
treatment site, reflecting the anatomical complexity and varying radiation sensitivities

of OARs in different tumour sites.

2.3.2.2.1 OARs for Prostate Cancer

In prostate treatment using LDR brachytherapy, the primary OARs are the ure-
thra and rectum due to their anatomical proximity to the prostate and their suscep-
tibility to radiation exposure from permanently implanted radioactive seeds.’® The
urethra, which runs directly through the center of the prostate, is particularly vulner-
able to high radiation doses during brachytherapy. Excessive dose can lead to acute
and late urinary toxicities, including increased frequency, urgency, dysuria, urinary

retention, or, in some cases, urethral stricture formation.’* % The rectum lies imme-
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diately posterior to the prostate and is also at risk of receiving unintended radiation
exposure where radiation-induced irritation of the rectal wall may result in symptoms

such as rectal urgency, bleeding, diarrhea, or radiation proctitis.?” 58

2.3.2.2.2 OARs for Gynecological Cancer

In EBRT for gynecological cancers, careful attention is given to surrounding OARs
due to their close proximity to the uterus and cervix. These OARs include the blad-
der, bowel, rectum and, sigmoid. Unintended radiation exposure can lead to cystitis,
proctitis, or enteritis, with symptoms ranging from urinary and rectal irritation to
abdominal discomfort and long-term bowel dysfunction.’® % Depending on the ex-
tent of the treatment, additional structures such as the kidneys, femurs, and spinal
cord may also be considered OARs, particularly in extended-field treatments or cases

involving nodal irradiation.% %

2.3.3 Dose-Volume Metrics and Histograms

Dose-volume metrics are fundamental to both the development and evaluation of
radiotherapy treatment plans. These quantitative metrics describe the relationship
between the radiation dose and the volume of a given target volume or OAR that
receives that dose. They serve as the basis for defining treatment objectives, assessing

plan quality, and ensuring consistency with clinical goals.

Two common forms of dose-volume metrics are Dx and Vx. The Dx metric rep-
resents the minimum dose received by x% or x ecm? of a structure. The Vx metric
represents the percentage or absolute volume receiving at least x Gy or x% of the pre-
scribed dose. Both Dx and Vx can be expressed in relative (percentage) or absolute

(volume in cm?) terms, depending on the clinical context and institutional protocols.

To visualize these metrics, cumulative dose-volume histograms (DVHs) are uti-
lized. These DVH provides a graphical representation of the cumulative dose dis-
tribution within a structure.®% The x-axis represents the dose in gray (Gy), while
the y-axis represents either the absolute or relative volume of the structure. DVHs

are critical for quickly assessing whether the dose distribution meets planning goals
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and how much dose is received by their volumes. For target volumes, an ideal DVH
is characterized by a steep, right-shifted curve, indicating that a high proportion
of the volume receives the prescribed dose with good uniformity. In contrast, for
OARs, a desirable DVH appears as a shallow, left-shifted curve, indicating that only
a small volume receives high doses.® These typical DVH patterns are illustrated in
Figure 2.18.

Dose-volume metrics and their associated histograms provide the foundational
language used to define planning objectives and evaluate whether a plan satisfies
the clinical requirements. They are essential for assessing trade-offs between target

coverage and OAR sparing and are used in planning workflows.
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Figure 2.18: Ideal cumulative dose-volume histogram. Example of an ideal cu-
mulative dose-volume histogram where 100% of the target volume receives the full
prescribed dose, while the critical structure (organ-at-risk) receives minimal or no
dose.®

2.3.3.1 Dose-Volume Constraints

Dose-volume constraints serve as quantitative criteria for determining the clinical
acceptability of a treatment plan. They establish limits on dose distributions to both
target volumes and OARs, aiming to balance effective tumour control with minimized
risk of radiation-induced toxicity. These constraints are derived from evidence-based

guidelines, institutional protocols and physician experience.

Each constraint defines a threshold using dose-volume metrics such as Dx or Vx,
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which specify either a minimum required dose/volume for target structures or a max-
imum allowable dose/volume for both targets and OARs. Constraints may be ex-
pressed in relative terms (as a percentage of structure volume) or absolute terms (in

cubic centimeters), depending on the clinical context.

Additionally, constraints can be classified as either hard or soft to help balance
tumour coverage with OAR protection. Hard constraints are mandatory constraints
that must be met to ensure patient safety, particularly for critical structures like the
spinal cord and bowel. Soft constraints are recommended limits that should be met
when possible but may be applied more leniently to maintain overall plan quality.6” "
Together, dose-volume constraints provide a structured basis for evaluating plan qual-

ity and ensuring the safe and effective delivery of radiotherapy.

2.3.3.1.1 LDR Prostate Brachytherapy Pre-Implant Dose-Volume Con-

straints

At BC Cancer Victoria, the evaluation of LDR prostate brachytherapy treatment
plans relies on pre-implant dose-volume constraints to assess the anticipated dose
distribution based on the planned seed arrangement prior to the implant procedure.
Dose constraints are defined for the prostate, which serves as the CTV, as well as the
PTV, urethra, and rectum.?® A summary of these pre-implant dose-volume constraints
used for LDR prostate brachytherapy at BC Cancer Victoria is provided in Chapter 3,
Table 3.1.

2.3.3.1.2 EBRT for Gynecological Cancers Evaluation Criteria

The dose-volume constraints used at BC Cancer Victoria for evaluating gyneco-
logical EBRT treatment plans are guided by the Gynecological Cancer (GEC) guide-
lines recommended by the European Society for Radiotherapy and Oncology (ES-
TRO), based on findings from the European MRI-guided Brachytherapy in Cervix
Cancer (EMBRACE) studies. Although these guidelines were initially developed for
brachytherapy, their principles have been adapted for EBRT.""' Their evidence-

based recommendations include hard constraints for target structures to ensure suf-
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ficient dose coverage, and maximum dose thresholds for OARs. Additionally, soft
constraints are applied to limit OAR volumes receiving specific dose levels, allowing
for some flexibility to accommodate individual patient anatomy while maintaining
effective tumour control. %% The dose-volume constraints used for gynecological

treatment plans are detailed in Chapter 4, Table 4.3.

2.3.4 Treatment Planning Techniques, Systems and Design

Treatment planning techniques in radiotherapy aim to achieve precise dose delivery
to the target while minimizing radiation to surrounding normal tissues. This involves
both forward and inverse planning approaches, depending on the treatment modality
and delivery technique. Forward planning relies on manual beam arrangement and
dose shaping, whereas inverse planning uses optimization algorithms to meet specified
objectives. Dedicated treatment planning systems (TPS) are used to design and eval-
uate plans for both LDR brachytherapy and EBRT, where each system has distinct

dose calculation methods and optimization tools.

2.3.4.1 Forward Planning

Forward planning is a traditional approach to radiotherapy treatment planning in
which the planner manually defines the parameters of the treatment beams to shape
the dose distribution. These parameters typically include the number of beams, beam
angles, field sizes, weights, and modifiers such as wedges or compensators. The pro-
cess is iterative, relying on the planner’s clinical judgment and experience to achieve
a balance between adequate target coverage and sparing of normal tissues. In this
approach, the planner manually adjusts beam parameters in an attempt to meet the
dose-volume constraints. Each iteration involves manual adjustments followed by re-
calculation of the dose distribution and review of the DVH to assess whether the plan
satisfies clinical constraints.”>™ As a result, forward planning is generally more time
consuming and less flexible in handling complex geometries or multiple competing
constraints. It is most commonly used in simpler techniques such as 3D-CRT where
less beam shaping and dose variation are needed.” Despite its limitations in complex

cases, forward planning remains valuable in certain clinical scenarios, particularly
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when simplicity, reproducibility, or specific dose distributions are prioritized. It re-
quires a clear understanding of anatomy, radiation physics, and clinical trade-offs to

apply dose-volume constraints effectively.”™ "

2.3.4.1.1 Variseed™ TPS for LDR Brachytherapy

The Variseed™ TPS, developed by Varian Medical Systems, is used at BC Can-
cer Victoria for the planning and optimization of LDR prostate brachytherapy. The
delineated TRUS images are imported into the TPS, where a two-dimensional tem-
plate grid is applied across the axial image slices to facilitate strategic seed placement
within the prostate. This virtual grid replicates the geometry of the physical tem-
plate used during the procedure, allowing planners to align seed positions with the

patient’s anatomy in a way that reflects the intraoperative needle insertion setup.

Variseed™ employs a forward planning approach, where the planner manually
determines the number, location, and distribution of radioactive seeds before dose
calculation based on a set of provincial rules.®® This process is interactive and iter-
ative, relying on the planner’s clinical judgment and understanding of the patient’s
anatomy. Initial seed placement is based on the prostate’s geometry and proximity to
critical structures, with the goal of achieving uniform dose coverage while minimizing
radiation to OARs.

d™ recalculates the dose

As each seed is added, removed, or adjusted, Varisee
distribution in real time. The system provides immediate visual feedback through
isodose lines, color wash overlays, and dose-volume metrics, allowing for the planner
to assess the dosimetric impact of each adjustment. This process allows for precise
shaping of the dose distribution and allows planners to proactively address areas that

may have too much dose or inadequate dose.”

2.3.4.2 Inverse Planning

Inverse planning is a modern, algorithm-driven approach to treatment planning, in
which the algorithm automatically adjusts some beam parameters to achieve the de-

sired dose distributions. Unlike forward planning, where beam parameters are man-
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ually selected, inverse planning allows the planner to define desired dose outcomes,
known as optimization objectives, for both target volumes and OARs. The TPS then
automatically calculates the optimal beam intensities, parameters and configurations
to best satisfy these objectives. While optimization objectives guide the dose dis-
tribution during plan generation, dose-volume constraints are still used during the
evaluation phase to assess whether the final plan meets clinical requirements. Inverse
planning is commonly used with techniques like IMRT and VMAT, which involve
extensive dose modulation.”™ Given the numerous degrees of freedom in these de-
livery methods, manual adjustment would be impractical. By leveraging the power
of automated optimization, this approach allows for more efficient and accurate op-
timization of the dose distribution that would be difficult to achieve through manual

7577 However, the success of inverse planning still depends heavily

techniques alone.
on the planner’s ability to define appropriate objectives and interpret DVHs to ensure

that the plan aligns with clinical goals.”

2.3.4.2.1 Eclipse™ TPS for EBRT

The Eclipse™ TPS also developed by Varian Medical Systems, is a widely used for
EBRT planning and is used at BC Cancer Victoria. It utilizes delineated C'T images
to create patient-specific treatment plans and supports a wide range of treatments and
techniques such as conformal radiation therapy, IMRT, VMAT, proton therapy, and
electron beam therapy. For the treatment of gynecological cancers in EBRT, VMAT
was used for its ability to precisely sculpt dose around the irregularly shaped target
volumes commonly associated with gynecological tumours. Within the Eclipse™
treatment planning system, VMAT planning uses an inverse planning approach, in
dose objectives are first defined for each target and OAR structures. Eclipse™ then
employs advanced optimization algorithms that iteratively adjust parameters such as
gantry speed, dose rate, and MLC positions over one or more continuous arc rotations

to achieve the desired dose distribution and objectives.
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2.3.4.2.1.1 Photon Optimization

The Eclipse™ features a series of optimization algorithms developed through succes-
sive advancements in planning techniques and ongoing updates to its TPS versions
to support clinical needs. These include the Dose-Volume Optimizer (DVO), the
Progressive Resolution Optimizer (PRO), and the Photon Optimizer (PO).” % Each
algorithm builds upon the limitations of the previous one, reflecting advancements in
both optimization strategies and radiation beam delivery techniques. DVO was first
introduced for IMRT, followed by PRO for VMAT. The PO algorithm is the most
recent and currently implemented algorithm for both IMRT and VMAT planning.®!
This section provides a detailed overview of the PO algorithm used in Eclipse™ ver-
sion 18.0. The PO algorithm streamlines the treatment planning process through
a series of steps that begins with the application of a 3D voxel-based grid over the
patient’s C'T imaging dataset. This grid is used consistently for structure delineation,
optimization, and dose calculation, promoting spatial accuracy and consistent DVH
evaluation (Figure 2.19). The in-plane voxel resolution (x and y directions) is deter-
mined by the user-defined resolution, typically 1.25 mm or 2.5 mm. This resolution
defines the size of each voxel on a single axial slice and is selected based on the
desired balance between anatomical detail and computational efficiency. Finer reso-
lutions (1.25 mm) allow for more precise structure delineation, especially for small or
irregularly shaped targets, while coarser resolutions (2.5 mm) reduce computational
time at the cost of spatial detail. The z-axis resolution is refined by dividing the
image slice spacing by a factor of 1, 2, or 4 to approximate the desired voxel thickness

that improves spatial consistency with the x-y resolution.”™

L

Figure 2.19: Three-dimensional voxel grid for Eclipse™ treatment planning. The
grid shows x—y and z resolution used in radiotherapy for structure delineation, opti-
mization, and dose calculations.
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With the voxel-based grid established, optimization objectives for both targets
and OARs are defined within the optimizer. These objectives are translated into a
mathematical cost function, which quantifies how closely the dose distribution aligns
with the optimization objectives. the PO applies a weighted quadratic penalty to the

structure, calculated as:
1 2
cost(D) = g WX (D — Diarget) (2.13)

where D is the delivered dose, Diayget is the intended dose defined by the objective,
and w is a weight derived from the priority assigned to that objective. The weight is
typically scaled in proportion to the fifth power of the priority value (w o< p°) ensuring
higher-priority objectives have greater influence during optimization. To prevent
larger structures from dominating the cost function, weights are further normalized
by structure volume. Additionally, a tolerance margin is defined around the objective,

with increased penalties applied to voxels falling outside the acceptable dose range.™

During the optimization process, the PO algorithm generates initial fluence maps,
which represent the intensity of radiation across each beam or control point. These
fluence maps are used to calculate the dose distribution across the voxel grid using
a Fourier transform-based dose calculation algorithm.”™ The resulting dose distribu-
tion is evaluated against the defined optimization objectives using the cost function,
which applies weighted quadratic penalties to voxels that deviate from their ideal dose
values. The total cost, derived from the cumulative penalties across all objectives,

guides the optimizer to iteratively adjust the fluence patterns.

Rather than directly modifying machine parameters such as gantry speed or dose
rate, the optimizer instead adjusts the monitor units per degree (MU/deg). This
indirect control ensures compliance with the machine’s operational constraints such
as the minimum and maximum gantry speeds and maximum dose rate. As the opti-
mization proceeds through multiple resolution levels, the PO algorithm incrementally
incorporates more stringent machine limitations to ensure the resulting plan is not
only dosimetrically optimal but also physically deliverable by the linear accelerator.™
Through this iterative process of dose evaluation, parameter adjustment, and con-
straint enforcement, the optimizer gradually converges on a solution that minimizes
the total cost while satisfying both the clinical objectives and the operational limits

of the treatment machine.
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2.3.4.2.1.1.1 Optimization Objectives

Optimization objectives are formulated using dose-volume metrics and are categorized
as mean, upper, or lower objectives.”®™ Mean objectives control the average dose
delivered to a structure and are particularly relevant for parallel organs where toxicity
is related to the volume of functional subunits exposed to radiation. In contrast, upper
objectives are designed to limit the dose received by a volume and are especially
important for serial organs where even small regions receiving excessive dose can
lead to significant functional impairment.®? Upper objectives can also be applied to
target structures to avoid overdosage and ensure dose uniformity. Lower objectives are
typically used for targets to ensure a minimum dose is delivered to a specified volume,
thereby maintaining adequate coverage. Within the optimization process, penalties
are applied to voxels that deviate from these objectives. Structures that receive
insufficient dose are penalized under lower objectives, while those receiving excessive
dose are penalized under upper objectives. Each objective is assigned a priority
value, which indicates its relative importance and guides the optimization algorithm
in balancing competing clinical goals.” ™ The specific optimization objectives used
at BC Cancer Victoria are outlined in Chapter 4, Table 4.1.

2.3.4.2.1.2 Dose Gradients

While optimization objectives are essential for achieving adequate target coverage
and sparing OARs, they may not be sufficient on their own to ensure optimal dose
distributions. One important consideration is the dose gradient, which describes
how quickly the radiation dose decreases outside the target volume. Controlling the
dose gradient helps reduce radiation to nearby healthy tissues and OARs while still
delivering the prescribed dose to the target.

A steep dose gradient provides better sparing of adjacent normal tissues by confin-
ing the high-dose region to the tumour, which is especially important when targets are
located near critical structures.®*# However, overly steep dose gradients can result in
inhomogeneous dose distributions or elevated dose regions (hotspots) near the periph-
ery of the PTV. This is clinically undesirable because the PTV often includes a margin

of healthy tissue surrounding the GTV to account for setup uncertainties and organ
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motion. When hotspots form in these peripheral regions, they can expose healthy
tissue to unnecessarily high doses, increasing the risk of radiation-induced toxicities
such as necrosis.®* In clinical practice, it is preferable to confine these hotspots within
the GTV, where higher doses are more tolerable and potentially more effective for
tumour control. On the other hand, a shallow gradient promotes better dose unifor-
mity within the target but may increase exposure to surrounding healthy tissue and
organs at risk (OARs).%%% Balancing these trade-offs is key to achieving clinically

acceptable plans, as illustrated in Figure 2.20.
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Figure 2.20: Comparison of steep and shallow dose gradients around the target,
composed of the gross tumour volume (GTV) and planning target volume (PTV).
Steeper gradients confine the high-dose region more tightly to the target, enhanc-
ing normal tissue sparing, while shallower gradients promote better dose uniformity
within the target but result in greater exposure to surrounding tissues.

In inverse planning, dose gradients can be defined alongside the optimization ob-
jectives through built-in tools within the TPS or by manually defining dose structures.
These methods allow planners to optimize these dose gradients to fine-tune the trade-
off between tumour control and OAR protection. Two commonly used techniques
include the use of Normal Tissue Objectives (NTO) and concentric rings, each offer-
ing different advantages for shaping the dose distribution in challenging anatomical

regions.
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2.3.4.2.1.2.1 Normal Tissue Objective (NTO)

One commonly used tool for optimizing dose gradients is the Normal Tissue Objective
(NTO), an optimization tool exclusive to the Eclipse™ TPS. The NTO is designed
to penalize doses above a specified threshold function is delivered outside the PTV.

This threshold is modeled using an exponential decay function:

e*k(wfxstart) + ~ 1— efk(xfmsmrt) , X > Tstar
flz) = Jo foo ( ) = Tstart (2.14)

an T < Zgtart

where the parameters are manually defined by the planner within the TPS, as shown
in Figure 2.21. The start distance, T4, specifies the distance from the PTV bound-
ary at which the dose fall-off begins and the penalty function becomes active. The
start dose (fy) represents the maximum allowable dose, expressed as a percentage of
the prescription dose, at the start distance from the PTV. The end dose (fs ) defines
minimum dose percentage at greater distances from the PTV, establishing a lower
bound for the threshold function. The fall-off rate (k) controls the steepness of the
dose gradient, with higher values producing a more rapid reduction in dose outside
the target volume. Typical fall-off values range from 0.1 to 0.5 mm™!, values closer to
0.3 mm~! or higher are often used to enforce a steeper dose fall-off. Additionally, the
NTO is assigned a priority value, which determines its relative weighting in relation
to other optimization objectives during optimization.” ™ These user-defined param-
eters establish the threshold function, which specifies the maximum allowable dose
at varying distances from the PTV. This function guides the PO in evaluating each
voxel outside the PTV, where any voxel receiving a dose that exceeds this threshold is
penalized. The penalization is applied continuously at the level of individual voxels,

allowing for distance-based control of the dose gradient.
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Figure 2.21: Normal tissue objective interface in Eclipse™ treatment planning sys-
tem. The Eclipse™ treatment planning system provides options to set the Normal
Tissue Objective (NTO) to off, automatic, or manual modes. In manual mode, pa-
rameters such as start dose, end dose, distance from the target border, and fall-off
can be defined by the user to shape the dose gradient in normal tissue.

2.3.4.2.1.2.2 Concentric Ring Structures (CRS)

Concentric ring structures (CRS) are commonly used in treatment planning to control
the dose gradient outside the target volume, particularly in systems that do not have
built-in tools like the NTO. These structures are manually created by the planner
as a series of ring volumes that surround the PTV, each assigned specific dose ob-
jectives to guide the optimizer in shaping the dose fall-off. This approach allows for
user-defined spatial control of dose distribution using predefined structure volumes.
Dose objectives are typically assigned in a descending pattern, where inner rings are
permitted higher doses and outer rings are limited to lower doses, creating the dose
gradient. This configuration encourages a controlled reduction in dose as the distance
from the target increases. The optimization priority assigned to each ring dictates
how strongly the constraint is enforced relative to other planning objectives. 8¢5

In creating CRS, several key parameters must be defined by the user, including
the number of rings, the thickness of each ring, the spacing between rings, the dose
constraints applied to each, and their relative optimization priorities. These param-
eters collectively influence the shape and steepness of the dose gradient outside the

PTV. The number of rings determine the granularity of gradient control, with more
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rings allowing for finer modulation but increasing optimization complexity.®®8" Ring
thickness and spacing affect how rapidly the dose falls off with distance where thinner
and more closely spaced rings enable sharper gradients, while thicker rings result in
broader, smoother transitions.®® Careful tuning of these parameters allows planners
to tailor the dose distribution in anatomically complex regions, making concentric

ring structures a flexible and effective tool for dose gradient management.

2.3.5 Dose Calculation Models and Algorithms

Dose calculations are a critical component of radiotherapy treatment planning, as
they determine the spatial distribution of radiation dose within the patient. These
calculations are performed both during and after optimization and are essential for
assessing plan quality and ensuring safe, effective treatment delivery. The specific
dose calculation method depends on the treatment modality and planning system.
In LDR brachytherapy, Variseed™ employs standardized formalisms to calculate
dose based on the spatial arrangement of radioactive seeds. For EBRT systems like
Eclipse™ simplified algorithms are applied during optimization for real-time beam
adjustments, followed by more advanced models for final dose calculation. The follow-
ing section describes the dose calculation models and algorithms used in Variseed ™

and Eclipse™.

2.3.5.1 Variseed™ Final Dose Calculation: TG-43 Formalism

The TG-43 formalism is standardized dosimetric model used for calculating dose dis-
tributions in brachytherapy. Developed by the American Association of Physicists in
Medicine (AAPM) Task Group 43 (TG-43) in the mid 1990s, it provides a consistent
methodology for calculating the dose distribution around brachytherapy sources.®23
This formalism is implemented within the Variseed™ TPS to calculate dose distri-
butions based on the spatial arrangement of radioactive seeds.®” Widely adopted in
clinical practice, this formalism assumes a homogeneous water-equivalent medium
and uses source-specific parameters to calculate the dose delivered in tissue.®?* To
compute the dose distribution around a seed, the T(G-43 formalism calculates the

dose rate at defined spatial points, characterized by the radial distance (r) and polar
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angle (#) from the center of the seed, as illustrated in Figure 2.22.%8%% The dose rate

at a given point is expressed by the following equation:

G(r,0)

D — A
(7“, 9) Sk G(TO, 90)

-g(r)- F(r,0) (2.15)
where each term accounts for a specific physical or geometric factor influencing the
dose distribution.® 2% In this equation, the air-kerma strength, S}, defines the source
strength and is calculated as the air-kerma rate multiplied by the square of the dis-
tance from the source. The dose rate constant, A, is a source-specific parameter that
converts the air-kerma strength into dose rate in water at a reference location, typi-
cally 1 cm from the source on the transverse axis.” The geometry function, G(r, ),
accounts for the geometric spread of radiation from the source while neglecting at-
tenuation and scatter. It describes how radiation intensity changes as a function of
distance and angle, following the inverse square law. This function is based on either
a point-source or line-source approximation and is normalized to a reference value,
G(ro,0), typically taken at 1 cm and 90°. The radial dose function, g(r), adjusts
for the effects of radiation attenuation and scatter in water. It models how the dose
decreases with distance beyond what is expected from geometry alone. Lastly, the
anisotropy function, F'(r,6), models the variations in dose depending on direction.
It accounts for the effects of source encapsulation and self-shielding, which typically
reduce the dose near the ends of the seed along its longitudinal axis.®?* Once the
dose rate D(r, ), Variseed™ calculates the total dose delivered from a single seed by

multiplying the dose rate by the isotope’s average life (AL) expressed in hours:
D(r) = D(r,0) x AL (2.16)

The average life in hours is calculated as:

1.0
AL = —— x 24 x T} 2.17
In(2) 1/2 ( )
where 77 is the half-life of the radionuclide in days. This accounts for the cumulative
dose delivered over the entire decay period of the isotope, representing the total energy

deposited in tissue from continuous radioactive emission.®

To obtain the cumulative dose distribution within the treatment volume and

OARs, Variseed™ applies the principle of superposition by summing the dose contri-
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butions from all individual seeds across the 3D calculation grid. This dose distribution
forms the basis for forward planning by enabling both qualitative and quantitative

evaluation of dose coverage to target volumes and OARs.%

P(r.8)
_I.

Figure 2.22: Polar coordinate system for brachytherapy. It is used to describe the
spatial relationship between a point of interest and a brachytherapy source, defined
by radial distance (r) and angle () for dose distribution calculations.®®

2.3.5.2 Eclipse™ Optimization Dose Calculation Algorithms

During the optimization phase in Eclipse™, the TPS uses fast, approximate dose cal-
culations to guide the optimizer. These approximate dose calculations are performed
using the either the Multi-Resolution Dose Calculation (MRDC) or Fourier Transform
Dose Calculation (FTDC) algorithm, which are optimized for speed. For VMAT and
IMRT optimizations in Eclipse™ version 18.0 using the Photon Optimizer (PO), the

Fourier Transform Dose Calculation (FTDC) algorithm is employed.™ ™

To estimate dose during optimization, FTDC performs a convolution between the
attenuated fluence and a scatter kernel, which represents how dose spreads from a
single photon interaction in water. This scatter kernel is built from pre-calculated
point spread functions (PSFs) derived from Monte Carlo simulations. Rather than
performing convolution directly in the spatial domain, where points are convolved and
added one by one across the grid, the FTDC uses the Fast Fourier Transform (FFT)
to speed up the process. The FFT transforms both the fluence and the scatter kernel
into the frequency domain, where convolution is simplified to a faster multiplication

process. In this domain, low frequencies represent gradual, smooth variations in dose
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intensity across space, while high frequencies represent rapid, sharp changes. After
multiplication, an inverse FF'T converts the data back to the spatial domain to provide

the estimated primary dose.

In addition to the FTDC, planners typically perform an intermediate dose calcu-
lation during optimization. This step incorporates more realistic modeling of the dose
distribution by accounting not only for the primary dose (Dp), but also for secondary
scatter photons (Dg) from the treatment head and electron contamination (Dg) from
stray electrons along the beam path. The secondary photon dose is estimated using a
simplified model based on the primary fluence and predefined beam parameters, while
the electron contamination dose is derived from a predefined curve representing the
energy deposited by stray electrons along the beam path. These three components

are summed to generate the intermediate dose distribution:
D =Dp+ Ds+ Dg (2.18)

This intermediate calculation is typically based on a simplified version of the Anisotropic
Analytical Algorithm (AAA), and provides a more accurate representation of the dose
distribution than FTDC, without requiring the time of a full final dose calculation.
Once optimization is complete, a final, high-resolution dose calculation is performed

using AAA or Acuros XB for clinical evaluation and plan approval.”™ ™

2.3.5.3 Eclipse™ Final Dose Calculation: Anisotropic Analytical Algo-
rithm (AAA)

Final dose calculations are performed to ensure accurate and clinically acceptable
dose distributions by using advanced algorithms that account for tissue heterogeneity,
scatter, and detailed beam modeling. In Eclipse™, two commonly used algorithms
are the Anisotropic Analytical Algorithm (AAA) and Acuros XB, both of which model
dose contributions from primary photons, scattered photons, and scattered electrons.
While both are used for final dose calculation, they differ in how they model radiation

transport and their ability to handle heterogeneities within the patient.

AAA is more commonly used in clinical practice due to its balance between com-

putational efficiency and sufficient accuracy in most anatomical regions. However,
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Acuros XB is available as an alternative when higher dose accuracy is needed, par-
ticularly in highly heterogeneous regions such as cases regarding the thoracic cavities
where variations in tissue density significantly affect dose distribution. Acuros XB
achieves this by directly solving the Linear Boltzmann Transport Equation (LBTE),
providing a more rigorous and detailed modeling of radiation transport through these
heterogeneities.” ™ Although it is more computationally intensive, it is particularly
beneficial in scenarios where conventional algorithms like AAA may oversimplify dose
deposition. This section focuses on AAA, as it was used to calculate the final dose

distributions for all EBRT gynecological treatment plans presented in this thesis.

The AAA models the incident photon fluence as a collection of narrow, individ-
ual pencil beams, each delivering dose along its own path. For each pencil beam,
the dose is calculated by convolving the beam fluence with a dose-spread kernel,
which describes how energy is deposited in surrounding tissue. These kernels are
pre-generated using Monte Carlo simulations. AAA calculates the dose as the sum
of three components: the primary photon dose, the scattered photon dose, and the
electron contamination dose. The primary photon dose is modeled based on photon
interactions at the target. The scattered photon dose, also referred to as the secondary
photon source, is modeled from photons scattered within parts of the treatment head,
such as the flattening filter and collimators. The electron contamination dose accounts
for electrons scattered from hardware components like the MLC and jaws. As each
pencil beam passes through the patient, AAA accounts for tissue heterogeneity by
scaling the dose-spread kernels according to local electron density and radiological
depth. This ensures accurate modeling of dose attenuation and scatter in heteroge-
neous tissues, such as bone or lung. The contributions from all pencil beams and all
dose components are then superimposed across the 3D calculation grid to generate

the final dose distribution used in clinical treatment evaluation.”®

2.4 Post-Implant LDR Prostate Brachytherapy Eval-

uation

Following the implantation procedure, CT images are acquired for post-implant eval-

uation. These images are delineated by the RO and assessed in Variseed™ to assess
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the resulting dose distribution delivered. This step is critical, as it often reveals dis-
crepancies between the planned and actual seed placements and dose distributions.
These differences arise from a variety of factors, including anatomical changes, seed
migration, or technical variations and uncertainties during the implant procedure.* 9

At BC Cancer Victoria, the post-implant constraints are detailed in Chapter 3,
Table 3.2. These constraints are more permissive compared to the pre-implant con-
straints to account for the inherent uncertainties and variations that may occur during
implantation procedure. Although these post-implant constraints are generally met,

the resulting dose distribution often deviates from the planned distribution.

2.4.1 BrachyVIC-3D

To address the discrepancies between planned and actual seed positions in LDR
brachytherapy, BrachyVIC-3D, an in-house developed Python-based dose calculation
engine, was developed. This software provides a virtual environment to simulate and
analyze procedural uncertainties during seed implantation, predicting their impact
on prostate dosimetry. Its core function is to evaluate how variations in seed place-
ment affect dose distribution and to calculate the probabilities of achieving specific
pre-implant dose-volume objectives. These outputs offer critical insights into the po-

tential success of the treatment plan, enhancing decision-making in clinical settings.

BrachyVIC-3D initiates its workflow by importing a treatment plan developed in

d™  utilizing the planned seed arrangements as the foundation for simulation.

Varisee
In LDR brachytherapy, seeds are typically stranded together within each needle, caus-
ing them to shift in a similar manner during implantation. To reflect this, the software
simulates procedural uncertainties by applying random radial and longitudinal shifts
to each seed strand relative to the needle’s path. These shifts represent potential nee-
dle deflections that can occur due to intraoperative factors such as patient movement
or variations in tissue density that deviate from the intended placement. As a re-
sult, the simulation produces coordinated seed displacement that realistically mimics
the variability observed during actual clinical procedures. Following these shifts, the
dose distribution is recalculated based on the new seed positions using the AAPM
TG-43 formalism. This recalculation produces updated dose-volume metrics for the

pre-implant dosimetry objectives, reflecting the impact of positional variations on the
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resulting dose distribution.

To obtain a representative estimate of the dose distribution under procedural
variability, BrachyVIC-3D performs 100 simulation iterations. For each structure’s
dose-volume constraints, the mean dose-volume metric and corresponding standard
deviation are calculated based on the values obtained from all iterations. These values
are then used to determine the probability of achieving each pre-implant dosimetry
objective, using the probability density function of the normal distribution, defined

as: |
1

flx 702 = 6_5( o

(x| p,0%) s

where x is the specific pre-implant dosimetry constraint, p is the mean dose-volume

(2.19)

metric, and o is the standard deviation calculated from the 100 iterations. As illus-
trated in Figure 2.23, the software interface displays the initial dose-volume metrics

d™ plan, providing a baseline for comparison.

imported directly from the Varisee
Following the simulation, the interface presents the mean and standard deviation for
each pre-implant dosimetry objective, along with the corresponding probability of

achieving that objective.

In this thesis, the work presented in Chapter 3 investigates the functionality
and application of BrachyVIC-3D as a probabilistic tool for assessing the robust-
ness of treatment plans against uncertainties in seed placement during LDR prostate
brachytherapy. By incorporating BrachyVIC-3D into the treatment planning work-
flow, clinicians can gain greater confidence in the feasibility and effectiveness of achiev-

ing the proposed dosimetric constraints.
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Figure 2.23: BrachyVIC-3D software interface. The interface displays the initial
dosimetric parameters imported from the Variseed™ plan, along with the mean dose-
volume metrics and corresponding standard deviations calculated from 100 simulated
iterations. These values are used to estimate the probability of meeting clinical con-
straints under seed placement uncertainty.

2.5 Application of Machine Learning Techniques in

Clinical Decision Making

Machine learning (ML) involves the development of algorithms capable of learning
from and making predictions or decisions based on data. This technology has been
increasingly utilized in medical physics to enhance various aspects of patient care.
ML algorithms and techniques have been used to analyze vast datasets of treatment
plans, identifying patterns that optimize therapy parameters for personalized care.
These algorithms enhance the precision of treatment by predicting tumour responses
and tailoring radiation doses to maximize tumour control while minimizing exposure

to healthy tissues.
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Furthermore, ML contributes to the automation of radiation therapy planning
tasks such as structure delineation, significantly reducing clinician workloads and en-

100,101 By extracting insights from previ-

hancing the efficiency of treatment planning.
ous treatment data, ML not only improves the accuracy and effectiveness of radiation
therapy but also have been shown to streamline clinical workflows.!?193 This leads to
more efficient clinical operations and better patient outcomes, as treatments are more
accurately targeted and adapted to individual needs. Overall, the integration of ML
into radiotherapy represents a transformative advancement in cancer care, promoting

more effective and adaptive treatment strategies.

2.5.1 Defining the Problem

Defining the problem is a foundational step in any ML project. It establishes the
nature of the learning task and guides the selection of appropriate models, data pro-
cessing techniques, and evaluation strategies. Machine learning problems are generally
categorized based on how the model learns from the data. The three main types of
learning are supervised learning, unsupervised learning, and reinforcement learning.
These types differ primarily in the kind of data provided to the algorithm and the

nature of the feedback during training.'%*

In supervised learning, the model is trained using a dataset composed of input
and output pairs. Each input, also known as features, is linked to a known label or
outcome, referred to as targets. The goal is to learn a function that can accurately
predict the label for new, unseen features. In unsupervised learning, the data are
not labeled, and the objective is to discover hidden patterns or groupings within
the data, such as clusters or underlying structures. Reinforcement learning takes a
different approach, where an agent learns to make decisions by interacting with an

environment and receiving feedback in the form of rewards or penalties.!%%104

This work focuses specifically on supervised learning, and more precisely, on the
task of classification. Within supervised learning, tasks can be divided into regression,
where the target variable is continuous, and classification, where the goal is to assign
inputs to discrete categories or labels. For example, regression might be used to
predict a patient’s age based on medical data, whereas classification would be used

to determine whether the patient has a particular disease.
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In classification tasks, the model learns to assign each input to one of several
possible classes. This can involve binary classification, where there are two classes,
or multiclass classification, where more than two categories are involved. Evaluating
the performance of a classification model typically involves metrics based on true
positives, true negatives, false positives, and false negatives, depending on the context

and importance of different types of misclassifications.'%

2.5.2 Data Preprocessing

Data preparation and preprocessing are crucial steps in the machine learning work-
flow, as the quality and structure of the data directly impact ML performance. An
important early consideration in this process is the selection of input features. These
features should not only demonstrate statistical significance but also possess clinical
relevance especially in healthcare applications, where model interpretability and prac-
tical utility are essential. Once relevant features and targets are identified based on
the problem definition, the data undergoes preprocessing, which involves cleaning the
data by handling missing values, removing duplicates, and correcting inconsistencies.
Features may be normalized or standardized to ensure comparability across different
scales, and categorical variables are encoded into numerical formats. Additionally, the
dataset is split into training, validation, and test subsets to enable proper model de-
velopment and evaluation. Thoughtful and effective data preparation ensures that the
learning algorithm receives accurate, meaningful, and representative input, enabling

the development of robust and clinically useful ML applications.!%% 105

2.5.2.1 Data Splitting

To develop machine learning models that generalize well to unseen data, the dataset
is typically divided into separate subsets which include training, validation, and test
sets. Ensuring that these splits are representative of the overall dataset helps prevent
biases and gives a true measure of the model’s predictive power. Each subset serves

a distinct role in the model development process.

The training set, which usually comprises about 70% to 80% of the dataset, is the

primary component used to develop the machine learning model.!%® This proportion
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provides the algorithm with input-output pairs from which it learns patterns and
relationships. The model repeatedly fine-tunes its internal parameters to reduce pre-
diction errors based on this data. The quality and representativeness of the training
data are crucial because the model’s performance is significantly influenced by what

it learns during this phase.

The validation set, typically making up 10 to 20% of the dataset, acts as an in-
dependent dataset not encountered during training.!’® It provides feedback on how
well the model generalizes and is crucial during model development for fine-tuning
hyperparameters and monitoring for overfitting. Hyperparameters are specific set-
tings that vary between models and control aspects of the training process, such as
the learning rate or the model’s complexity. Proper tuning of these settings allows
for the improvement of the model’s ability to generalize beyond the training data.
Overfitting occurs when a model learns the noise in the training data rather than just
the underlying patterns, leading to poor performance on new, unseen data.'’® Using
the validation set to evaluate the model’s performance, this allows for the refinement

of the current model, ensuring it performs well on both seen and unseen data.

The test set, which is composed of about 10% to 20% of the dataset, is reserved
until the very end of the ML model development process.!’ It provides an unbiased
evaluation of the final model’s performance. While the validation set may indirectly
influence model design through its use in tuning and selecting models, the test set acts
as a definitive measure to assess how well the trained model is expected to perform in
practical applications. Performance results based on the test set are typically reported

as indicators of the model’s generalization ability.

2.5.3 Classification Model Evaluation Metrics

Performance evaluation of classification models in clinical settings is essential for en-
suring their reliability and effectiveness. Common metrics such as accuracy, precision,
recall (sensitivity), specificity, false positive rate, and F1l-score are used to assess how
well a model distinguishes between positive and negative cases.!* 1% These metrics
are derived from four basic classification outcomes: true positives (TP), true nega-
tives (TN), false positives (FP), and false negatives (FN).1” TP and TN represent

correctly identified cases, while FP and FN indicate misclassifications with poten-
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tially important clinical consequences. Derived from these four outcomes, the metrics
are discussed in greater detail in Chapter 3, where they are applied to assess model

performance across LDR prostate brachytherapy treatment planning.

2.5.4 Threshold-Based Decision-Making in Binary Classifi- cation

In clinical research and practice, decision-making is increasingly supported by statisti-
cal and machine learning (ML) techniques, which provide frameworks for evaluating
the potential benefits and risks of different treatment strategies and interventions.
These methods are essential across a wide range of applications, including early dis-
ease detection, diagnosis, treatment response evaluation, and prognosis estimation.
By applying advanced analytical approaches grounded in statistical theory, clinicians
and researchers can extract meaningful insights from complex datasets, account for
variability in patient responses, and make predictions with greater confidence.!*® Ma-
chine learning can be understood as an extension of classical statistical methods, using

computational tools to scale, automate, and refine data-driven decision-making.

Although this thesis does not employ machine learning algorithms in the tra-
ditional sense, it adopts a statistical decision-making framework to solve a binary
classification problem. Specifically, a clinical predictor variable was analyzed using
Receiver Operating Characteristic (ROC) curve analysis, and the optimal decision
threshold was determined using the Youden Index. Classification performance was
evaluated using standard metrics such as accuracy, precision, recall, and F1-score.
This approach supports the development of interpretable, clinically actionable thresh-
olds using robust statistical principles that are closely aligned with the foundations

of machine learning.

Threshold-based classification is a fundamental approach in clinical decision-making,
particularly in binary scenarios such as determining the presence or absence of disease
or assessing treatment success versus failure.!%11% This method applies a threshold
to a model’s predicted probabilities, converting its continuous outputs into discrete
classes. For example, if a model predicts the probability of disease being present and
its value exceeds a predefined threshold, the outcome is classified as present. If its
probability falls below the threshold, it is classified as absent. This approach allows for

probabilistic outputs to be used in clinical decisions, which is essential in healthcare
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settings where treatment pathways are based on definitive categorizations.!!’

2.5.4.1 Receiver Operating Characteristic Curve Analysis

The Receiver Operating Characteristic (ROC) curve is a fundamental tool for eval-
uating the performance of binary classification models in both clinical research and
machine learning. In clinical settings, ROC curve analysis is particularly valuable
when evaluating models for diagnostic tests, screening tools, or treatment response
prediction. It provides a graphical representation of a model’s ability to distinguish
between two classes across a range of decision thresholds. Specifically, the ROC

curve plots the TPR also known as recall or sensitivity, against the false positive rate

(FPR) .1117116

Each point on the ROC curve corresponds to a different threshold used to classify
predictions as positive or negative. As the threshold is varied, the TPR and FPR
change accordingly, generating the curve (Figure 2.24). The lower left corner of the
graph (0, 0) represents a model that predicts all outcomes as negative (no sensitiv-
ity, no FP), while the upper left corner (0, 1) represents an ideal model with 100%
sensitivity and 0% false positives. The diagonal line from (0, 0) to (1, 1) represents
random guessing, where any model performing along this line has no discriminative

power. 17

A model with a curve that curves toward the top-left corner of the ROC space
demonstrates better classification performance, as it reflects higher sensitivity for a
given level of false positives. The area under the curve (AUC) serves as a scalar sum-
mary of this performance. An AUC of 1.0 indicates perfect discrimination, meaning
the model correctly distinguishes between all positive and negative cases. An AUC of
0.5 suggests no discriminative ability, equivalent to random guessing. An AUC below
0.5 implies that the model performs worse than random guessing.!'™!'® Higher AUC
values reflect stronger classification performance, making it a key metric for selecting

models in both clinical decision-making and machine learning applications.
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Figure 2.24: Receiver Operating Characteristic (ROC) curves of various sensitivities
and specificities. ROC curves represent the trade-off between sensitivity (true positive
rate) and 1-specificity (false positive rate) for predictive models. The green curve
represents a perfectly predictive model, the grey curve reflects a moderately predictive
model, and the red curve indicates poor predictive performance. The black dashed
line represents the line of equality or random chance.!

2.5.4.2 Youden Index

The Youden Index, also known as Youden’s J statistic, is a commonly used metric in
the evaluation of diagnostic and predictive models, particularly in clinical settings.
It combines sensitivity (true positive rate) and specificity (true negative rate) into a
single value, assessing the overall effectiveness of a model.!'®1? By identifying the
point on the ROC curve that maximizes the difference between TP and FP rates, the
Youden Index helps determine the optimal threshold for distinguishing between two

classes. The index is calculated as:

J = Sensitivity + Specificity — 1 (2.20)
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with values ranging from 0 to 1. A value of 1 indicates perfect classification with no
false positives or false negatives, while a value of 0 suggests that the model performs

no better than random guessing.!?

In the context of ROC curve analysis, the Youden Index identifies the point that
maximizes the vertical distance between the ROC curve and the diagonal line repre-
senting random performance. This point corresponds to the threshold where the sum
of sensitivity and specificity is maximized, offering a balanced trade-off between the
two metrics.!'? The Youden Index is particularly useful when sensitivity and speci-
ficity are equally important, making it well-suited for clinical scenarios where both
false positives and false negatives carry significant consequences. By selecting the
threshold that maximizes the Youden Index, clinicians can make more objective and

reliable decisions based on statistically optimal classification performance.

True positive rate (SN)

0 False positive rate (1-SP) 1

Figure 2.25: Youden index on receiver operating characteristic (ROC) curve. The
red curve reflects a high-performing model, while the black dashed line represents the
line of equality or random chance. The Youden index identifies the optimal threshold
that maximizes the difference between the true positive rate and false positive rate.'!”
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Chapter 3

Assessing dosimetric uncertainty in
prostate LDR brachytherapy: the
impact of seed position variability on

treatment outcomes

3.1 Introduction

Prostate cancer is the highest incident non-skin cancer among Canadian men and the
third most common cause of cancer-related mortality. In 2023, it was estimated that
25 900 men would be diagnosed with prostate cancer representing 21% of all new
cancer cases, whereas 4 900 men would die from prostate cancer representing 10% of

all cancer-related deaths in Canada alone.'?!

Currently a variety of viable management strategies are available for prostate can-
cer, depending on the stage and grade of the prostate cancer.'?! These approaches in-
clude active surveillance, surgery, systemic therapies, and radiation therapies. Nonethe-
less, radiation therapy is one of the most commonly utilized forms of treatment, as
it is highly effective and well tolerated with wide eligibility. Radiation therapy may
include external beam radiation therapy, and/or brachytherapy. The goal of both

is to maximise dose to the tumour while minimising does to healthy tissues and or-
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gans at risk (OAR). For prostate cancers, low-dose rate brachytherapy (LDR) may
be more favourable due to its high rates of disease control, efficiency, and favourable
quality of life profile, with low rates of urinary incontinence, bowel toxicity, and sexual
dysfunction.!1% 1227125 T DR brachytherapy involves the implantation of permanent ra-
dioactive seeds, usually iodine-125 or palladium-103 into the prostate gland, exposing

the tumour to radiation over a prolonged period of time.

Ensuring accurate seed placement is essential for successful treatment outcomes.
The effectiveness of LDR brachytherapy is typically evaluated by post-implant dosime-
try constraints, such as Prostate D90% (the dose covering 90% of the prostate) and
V100% (the volume of the prostate receiving 100% of the prescribed dose), which
reflect the actual dose distribution after implantation. Pre-implant planning aims to
maximize radiation coverage to the tumour while minimizing exposure to organs at
risk (OARs). To achieve this, several steps are taken to distribute the seeds in a safe
and optimal manner for the patient. The process begins with prostate volume study,
conducted using a transrectal ultrasound to create a three-dimensional image of the
prostate, which determines its exact size and shape. The volume study also serves to
determine patient eligibility, as the pubic arc may obstruct access to the prostate in

some cases.??

Using the images from the transrectal ultrasound (US), the prostate is contoured
for the LDR brachytherapy treatment plan. This step precedes the strategic po-
sitioning of radioactive seeds within the planning target volume (PTV) that max-
imizes radiation dose to the target volume, while protecting the adjacent healthy
tissues. Various predefined dose-volume constraints for both the target and organs
at risk (OARs) guide the placement of the radioactive seeds within the target, en-
suring a uniform distribution of the prescribed dose within the treatment planning
system (TPS).5%126:127 Dose calculations for seed placement adhere to the AAPM
Brachytherapy TG-43 formalism, allowing for precise visualization and calculation
of the three-dimensional dose distribution, optimizing treatment delivery.?* Once the
treatment plan is developed, it is reviewed by the radiation oncologist (RO) for ap-

proval or revision.

During the seed implantation procedure, the patient is anesthetized and positioned
in a manner similar to that used during the volume study. The RO uses the treatment

plan to guide the insertion of pre-loaded needles manually through a standard needle
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template via the perineum, to deposit the radioactive seeds into the prostate.'®'?” The
procedure is image-guided, using both real-time trans-rectal ultrasonography and on-
demand fluoroscopy. Based on the RO’s discretion, additional seeds also referred to as
non-planned supplemental seeds (NPSS), may be inserted to compensate for any seed
placement discrepancies observed during the procedure. This flexibility permits real-
time adjustments to ensure adequate coverage, leading to deviations not only in the
number of seeds used compared to the initial treatment plan but also in the planned

dosimetry, as the actual dose distribution may differ due to these adjustments.

After implantation, the arrangement of the seeds and the dose distribution are
typically evaluated using post-implant computerized tomography (CT) images. These
images are used to assess post-implant dosimetry constraints, which are typically
more permissive than the pre-implant dosimetry constraints, which are typically more
permissive than the pre-implant dosimetry constraints. Although these post-implant
constraints are generally met, there are instances when they cannot be achieved due
to the difficulties or misplacement during implantation procedure. This can lead to
significant discrepancies between the actual placement and the planned placement of

the seeds and therefore the post-implant dose distribution.

The accuracy of seed placement is heavily influenced by factors such as the re-
producibility of the patient’s position and anatomical variations. Replicating the
exact position from the volume study in the operating room can be challenging.
Furthermore, during anesthesia, relaxation of the pelvic muscles may cause internal
shifts in the position of the prostate, rectum, or bladder, differing from their posi-
tions during the prostate volume study when the patient is conscious. Additionally,
studies have demonstrated that anatomical changes can influence the delivered dose

128-132

distribution in external beam radiation treatments. Given these observations,

variations in prostate volume may occur between the initial volume study and the ac-
tual implantation procedure, particularly in patients undergoing both external beam
radiotherapy and LDR brachytherapy boost. It is also possible for the prostate vol-
ume to change during and post- procedure due to prostate edema caused by needle

133,134

trauma. Studies indicate that patients with smaller prostates are more likely to

94,95 Discrepancies in seed positioning

experience significant post-implantation edema.
can additionally be attributed to the implant procedure itself, which demands con-

siderable manual dexterity and skill from the RO. The skill of an RO is crucial in
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the precise placement, retraction and injection of the pre-loaded needles during seed
implanation.”® As such, it is not uncommon for seeds to be deposited a few millime-
ters away from the intended coordinates. Lastly, uncertainties associated with image
guidance systems also contribute to seed position during the implantation procedure.
Several studies have examined the uncertainties of trans-rectal ultrasound geometry
and their effects on needle placement and dosimetry.?” %"

Accurate placement of radioactive seeds is crucial for delivering an effective dose to
the prostate in LDR brachytherapy. However, various factors such as discrepancies in
patient anatomy, positioning variations, and differences between planned and actual
seed positions can significantly affect the final dose distribution. These uncertainties
undermine the ability to consistently replicate the intended seed position and dose
distribution seen in planning. This study seeks to establish a method for quantifying
the likelihood of achieving post-implant dosimetry constraints, which are critical for
evaluating target coverage. By applying a probability-based approach, this study aims
to assess seed position uncertainty and use probability thresholds as predictive tools
to enhance the reliability of treatment plans in meeting the post-implant dosimetry

constraint, prostate D90%, in prostate LDR brachytherapy.

3.2 DMaterials and methods

3.2.1 Study population

This study included 172 prostate cancer patients previously treated with LDR brachyther-
apy at BC Cancer-Victoria, British Columbia, between 2019 to 2022. Patients were
treated with prescribed doses of either 110 Gy or 144 Gy, utilizing Todine-125 (1*°1)

radioactive seeds implanted within the prostate.

Volume studies were performed on all patients, involving the acquisition of trans-
verse US images of the prostate from the base to the apex at 5 mm intervals. Prior to
developing the treatment plan, the RO manually contoured the prostate within these
images. These contours underwent review by the brachytherapy group as part of the

institutional peer-review process.
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Treatment plans were manually generated by physicists using Variseed™ (version
9.0) a Varian Medical System’s commercial planning software for LDR brachyther-
apy. These plans were based on the US images obtained from the volume study and
employed a modified peripheral loading technique. The planning process followed
the protocols established by BC Cancer-Victoria, incorporating specific seed activity
characteristics and patterns to customize each plan to the unique patient’s anatomy

and dosimetric requirements.

For post-implant assessment, the dosimetry was evaluated using CT images ac-
quired immediately after the implant procedure (Day 0). The seed locations on
the CT images were determined by the software and adjusted, if necessary, by the
physicist. The prostate, rectum, and urethra were then manually contoured by the
radiation oncologist who performed the implant. These images were not registered

with the initial US images.

3.2.2 Pre-implant and post-implant dosimetry constraints

Pre-implant dosimetry constraints used to generate treatment plans are defined from
dose-volume histograms (DVH) of the targets and OARs. These dosimetry constraints
are indicated by Vx%, representing the volume (expressed as a percentage or in cubic
centimeters) of the target structures or OARs that receive x% of the prescribed dose,

and Dx%, which refers to the dose that covers x% of the volume.

Detailed specifications of the pre-implant and post-implant dosimetry constraints
are outlined in Table 3.1 and Table 3.2, respectively. Table 3.1 presents the pre-
implant dosimetry constraints for the PTV, prostate, and OARs, while Table 3.2

details the post-implant constraints to assess treatment efficacy.
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Table 3.1: Summary of pre-implant dosimetry constraints for low dose rate prostate
brachytherapy.

Target/OAR Pre-implant dosimetry constraints
Planning target volume (PTV) V100% > 98%

V150% = 50 — 60%

V200% < 21%

Prostate (CTV) V100% > 99%
V150% = 56 — 65%

V200% < 22%

Urethra V125% < 30%

V150% < 5%

D50% < 120%

Rectum V100% < lem?

Table 3.2: Summary of post-implant dosimetry constraints for low dose rate prostate
brachytherapy.

Target/OAR  Post-implant dosimetry constraints
Prostate (CTV) V100% > 90%

V150% = 45 — 65%

D90% = 100 - 125%
Urethra D50% < 120%
Rectum D100% < lcm?

3.2.3 Python-based in-house dose calculation engine

A Python-based in-house dose calculation engine (BrachyVIC-3D) was developed to
determine the probability of achieving each pre-implant dosimetry constraint when
seed position uncertainties during implantation are simulated. The DICOM plan
file generated in Variseed™ was exported to the BrachyVIC-3D software, where the
seed positions were randomly shifted 2 mm and 3 mm linearly in the radial and
longitudinal direction of the needle to reflect typical procedural variations and the

anatomical constraints of the prostate region.
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Following the shifts, the software calculates the three-dimensional dose distribu-
tion based on the AAPM TG-43 formalism. Under this formalism, both BrachyVIC-
3D and Variseed™ employ the point-source approximation when calculating dose,
which may introduce some additional uncertainty in the delivered dose. This process
is repeated 100 times to achieve statistical standard deviation, with each iteration
recalculating the dose distribution. At the end of the 100th iteration, BrachyVIC-
3D calculates the mean value and standard deviation of each pre-implant dosimetry

constraints as depicted in Figure 3.1.

Export plan
from Variseed™
to BrachyVIC-3D

\ 4

Calculate pre-implant » No
dosimetry objectives ™
Calculate
Yes Find simulated probability
& 100 nto > of achieving
=~ pre-implant dosimetry
h 4 objective
Shift seeds
randomly

Figure 3.1: Python-based in-house software (BrachyVIC-3D) architecture. Treat-
ment plans are exported from Variseed™ to BrachyVIC-3D software. The software
calculates the pre-implant dosimetry constraints followed by shifting the seeds to
simulate the variations in seed placement that occurs during implantation. After 100
simulations (N), the mean (u) and standard deviation (o) of each pre-implant dosime-
try objective is calculated to determine the probability of achieving the pre-implant
dosimetry constraints.

The probability of achieving that pre-implant dosimetry constraint was deter-

mined through the probability density function of the normal distribution, as shown:

1 1
flx | po?) = M<

where x represents the pre-implant dosimetry constraint, p is the mean dose value,

(3.1)

and o is the standard deviation, both calculated from the 100 iterations for that

constraint. This function was used to model the likelihood of achieving the specific
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pre-implant dosimetry constraint based on the distribution of dose values. The global
probability of achieving all target pre-implant dosimetry constraints was also calcu-
lated by assigning equal weights to the individual probabilities of achieving PTV
V100%, PTV V150%, prostate V100%, and prostate V150%, respectively.

Simulations beyond 100 iterations provided little additional benefit, as the stan-
dard deviation after 100 iterations was already less than 1%. The entire simulation
process, including shifting seed positions and recalculating dose, was completed in
approximately 25 seconds per treatment plan (in a regular PC) and was performed
after the treatment plan was created as part of the pre-implant quality assurance

process.

Probabilities of achieving pre-implant dosimetry constraints for both the PTV and
prostate, and the global probability for each patient treatment plan, were extracted for
the study. The probability distributions for each pre-implant dosimetry constraint and
the global probabilities were evaluated to identify any recognizable patterns that could

aid in predicting the successful achievement of post-implant dosimetry constraints.

3.2.4 Threshold determination

To identify the optimal probability thresholds that would predict the likelihood of
achieving post-implant dosimetry constraints, patient treatment plans were divided
into training, validation, and testing sets. Seventy-five percent of treatment plans
(129 patients) were allocated for training and validation, while 25% (43 patients)
was used for testing. The optimal probability thresholds were first determined using
the training and validation sets, followed by an assessment of their reliability using
the testing set. To ensure a robust evaluation, the training and validation data were
shuffled 20 times, with each iteration randomly splitting the data into 75% for training

and 25% for validation, minimizing the bias and variability.

The probability thresholds for selected pre-implant dosimetry constraint probabili-
ties were determined using Receiver Operating Characteristic (ROC) curve analysis. ! 11°
The ROC curve was generated by plotting the true positive rate (sensitivity) against
the false positive rate (1-specificity) across various threshold values, thereby visual-

izing the trade-offs between sensitivity and specificity at different probability thresh-
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olds. Sensitivity referred to the ability of a threshold to correctly identify cases that

successfully achieved post-implant dosimetry constraint, prostate D90% = 100 — 125%

(true positives):'!3

Sensitivit True Positives (3.2)
ensitivity = .
Y True Positives + False Negatives

Specificity measured the ability of the threshold to correctly identify cases that

did not achieve the post-implant constraint (true negatives):!1?

True Negatives

Specificity = (3.3)

True Negatives 4 False Positives

This approach enabled the assessment of each pre-implant dosimetry constraint’s
probability in terms of its ability to predict the likelihood of achieving specific post-
implant dosimetry constraint, prostate D90%. The discriminative power of the prob-
ability thresholds for each constraint was assessed by generating receiver operating
characteristic (ROC) curves and computing the corresponding area under the curve
(AUC). ROC curve shapes were evaluated to assess the trade-off between sensitivity
and specificity, while the AUC served as a quantitative measure of the threshold’s
ability to distinguish between plans that met and did not meet the post-implant
constraint. AUC values range from 0 to 1, where an AUC of 0.5 indicates no discrim-

inative power, and an AUC closer to 1.0 reflects excellent discriminative ability.!!?-11°

In conjunction with the ROC curve, the Youden Index was calculated at each
threshold along the curve. The Youden Index was used to determine the point on
the curve that maximizes the sum of sensitivity and specificity on the ROC curve.
Mathematically, the Youden Index (J) is defined as:!''®

J = Sensitivity + Specificity — 1 (3.4)

where the threshold corresponding to the maximum value of J was selected as the
optimal threshold.!!? 18 135-137 By analyzing the shape and AUC of the ROC curve,
along with calculating the Youden Index, the optimal probability threshold was as-

sessed.
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3.2.5 Threshold validation, testing and evaluation metrics

For each iteration, the dataset was shuffled and split into training and validation
sets to ensure robust and consistent threshold determination. The ROC curve and
Youden Index were applied to the training data to identify the optimal threshold for
predicting post-implant dosimetry success. This threshold was then validated on the
validation set, where its performance was evaluated using metrics such as accuracy,

precision, recall, and F1-score.

Accuracy was defined as the proportion of treatment plans where the threshold
correctly simulated whether or not the plan would achieve the post-implant dosimetry
constraint, prostate D90%, relative to the total number of plans. It was calculated

as:138

True Positives 4+ True Negatives

Accuracy =
Y True Positives + True Negatives + False Positives + False Negatives

(3.5)

Precision measured the proportion of treatment plans that were simulated to meet

the threshold and were correctly classified as having achieved prostate D90%, defined

ag: 198
True Positives
Precision = 3.6
True Positives + False Positives (3.6)

Recall (or sensitivity) assessed how well the threshold correctly identified treat-

ment plans that successfully achieved prostate D90%:!3®

True Positives
Recall = 3.7
eea True Positives + False Negatives (37)

The F1l-score balanced precision and recall provide a single measure of how well
the threshold predicts the achievement of post-implant constraint, prostate D90%.
This metric is crucial when the threshold may predict many plans as successful (high

recall), but some of those plans do not actually achieve prostate D90% (lowering

precision):!38
Precision x Recall
F, =2 3.8
! % Precision + Recall (3.8)
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This process was repeated for 20 iterations to minimize bias, with the dataset being
reshuffled and re-split in each cycle. The mean threshold from these 20 iterations was
selected as the final threshold for each pre-implant dosimetry constraint probability
to ensure generalizability. The mean thresholds were then applied to the test set.
Testing ensured that the thresholds were reliable and effective on unseen patient

data, providing confidence in their ability to guide treatment planning decisions.

3.3 Results

Table 3.3: Summary of pre-implant target dosimetry constraints achievements.

re-implant Number of ~ Percentage Number of Percentage
dosimetry constraints Criteria  patients met met patients not met not met
Prostate V100% > 99% 124 96.12% ) 3.88%
Prostate V150% 56 - 65% 104 80.62% 25 19.38%
PTV V100% > 98% 127 98.45% 2 1.55%
PTV V150% 50 - 60% 99 76.74% 30 23.26%
PTV V200% <21% 122 94.57% 7 5.43%

Table 3.3 presents the number of patients who met or did not meet the target pre-
implant dosimetry constraints. More than 95% of patients achieved the minimum
required coverage for prostate and PTV V100%, demonstrating strong adherence to
these target constraints. In contrast, the success rate dropped to approximately 75 -
80% for prostate and PTV V150%, indicating that these metrics are more susceptible
to variations in seed placement and the associated uncertainties. For PTV V200%,
94.57% (122 patients) met the constraint, while 5.43% (7 patients) did not. Majority
of the patients have shown to have met the dosimetry constraints, though prostate
V150% and PTV V150% showed higher proportion of patients not meeting the target

coverage compared to the other metrics.
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Table 3.4: Summary of post-implant target dosimetry constraints achievements.

Post-implant Number of Percentage Number of Percentage
dosimetry constraints Criteria patients met met patients not met = not met
Prostate V100% > 90% 123 95.35% 6 4.65%
Prostate V150% 45 - 65% 91 70.54% 38 29.46%
Prostate D90% 100 - 125% 112 86.82% 17 13.18%

Table 3.4 summarizes the achievement of post-implant dosimetry constraints for
the prostate. A similar percentage of patients met the prostate V100% post-implant
constraint as compared to the pre-implant constraint. However, the percentage of
patients achieving prostate V150% post-implant was approximately 10% lower than
those meeting the pre-implant target, despite the less stringent nature of the post-

implant dosimetry constraints.
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Figure 3.2: Python-based in-house software distribution of simulated probabili-

ties for a 2 mm linear shift in seed displacement in achieving pre-implant dosimetry
constraints for (A) PTV V100%, (B) PTV V150%, (C) Prostate V100%, and (D)
Prostate V150%. Each bar represents the number of patients corresponding to spe-
cific probability intervals.

The distribution of simulated probabilities for achieving pre-implant target dosime-
try constraints under a 2 mm seed shift is shown in Figure 3.2. For PTV V100%
(Figure 3.2A), the majority of patients (51.9%) had probabilities in the 91 - 100%
range, though a notable portion (18.6%) fell within the lowest 0 - 9% range, indi-
cating a degree of sensitivity to seed placement variability. In contrast, PTV V150%
(Figure 3.2B) demonstrated an exponential-like distribution, with a sharp concentra-
tion of probabilities in the 91 - 100% range, where 69.0% of patients achieved this
threshold. This indicates that the PTV V150% constraint may be less sensitive to un-
certainties in seed placement and is a more reliable metric for assessing the successful

achievement of post-implant dosimetry constraints. Prostate V100% (Figure 3.2C)
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had a more scattered distribution, with only 32.6% of patients in the 91 - 100% range.
Similarly, prostate V150% (Figure 3.2D) showed a relatively even distribution, with
27.9% of patients in the highest probability range. The exponential-like concen-
tration of probabilities for PTV V150% highlights its robustness to seed placement
variability suggesting it could serve as a reliable predictor for post-implant dosime-
try constraints, whereas the more scattered distributions for PTV V100%, Prostate
V100%, and Prostate V150% indicate that these metrics are more sensitive to seed

placement variability.
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Figure 3.3: Distribution of simulated probabilities for a 3 mm linear shift in seed
displacement in achieving pre-implant dosimetry constraints for (A) PTV V100%, (B)
PTV V150%, (C) prostate V100%, and (D) prostate V150%. Each bar represents the
number of patients corresponding to specific probability intervals.

A 3 mm linear shift was also simulated and the resulting BrachyVIC-3D probabili-

ties for the pre-implant dosimetry constraints are depicted in Figure 3.3. Figures Fig-
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ure 3.3A and Figure 3.3C show a more scattered distribution of probabilities for PTV
V100% and Prostate V100%, with 26.4% and 18.6% of patients, respectively, achiev-
ing simulated probabilities in the 91-100% range. Prostate V150% (Figure 3.3D)
also exhibited a dispersed distribution, with only 6.2% of patients reaching the high-
est probability range. However, PTV V150% (Figure 3.3B) still demonstrated an
exponential-like distribution, with 34.1% of patients in the 91 - 100% range, reinforc-
ing its stability and reliability under seed placement uncertainties, even with a larger
shift. This further emphasizes that PTV V150% may be an acceptable indicator for
predicting successful achievement of post-implant dosimetry constraints.
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Figure 3.4: Distribution of simulated global probabilities for (A) 2 mm linear shift
in seed displacement in achieving all pre-implant target dosimetry constraints and (B)
3 mm linear shift in seed displacement in achieving all pre-implant target dosimetry
constraints. Each bar represents the number of patients corresponding to specific
probability intervals.

Figure 3.4 presents the simulated global probabilities for achieving all pre-implant
dosimetry constraints under 2 mm and 3 mm linear shifts. In the case of the 2 mm shift
(Figure 3.4A), the distribution showed a strong concentration of probabilities between
70 - 89%, with 30.2% of patients in the 70 - 79% range and 25.6% in the 80 - 89% range,
exhibiting a bell-shaped or normal-like distribution. For the 3 mm shift (Figure 3.4B),
the distribution shifted slightly, with a broader spread and fewer patients achieving
high probabilities. The majority of patients fell within the 50 - 79% range. This

shift indicates a more dispersed distribution, with only 1.6% of patients achieving
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probabilities in the 91 - 100% range under the 3 mm shift, suggesting increased
variability in achieving global dosimetry constraints as seed placement uncertainty

increases.

Correlation: 0.87

100

95

90

85

80

Prostate volume receiving 100% of the dose - prostate V100% [%]

80 90 100 110 120 130
Dose delivered to 90% of the prostate volume - prostate D90% [%]

Figure 3.5: Correlation between post-implant dosimetry constraints, prostate
V100% and prostate D90% dosimetry constraints. The linear regression fit is rep-
resented by the red line.

The correlation between the dose delivered to 90% of the prostate volume (D90%)
and the prostate volume receiving 100% of the prescribed dose (V100%) was evalu-
ated, yielding a strong positive correlation coefficient of 0.87, as shown in Figure 3.5.
This high degree of correlation suggests that either metric can be reliably used as a
predictive endpoint for the optimal probability thresholds. Given the strong corre-
lation, predicting one variable allows for the accurate estimation of the other, thus
offering flexibility in choosing the most appropriate dosimetric measure based on
clinical preferences or specific treatment goals. Both prostate D90% and V100% rep-
resent strong indicators of treatment quality, and this correlation further validates
the robustness of using either metric as the primary target for evaluating treatment

quality.
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Figure 3.6: Receiver Operating Characteristic (ROC) Curves for predicting the
achievement of post-implant dosimetry objective, prostate D90% thresholds using (A)
2 mm simulated probabilities for PTV V150%, (B) 3 mm simulated probabilities for
PTV V150%, (C) 2 mm simulated global probabilities and (D) 3 mm simulated global
probabilities. Grey lines represent the ROC curves from 20 different iterations, and
the grey dots indicate the thresholds from each iteration. The blue curves represent
the mean ROC across all iterations, and the red dot marks the mean threshold. The
dotted line represents the line of no discrimination, indicating a model’s performance
equivalent to random chance.

Figure 3.6 displays the Receiver Operating Characteristic (ROC) curves for pre-
dicting post-implant D90% thresholds across different dosimetric parameters and seed
shift conditions.Figure 3.6A shows the ROC curve for 2 mm simulated probabilities
for PTV V150%, with a mean AUC of 0.48 and a mean threshold of 68%. Figure
Figure 3.6B reflects the 3 mm simulated probabilities for PTV V150%, with a higher
mean AUC of 0.53 and a mean threshold of 67%. Figure 3.6C depicts the 2 mm sim-
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ulated global probabilities, with an AUC of 0.53 and a mean threshold of 73%, while
Figure 3.6D shows the 3 mm simulated global probabilities, achieving the highest
AUC of 0.56 and a mean threshold of 71%. In each subplot, the blue lines repre-
sent the mean ROC curve across 20 iterations, and the red dots highlight the mean
threshold values. These results illustrate the variation in predictive performance for

different simulated probabilities for the pre-implant dosimetry constraints.

Table 3.5 provides a comprehensive overview of threshold performance based on
simulated probabilities for achieving the post-implant dosimetry constraint, prostate
D90%, under 2 mm and 3 mm linear seed shifts for PTV V150% and global proba-
bilities. The 2 mm linear shift for PTV V150% demonstrated the best overall perfor-
mance, with a mean threshold value of 67+ 13%. It achieved an accuracy of 0.72 +
0.15, precision of 0.85 + 0.07, recall of 0.80 4+ 0.15, and an F1l-score of 0.82 + 0.12.
The relatively low variability in performance metrics for this threshold suggests that
it provides a robust balance between correctly identifying plans that meet prostate
D90%.
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Table 3.5: Summary of descriptive statistics for identifying optimal threshold proba-
bilities for post-implant dosimetry constraints (prostate D90%) based on 20 iterations
of training and validation sets.

Evaluation Metric Mean Median Minimum Maximum Standard Deviation

2 mm linear shift simulated probabilities for PTV V150%

Threshold value  68% 60% 60% 96% 13%
Accuracy 0.72 0.79 0.36 0.85 0.15
Precision 0.85 0.87 0.65 0.93 0.07

Recall 0.80 0.86 0.40 0.93 0.15

F1-score 0.82 0.88 0.53 0.92 0.12

AUC 0.48 0.48 0.39 0.56 0.05
3 mm linear shift simulated probabilities for PTV V150%

Threshold value  67% 68% 24% 98% 24%
Accuracy 0.56 0.56 0.27 0.82 0.18
Precision 0.86 0.87 0.75 1.00 0.06

Recall 0.58 0.57 0.12 0.90 0.25

F1l-score 0.66 0.68 0.20 0.90 0.19

AUC 0.53 0.53 0.44 0.62 0.05
2 mm linear shift simulated global probabilities

Threshold value  73% 72% 62% 89% 12%
Accuracy 0.50 0.56 0.21 0.79 0.19
Precision 0.87 0.88 0.75 1.00 0.07

Recall 0.50 0.58 0.10 0.86 0.27

F1-score 0.59 0.70 0.19 0.87 0.24

AUC 0.53 0.53 0.46 0.58 0.04
3 mm linear shift simulated global probabilities

Threshold value  71% 73% 57% 78% 6%
Accuracy 0.57 0.58 0.36 0.73 0.09
Precision 0.87 0.85 0.77 1.00 0.07

Recall 0.60 0.61 0.36 0.77 0.12
F1l-score 0.70 0.71 0.49 0.83 0.09
AUC 0.56 0.56 0.50 0.64 0.04

For the 3 mm linear shift simulated probabilities for PTV V150%, the mean
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threshold value was 67 & 24%. Accuracy for this threshold dropped to 0.56 + 0.18,
with a recall of 0.58 4+ 0.25, but precision remained high at 0.86 £+ 0.06. For the
global probabilities, the 2 mm shift had a mean threshold of 73 £+ 12%, with lower
accuracy (0.50 = 0.19), recall (0.50 £+ 0.27), and an Fl-score of 0.59 + 0.24. The 3
mm global shift exhibited slightly better performance, with a mean threshold of 71
+ 6%, accuracy of 0.57 + 0.09, and an Fl-score of 0.70 £ 0.09. These results suggest
that the 2 mm PTV V150% threshold provides the most reliable predictor of post-
implant prostate D90% success, with lower variability and better overall performance

compared to global probabilities.
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Figure 3.7: Testing thresholds for post-implant dosimetry objective prostate D90%
achievements with (A) 67% threshold for 2 mm simulated probability for PTV V150%,
(B) 66% threshold for 3 mm simulated probability for PTV V150%, (C) 73% threshold
for 2 mm simulated global probability, and (D) 71% threshold for 3 mm simulated
global probability.

Figure 3.7 shows the results of threshold testing for 2 mm and 3 mm linear shifts,
examining both PTV V150% and global simulated probabilities. The 2 mm PTV
V150% probability threshold (Figure 3.7A) demonstrated the best balance between

specificity and sensitivity, where all 33 patients who met the threshold successfully
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achieved the post-implant constraint, with no false positives. However, the threshold
failed to correctly identify 9 patients who successfully achieved the post-implant con-
straint, classifying them as false negatives. In comparison, the 3 mm PTV V150%
probability threshold (Figure 3.7B) identified fewer patients, failing to identify 16
patients who achieved the constraint, suggesting that the 2 mm threshold is less re-
strictive while maintaining high predictive accuracy. The global constraint thresholds
(Figure 3.7C and Figure 3.7D) showed similar trends, with the 2 mm global probabil-
ity threshold missing 26 patients and the 3 mm global probability threshold missing
32 patients that both global thresholds identified fewer successful cases. Overall,
the 2 mm PTV V150% probability threshold is identified as the optimal threshold,
providing perfect specificity and a manageable number of false negatives, making it
the most effective for predicting the likelihood of achieving post-implant dosimetry

constraint.
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Figure 3.8: Distribution of patients based on non-planned supplemental seeds
(NPSS) used and post-implant dosimetry objective, prostate D90%, achievement.
The blue bars represent patients who achieved the prostate D90% (100-125%), the
pink bars represent patients who did not achieve prostate D90% (< 100%), and the
red bars represent patients who exceeded the prostate D90% objective (> 125%).

Figure 3.8 demonstrates the distribution of patients based on the number of NPSS
used and their corresponding achievement of the prostate D90% constraint. The
data show no clear correlation between the number of NPSS used and the success of
achieving the D90% target. The results indicate no significant correlation between the

number of NPSS used and the likelihood of meeting or exceeding the prostate D90%
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constraint. While most patients fell within the target range (100 - 125%) across
all NPSS categories, a small number of patients did not achieve the D90% target,
particularly at NPSS counts of 0, 1, 3, and 5. Across all NPSS categories, patients
in each group (below 100%, between 100 - 125%, and above 125%) are distributed
without a consistent trend. This suggests that the number of NPSS used does not
significantly impact the likelihood of meeting or exceeding the D90% dosimetry goal.

3.4 Discussion

3.4.1 Predictive performance of threshold values and their

clinical relevance

LDR prostate brachytherapy using pre-implant dosimetric metrics, specifically the
probabilities calculated from our in-house dose calculation engine can be used to
determine the reliability of achieving post-implant constraints. These probabilities
represent the likelihood of meeting the pre-implant dosimetry constraints and the
probability of achieving all pre-implant target dosimetry constraints represented as
the global probability. Specifically, probabilities calculated for PTV V150% and the
global probabilities regarding a 2 mm and 3 mm linear shift were found to be strong
predictors, as they showed reliable predictive probability distributions. The threshold
values identified in this study provide critical insights into predicting post-implant

dosimetry constraint, prostate D90%, achievement.

For a 2 mm linear shift in simulated probability for PTV V150%, the optimal
threshold was 68 + 13%, while for a 3 mm linear shift, the threshold was slightly
higher at 67 + 24%. In terms of global probabilities, the 2 mm linear shift had a
threshold of 73 + 12%, and the 3 mm linear shift global probability threshold was 71
+ 6%. These threshold values offer a reliable means of predicting the achievement
of post-implant dosimetry constraint prostate D90%, particularly the 2 mm PTV
V150% threshold performing the best overall shown in Figure 3.7A. This threshold
shows the greatest potential for clinical application due to its accuracy and stability
in predicting the achievement of post-implant dosimetry constraint prostate D90%

compared to the other thresholds. However, it is important to recognize that popu-
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lation data serves as a foundational guide rather than an absolute directive. While
the thresholds provide valuable insights on the treatment plan’s reliability of achiev-
ing prostate D90%, clinical decisions must still incorporate individual patient factors.
Personalizing the treatment plan based on specific patient anatomy and procedural

considerations remains essential for optimizing treatment quality.

3.4.2 Generalizability of methodology and thresholds

When interpreting the results of the identified dosimetric thresholds, it is crucial
to recognize that while these thresholds offer predictive value for achieving post-
implant dosimetry constraint, they are not foolproof. Specifically, there are cases
where patients who ultimately achieved the prostate D90% constraint did not meet
the simulated threshold. For instance, the threshold for a 2 mm linear shift in PTV
V150% is set at 68 £ 13%, and while it provides a precision of 85%, there remains
a subset of patients who successfully achieved the prostate D90% constraint without
meeting this threshold. This implies that the threshold, while useful in predicting
dosimetric success, can miss some true positives (i.e., patients who achieve D90%),
highlighting the possibility of false negatives. In such cases, the sensitivity of the
threshold is less than ideal because not all patients who achieve the D90% constraint
is captured by the threshold.

Similarly, the threshold for a 3 mm linear shift in PTV V150% is 67 + 24%, with
a precision of 86%. However, as with the 2 mm shift, patients who did achieve the
post-implant dosimetry constraint occasionally fell below the threshold, resulting in
false negatives. The thresholds for global probabilities at 2 mm and 3 mm shifts also
exhibit this pattern, with thresholds of 73 &+ 12% and 71 £ 6%, respectively, and

precisions of 87%.

These false negatives indicate that relying solely on threshold values could result
in missing patients who actually achieve their dosimetry constraints. Therefore, al-
though the thresholds demonstrate strong predictive power, particularly in terms of
precision, clinicians must be aware that some patients who achieve post-implant suc-
cess may not meet the threshold, reinforcing the importance of incorporating clinical
judgment and individual patient factors into treatment planning. The occurrence of

such false negatives highlights the need for a more comprehensive evaluation beyond
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just the threshold predictions to ensure optimal patient outcomes.

3.4.3 The role of prostate D90% as a dosimetric indicator

Both prostate D90% and V100% were considered as potential dosimetric endpoints in
this analysis, given their strong clinical relevance. A strong correlation was observed
between them (r = 0.87), indicating a close association and suggesting that either
metric could serve as a predictive measure for treatment evaluation. However, this
relationship may not be strictly linear and could follow an alternative trend particu-
larly at lower dosimetric values. As such, further data and analysis would be valuable

to better characterize the nature of this relationship.

Despite their correlation, D90% was selected as the primary focus in this study due
to a higher number of patients failing to meet this constraint compared to V100%.
This provided a more informative basis for establishing thresholds, as the greater
number of failed D90% cases allowed for a more conservative and better determina-
tion of an optimal threshold. Although D90% is widely recognized as a critical metric,
its higher failure rate in this cohort made it the more practical choice for assessing
post-implant dosimetry achievement.The role of prostate D90% as a dosimetric goal
in LDR brachytherapy, however, continues to prompt critical evaluation. Several
studies have questioned the consistency of D90% as a reliable predictor of treatment
success across different clinical contexts.'3% 14! Yi Su et al. reinforced the importance
of maintaining an appropriate seed count to moderate variability in prostate D90%.3°
Their findings complement our observations, suggesting that even minor deviations
in D90% can still preserve treatment efficacy, provided that a strategic seed place-
ment plan is followed. This flexibility within defined dosimetric constraints highlights
the adaptability of our in-house dose engine to accommodate procedural variability,

ensuring robust treatment outcomes without overly rigid criteria.

Morris WJ et al. further complicate the discussion regarding the utility of D90% as
an indicator of treatment success, noting that while lower D90% values are associated
with higher recurrence risks, the broad application of D90% as a predictor of disease-
free survival is limited.'® Their findings advocate for a nuanced, institution-specific
approach to D90%, emphasizing the shift toward personalized medicine in oncology.

This aligns with our findings, suggesting that dosimetric parameters like D90% should
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be integrated with clinical outcomes and institutional practices rather than viewed in

isolation.

Additionally, Todor et al. demonstrated that slight deviations in seed placement
do not necessarily compromise treatment efficacy, reinforcing the idea that D90%
should be interpreted with flexibility.'*! This underscores the need for treatment
strategies that balance precision in achieving target dosimetry with adaptability to
accommodate patient-specific factors. The minor variations in D90% observed within
our study indicate the inherent uncertainties of seed placement, which, despite careful
planning, remain a challenge in achieving consistent dosimetry. These uncertainties in
seed position highlight the importance of tailored approaches that prioritize patient-
specific outcomes while avoiding rigid adherence to dosimetric targets that may risk

overdosing critical structures.

3.4.4 Non-Planned Supplemental Seeds (NPSS)

The decision to use NPSS during seed implantation, guided by the RO’s expertise,
offers crucial flexibility in addressing areas that might not receive adequate coverage
due to procedural uncertainties. Although NPSS is intended to enhance dose coverage,
our findings suggest that the number of NPSS used does not significantly correlate
with the achievement of the prostate D90% constraint (Figure 3.8). Regardless of
whether few or many NPSS are used, the likelihood of meeting the D90% dosimetric
goal remains relatively unchanged. This indicates that the number of seeds alone
does not strongly influence dosimetric success, highlighting the greater importance of
factors such as the RO’s judgment, seed placement strategy, and the positioning of

seeds relative to others in achieving optimal dosimetric outcomes.

While NPSS can improve coverage, caution is necessary to avoid exceeding dosi-
metric constraints for both the target and organs-at-risk (OARs). These findings
align with broader research, such as that by Yi Su et al., which emphasizes the im-
portance of optimizing seed quantity to reduce variability in dosimetric parameters
like prostate D90%.'3 The number and placement of seeds, both planned and sup-
plemental, play a critical role in the overall success of treatment, underscoring the
need to carefully consider these factors throughout the implantation process. How-

ever, our in-house software only accounts for seed shifts and not the addition of extra
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seeds, suggesting that NPSS may affect the probability of achieving prostate D90%
by altering the final dosimetry distribution.

3.4.5 Limitations and future directions

The implications of our findings on simulated probabilities for pre-implant dosimet-
ric constraints and their precision in achieving post-implant dosimetry constraint,
prostate D90%, highlight the importance of considering the generalizability of our
in-house developed software and methodologies to other clinical settings. While the
probabilistic approach and the relationships identified between seed placement ac-
curacy and dosimetry constraints are broadly applicable to radiation oncology, the
specific thresholds and probability percentages identified may vary across different
institutions. This variability can arise from differences in equipment, treatment pro-
tocols, imaging techniques, planning algorithms, RO expertise, and patient anatomy;,
which may affect the direct application of our results elsewhere. Additionally, dif-
ferences in how ROs approach seed placement, as well as institutional preferences
regarding the use of NPSS, could lead to variability in treatment outcomes, further

emphasizing the need for localized refinement of the thresholds identified in this study.

An important consideration in interpreting these findings is the imbalance in our
patient cohort. The majority of patients in the cohort successfully achieved the post-
implant dosimetry constraints, resulting in a smaller number of failed cases (patients
not meeting prostate D90% or V100% constraints). This group imbalance can signif-
icantly affect the AUC of the ROC curves by compromising the threshold’s ability to
effectively differentiate between patients who achieve prostate D90% and those who
do not. When one group predominates, the threshold’s sensitivity to the minority
group is diminished, leading to disproportionately high false positive rates or an in-
adequate representation of true negative rates, which generally will result in lower
AUC scores as evidenced in Table 3.5. Furthermore, this imbalance can influence the
precision and sensitivity of the thresholds, as fewer examples of failure may limit the
robustness of predictions for patients at risk of not achieving these constraints. The
predictive models may therefore be biased toward identifying successful outcomes,
and the thresholds may not generalize as effectively to cohorts with a more bal-

anced distribution of outcomes. This highlights the need for caution when applying
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these thresholds in other settings or patient populations, as different distributions
of successes and failures could impact the effectiveness of the simulated probabilities
evidenced in Table 3.5, where 20 different training sets were used. It is suggested that
each institution train a dataset using pre-implant and post-implant plans tailored to
their own cases. Future studies should aim to incorporate more balanced datasets to
improve the generalizability and accuracy of the predictive thresholds across diverse

clinical environments.

While our probabilistic model demonstrates promise, it is important to acknowl-
edge that more advanced and powerful modeling approaches exist for characterizing
uncertainty. These include Bayesian frameworks, ensemble learning techniques, or
deep learning models that incorporate uncertainty quantification. Such methods may
offer improved performance in handling small datasets and imbalanced classes. These
approaches will be explored in future studies to further enhance predictive accuracy

and clinical applicability.

3.5 Conclusions

The in-house LDR brachytherapy dose calculation software demonstrated its capa-
bility to generate reliable 3-D dose distributions, using seed positions to calculate the
probability of achieving specified post-implant dosimetry constraints. Our findings
indicate that the pre-implant probability threshold for achieving the post-implant
dosimetry constraint, prostate D90%, is 68 4 13% for a 2 mm linear shift when con-
sidering the PTV V150% simulated probability. This threshold provides a reliable
predictor of treatment plan success, with a precision of 85%, meaning that plans
achieving this threshold have an 85% likelihood of successfully meeting the prostate
D90% constraint. While this threshold offers a robust tool for optimizing the reliabil-
ity of achieving the post-implant dosimetry constraint, it is essential to acknowledge
the inherent uncertainties and variability associated with seed placement and pro-
cedural factors. The standard deviation highlights the variability in predicting out-
comes, underscoring that while the identified threshold provides valuable guidance,
it does not guarantee success in achieving prostate D90%. Incorporating this 2 mm
PTV V150% threshold into clinical practice can enhance the decision-making pro-

cess during treatment planning, allowing radiation oncologists and medical physicists
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to make informed adjustments based on real-time data. However, the achievement
of post-implant dosimetry constraints continues to depend heavily on the clinical
judgment of the radiation oncologist, who must balance probabilistic thresholds with

patient-specific anatomical and procedural considerations.
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Chapter 4

Enhancing dose gradients in
gynecological cancer treatment
planning: impact of normal tissue
objectives and concentric ring
structures on dose gradients in
volumetric modulated arc therapy

planning

4.1 Introduction

Radiation therapy is essential for the effective treatment of gynecological cancers,
which are particularly challenging due to the close proximity of the reproductive or-
gans to critical structures like the bladder, rectum, and bowel. Considering that 1 600
Canadian women are expected to be diagnosed with cervical cancer and approximately
8 600 are expected to be diagnosed with uterine and endometrial cancer this year,

there is a critical need for highly effective treatment strategies!#?. These strategies
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must be meticulously created to ensure effective tumour targeting while minimizing
damage to surrounding healthy tissues. The complexity of these tumours, coupled
with their significant impact on women’s health, emphasizes the need for advanced

radiation therapy techniques that balance treatment efficacy with patient safety.

External beam radiation therapy (EBRT) is one of the common treatment modal-
ities for managing gynecological cancers. Recent advancements in EBRT have led
to the development of several techniques that optimize dose distributions and en-
hances organ-at-risk (OAR) sparing, which are particularly beneficial for these can-
cers. Techniques such as intensity-modulated radiation therapy (IMRT), volumetric
modulated arc therapy (VMAT), and image-guided radiation therapy (IGRT) have
shown to have high precision in dose delivery.!*3!46 These methods, coupled with
accurate patient positioning, have been shown to ensure precise control over where
radiation doses are delivered, effectively targeting tumours while minimizing risk to
OARs.17 148 Guidelines such as the Gynecological Cancer (GEC) guidelines by the
European Society for Radiotherapy and Oncology (ESTRO), particularly the Eu-
ropean MRI-guided Brachytherapy in Cervix Cancer (EMBRACE), emphasize the
significance of these strategies. These guidelines have provided comprehensive rec-
ommendations for cervical cancer, focusing on treatment outcomes, dosimetry, and
comparisons of different radiotherapy techniques.” "™ By following these guidelines,
the delicate balance between delivering effective tumour doses and sparing OARs can
be better managed, helping to prevent severe side effects such as radiation cystitis, en-
teritis, and proctitis. These complications can significantly impact a patient’s quality
of life.?? %3 Through these comprehensive guidelines and techniques, treatment plans
can be created to achieve the most favorable therapeutic outcomes, emphasizing the

importance of precision.

In addition to advanced delivery techniques and evidence-based guidelines, radio-
therapy planning techniques have been developed to optimize dose gradients around
the tumour while minimizing exposure to surrounding healthy tissues. Dose gradient
optimization ensures a steep fall-off in radiation doses outside the target, balancing
tumour coverage with OAR sparing. Two key methods used in this process are the
Normal Tissue Objective (NTO) and concentric ring structures (CRS). The NTO, a
feature in Varian’s Eclipse™ treatment planning system, allows precise control over

the dose gradient by adjusting parameters such as start dose, distance from the target
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(DFT), and fall-off rate.”™™ CRS, also known as dosimetric shells, involves creating
concentric regions around the target, with each ring assigned a specific dose objective
to refine the dose gradient.®:87 These planning techniques are particularly vital in
gynecological treatment plans, where the proximity of multiple OARs requires metic-
ulous optimization to ensure both treatment efficacy and patient safety. Research has
shown that manual optimization of NTO parameters leads to superior target coverage
and reduced doses to OARs compared to automatic settings.!41°0 This thoughtful
application of the NTO can significantly enhance treatment outcomes, especially in
complex cases involving tumours in the endometrium, cervix, prostate, lung, and
brain.!#%1% However, the effectiveness of the NTO is contingent upon the tumour
site and clinical needs, requiring continuous refinement to determine the optimal
combination of parameters for each specific location. Establishing these optimal set-
tings provides a reliable starting point for treatment planning, potentially minimizing
the need for further adjustments and allowing for more efficient, tailored therapeutic
strategies. While many studies have focused on varying the fall-off parameter in com-
bination with high start doses and shorter start distances to achieve aggressive dose
distributions, it may also be valuable to explore less stringent combinations. %% 192154
Using a lower start dose with a larger start distance could result in a more grad-
ual dose fall-off, potentially enhancing OAR sparing while still maintaining adequate

tumour coverage.

Similarly, CRS has shown to be highly effective in enhancing radiotherapy treat-
ment planning by improving dose control and sparing OARs.8%:87:155 Studies have also
demonstrated the use of CRS to improve the conformity of the radiation dose to the
cervical targets, which are often characterized by complex geometries.'?% 157 Addition-
ally, CRS has shown significant benefits in lung cancer cases treated with stereotactic
body radiotherapy (SBRT), where sharp dose fall-offs are critical for delivering high
while protecting surrounding tissues.®® Furthermore, research has explored optimal
shell parameters, such as ring width, number of rings, and dose fall-off rates, revealing
their impact on treatment plan quality and target conformity.5%:8% 1% These findings
support the effectiveness of CRS in achieving safer and more precise radiotherapy
outcomes by optimizing dose gradients. While both NTO and CRS have been shown
to be effective at optimizing dose gradients, a systematic comparison of their relative

performance remains to be conducted.
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This study focuses on systematically evaluating the strengths and limitations of
the NTO and CRS in optimizing dose gradients for gynecological cancer treatment
plans. By comparing these two optimized approaches, the study provides a detailed
and systematic analysis of their optimal parameters, advantages, and limitations in
achieving precise dose gradients that ensure target coverage while sparing adjacent
OARs. The findings aim to improve the precision and safety of external beam radio-
therapy (EBRT) in clinical practice, ultimately enhancing radiotherapy outcomes for

patients with gynecological cancers.

4.2 Materials and methods

4.2.1 Patient cohort and treatment

Fifteen patients with gynecological tumours previously treated at BC Cancer Vic-
toria, British Columbia were retrospectively selected for this study. Representing
approximately 12-15% of the clinic’s annual gynecological cancer cases, this cohort
reflects a diverse range of treatment complexities including cervical, endometrial, and
uterine tumours. Fach patient was prescribed a total dose of 45 Gy, delivered us-
ing volumetric modulated arc therapy (VMAT). Treatment plans used two full 360°
arcs at 6 MV and were optimized for TrueBeam linear accelerators (Varian Medical

Systems).

All treatment plans were created and optimized using the Eclipse™ treatment
planning system (TPS), version 18.0 (Varian Medical Systems). The Photon Opti-
mizer (PO), version 18.0, was utilized for plan optimization while final dose calcu-
lations were performed using the Anisotropic Analytical Algorithm (AAA), version
18.0. No plans were paused or adjusted during optimization. Treatment plans were
optimized using manual NTO and CRS. Plans optimized without any CRS or NTO
were used as a baseline for comparison. In Eclipse™, the normalization factor is
applied to the dose distribution after optimization to ensure that the target meets
the prescribed dose coverage. All plans were normalized so that 95% of the prescribed
dose covered 98% of the planning target volume (PTV) after optimization and final

dose calculation.%*
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4.2.2 Target optimization objectives

Within the optimizer, optimization objectives were established to ensure adequate
dose coverage to the target volumes, incorporating both upper and lower dose-volume
optimization objectives used at the institution.®*% Target structures include: the
planning target volume (PTV), clinical target volume (CTV) and internal target
volume (ITV). Target structures with ‘n’ and ‘p’ refer to nodal and primary tar-
get volumes, respectively, indicating whether the structure is associated with lymph
node regions or the primary tumour site. Optimization structures, prefixed with “z”
(zCTVndb, zITVpd5, zPTVnd5, zPTVp4d5, and zPTV45), were derived using Boolean
operations to existing target structures as supporting structures for optimization and
evaluation purposes.®®% Each structure was assigned specific dose-volume optimiza-
tion objectives with corresponding priorities to enhance the dose distribution sum-

marized in Table 4.1.

Table 4.1: Optimization parameters for different structures.

Optimization Structure Objective Volume (%) cGy Priority

Upper 0 4815 120
Upper 25 4725 70

zCTVn45
Upper 50 4650 70
Lower 100 4500 100
Upper 0 4725 130
Upper 25 4700 70

zI'TVp4h
Upper 50 4650 70
Lower 100 4500 100
Upper 0 4635 130

zPTVn45
Lower 99 4500 100
Upper 0 4725 120

zPTVp4b
Lower 99 4500 100
Upper 0 4725 120

zPTV45
Lower 99 4500 100
PTV Upper 0 4725 120

Upper 0 4500 0*
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4.2.3 Normal Tissue Objective (NTO)

The NTO, a tool within Varian’s TPS, Eclipse™ controls the radiation dose distribu-
tion in the treatment plan to protect surrounding healthy tissues. It can be defined as
a continuous penalty function, f(x), which specifies the dose constraints at a distance,

x, from the planning target volume (PTV) border, as shown:™ ™

e*k(ll?*xstart) + ~ 1— efk(xfmsmrt) , X > Tstar
flz) = Jo foo ( ) = start (2.14)

f07 T < Tgtart

The start dose, f,, is the maximum dose level (%) that should not be exceeded,
serving as an upper limit outside the PTV region. Conversely, the end dose, f.,
is the minimum acceptable dose level (%) outside the PTV region, functioning as a
lower limit. The start distance, Zgay, is the distance from the target (DFT) border
at which the NTO begins to enforce dose penalties (cm). The dose fall-off, k, is the
rate at which the dose decreases (mm™). The priority, p is the importance of the

NTO within the hierarchy of optimization objectives in the TPS optimizer.

For plans optimized with manual NTO, a priority setting of 100 was established,
and an upper objective with a priority of 0 was applied to the target. This upper
objective was necessary as the NTO requires an upper objective to optimize the
treatment, specifically utilizing the lowest upper objective set for the target.”™™ Two
manual NTO configurations were examined: NTO #1 with xg.¢ = 0.05 cm, f, =
105% and fo = 40%, and NTO #2 with x4 = 0.3 cm, f, = 95% and [, = 40%.
The dose fall-off (k) was adjusted across a range of values: 0.15, 0.2, 0.25, 0.3, 0.35,
and 0.4 mm™. These two functions can be seen in Figure 4.1, showing their theoretical

function derived from Equation 2.14.
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Figure 4.1: Dose fall-off profiles for normal tissue objective (NTO) configurations.
(A) NTO #1 with zgar = 0.05 cm, f, = 105% and f., = 40%, and (B) NTO #2 with
Tstart — 0.3 cm, £, = 95% and fo, = 40%. The dose fall-off rate (k) was varied across
values of 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, and 0.4 mm™, illustrating the impact of
fall-off rate on dose gradients relative to the target border.

4.2.4 Concentric Ring Structures (CRS)

Concentric ring structures (CRS) were implemented to control the dose gradient as
five distinct concentric regions surrounding the target volume. Each ring had a fixed
radial width of 4 mm, selected to provide sufficient spatial resolution for the gyneco-
logical anatomy while maintaining consistent dose gradient control and a manageable

optimizer load. The ring configuration is shown in Figure 4.2.

Figure 4.2: Application of CRS in Eclipse™ treatment planning system optimizer.

Rings are contoured around the planning target volume where each ring is assigned
a mean dose objective.
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To evaluate the ability to control and optimize the dose gradient in the surround-
ing normal tissue, mean dose objectives were applied to each ring. All rings were
assigned a priority of 100. Rings closer to the PTV were assigned higher mean dose
objectives, while those farther away received lower mean dose objectives. The mean

dose objectives for each ring were calculated based on an exponential decay function:

D(x) = Dye " (4.1)

where Do is the prescription dose, x is the mean distance (mm) between rings,
and k (mm™) is the decay constant. The decay constant k was determined by the

predefined fall-off rate being examined, calculated as follows:

predefined fall-off rate
k pr—
Dy

(4.2)

The predefined fall-off rates examined included 0.5, 1.0, 1.5, 2.0, 2.5, and 3.0
Gy/mm, representing a range of potential dose gradients achievable in practice. In
this initial evaluation, each predefined fall-off rate was uniformly applied across all
rings to assess its impact on the dose gradient and treatment efficacy. These prelim-
inary results informed the designed of a more refined optimization strategy using a

piecewise function.

In this subsequent phase, combinations of predefined fall-off rates and correspond-
ing mean dose objectives were systematically applied across the concentric rings.
Specifically, steeper fall-off values were assigned to rings proximal to the target to
preserve adequate target coverage, while shallower fall-off values were employed in
the outer rings to avoid excessive dose build-up and ensure smoother dose gradients.
Ring priorities were also adjusted to further optimize dose distribution. The balance
between target conformity and hot spot mitigation was primarily achieved through
the systematic adjustment of mean dose objectives defined by the piecewise function,
while optimization priorities were modified to reinforce the intended dose gradient
across the CRSs.
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Table 4.2: Summary of concentric ring structure fall-off combinations.

Parameter Combination #1 Combination #2 Combination #3

Ring 1 Fall-off Used (Gy/mm) - 2.5 3.0
(2 mm from  Mean Dose (cGy) 3780 4027 3938
target border)  pjo it 100 85 85
Ring 2 Fall-off Used (Gy/mm) - 2.5 2.5
(6 mm from Mean Dose (cGy) 2690 3224 3224
target border)  po i 100 95 95
Ring 3 Fall-off Used (Gy/mm) - 2.25 2.25
(10 mm from  Mean Dose (¢Gy) 2120 2729 2729
target border)  po i 100 100 100
Ring 4 Fall-off Used (Gy/mm) - 2.25 2.25
(14 mm from  Mean Dose (cGy) 1980 2235 2235
target border) pjo it 100 95 95
Ring 5 Fall-off Used (Gy/mm) - 2.0 2.0
(18 mm from  Mean Dose (cGy) 1881 2022 2022
target border) pjo it 100 80 80

Three specific combination strategies were implemented to optimize the dose gra-
dient. Combination #1 consisted of CRS that replicated the optimal NTO function
to verify whether if similar dose gradients could be achieved. Combination #2 utilized
a combination predefined fall-off values, specifically chosen based on their success in
meeting the evaluation criteria. Building on this, Combination #3 introduced modi-
fications to the initial ring, creating a steeper initial dose gradient to more effectively
meet the established evaluation criteria. Table 4.2 provides a detailed summary of
the specific fall-off values, their corresponding mean dose objectives, and the priorities

assigned to each ring within each combination.

4.2.5 FEvaluation of NTO and CRS

4.2.5.1 Criteria for optimum configurations of NTO and CRS

The optimal configurations for both the NTO and CRS were determined using the
same evaluation criteria: conformity, maximum dose to the target, and target dose
coverage. In addition, normalization and modulation factors were analyzed for each

configuration to ensure clinically feasible plans with efficient delivery. These evalua-
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tion criteria are summarized in Table 4.3.

Table 4.3: Dose-volume constraints for gynecological structures.

Structure/Organ Criteria

Conformity Index #1 (C1) <11
Conformity Index #2 (C2) < 1.55
Planning Target Volume Dax < 4815 cGy
(PTV) Dos, > 4275 cGy
Clinical Target Volume (CTV) Dogy > 4410 cGy
Internal Target Volume (ITV) Dggy > 4410 cGy
Vv < 60%
Bladder 108y .
VgOGy < 80%
V40Gy < 300 cm?
Bowel :
VgOGy < 650 cm?
Vv < 5%
Rectum 10Gy -
VgoGy < 95%
Slngld V40Gy < 80%

Two conformity indices were used to assess the PTV coverage by the prescribed
dose. 5770152 Conformity index 1 (C1) is defined as the ratio of the volume receiving
95% of the prescribed dose to the target volume. Conformity index 2 (C2) is defined
as the ratio of the volume receiving 80% of the prescribed dose to the target volume.

Values of < 1.1 and < 1.55 respectively, were considered acceptable:%4 65,69

o = Vo5,
Vry (4.3)
;<11

_ Ve
Vrv (4.4)
Cy < 1.55

Cy

Target dose constraints require the maximum dose to the PTV to remain below
4815 ¢Gy while also ensuring that 95% of the PTV receives at least 4275 ¢Gy. Addi-
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tionally, at least 98% of the CTV and ITV should receive > 4410cGy.5%6%67.70 Since
all plans were normalized to the dose coverage goal (V95% = 98% of the target),
the mean doses to the CTV, ITV, and PTV served as surrogates for the coverage
objective, providing a reliable measure of how effectively each configuration met the

target coverage requirements.

Operational factors were also considered to ensure clinical feasibility and delivery
efficiency. The normalization factor was examined to reflect the extent of scaling
required for the optimizer to meet clinical dose constraints. A normalization factor
close to 1.0 indicates that the desired dose distribution was achieved with minimal
adjustment, while values that deviate significantly from 1.0 may suggest suboptimal
optimization or the presence of trade-offs between competing planning goals. The
modulation factor (MF) was assessed as a measure of delivery efficiency and plan
complexity. It is defined as the ratio of the total number of monitor units (MU) to

the prescribed dose per fraction:!5% 160

Total Monitor Units
Modulation Factor (MF) = 4.5
odulation Factor (MF) Prescribed Dose per Fraction (4:5)

The MF reflects the degree of intensity modulation required to achieve the desired
dose distribution. Higher MF values indicate increased plan complexity, with more
modulation and segmental variation, which may lead to longer delivery times and
reduced treatment efficiency. For gynecological treatment sites, MF values between

3.0 and 4.0 are typically expected.!6!

4.2.5.2 Statistical analysis of optimal NTO and CRS

Statistical analysis was conducted on the resulting plans using the optimal configu-
rations for the NTO and CRS. The Wilcoxon signed-rank test was used to evaluate
differences in conformity, maximum dose to the target, target dose coverage, nor-
malization, and modulation factors. Additionally, these optimal configurations were
validated against dose-volume constraints for OARs, including the bladder, bowel,
rectum, and sigmoid. The evaluated volume metrics for the OARs were Bladder,
Bowel and Rectum V40Gy and V30Gy as well as Sigmoid V40Gy.5%6%6770 Detailed
dose-volume metrics are provided in Table 4.3. It should be emphasized that this

analysis represents a benchmarking and comparative evaluation of established dose
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optimization strategies. No novel algorithmic methods were introduced in this work.

4.3 Results

4.3.1 Normal Tissue Objective (NTO) evaluations

The performance of NTO #1 and NTO #2 were evaluated to identify the most effec-
tive NTO configuration across a range of fall-off values, based on the criteria outlined
in Table 4.3. These criteria were centered on target metrics including conformity
indices, maximum dose, and target mean doses. Early in the analysis, fall-off values
of 0.05 and 0.1 mm™ were identified as providing no significant gradient-enhancing
benefits compared to higher fall-off values for both NTO configurations. This find-
ing directed the analysis toward evaluating the efficacy of higher fall-off values in

achieving the specified criteria.
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Figure 4.3: Comparison of planning target volume (PTV) maximum dose and con-
formity indices (C1 and C2) across various fall-off rates using Normal Tissue Objective
(NTO) configurations. Bars represent the mean PTV maximum dose for NTO #1
and NTO #2. Scatter points indicate conformity indices, with circles and squares
representing C1 and Xs representing C2. Clinical goals are denoted by solid and
dashed lines: PTV maximum dose (< 4815 c¢Gy), C1 (< 1.1), and C2 (< 1.55). The
baseline results are shown for reference. This figure illustrates the trade-offs between
dose conformity and target dose control for different fall-off rates across the two NTO
configurations.

The comparison between the two NTO configurations across various fall-off values
for the PTV Dmax and conformity indices are shown in Figure 4.3. Both configu-

rations achieved excellent dose conformity, with C1 across all fall-offs. However,
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NTO #1 maintained C2 over a broader fall-off range (0.15-0.4 mm™'), whereas NTO
#2 achieved this at higher fall-off values (0.2 — 0.4 mm™). Additionally, NTO #2
generally exhibited higher C2 values compared to NTO #1, which correlated with
lower PTV Dmax values, particularly over the fall-off range of 0.1 — 0.4 mm™. This
highlights a trade-off between target conformity and maximum dose control, where
NTO #1 achieved lower C2 conformity with higher PTV Dmax values, and NTO #2
demonstrated superior control of PTV Dmax with higher conformity values, mini-

mizing the risk of hot spots and ensuring safer dose delivery.
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Figure 4.4: Mean doses to target across various fall-off rates using Normal Tissue
Objective (NTO) configurations. Target structures include the Internal Target Vol-
ume (ITV), Clinical Target Volume (CTV), and Planning Target Volume (PTV). The
dashed horizontal line indicates the clinical goal for ITV and CTV (D98% > 4410
cGy), while the solid horizontal line represents the clinical goal for PTV (D95%
> 4275 c¢Gy). Baseline results, included for comparison, highlight the capabilities of
NTO configurations.
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Figure 4.4 illustrates the mean doses for target structures using the two NTO
configurations. The PTV mean dose was consistently achieved across all tested fall-
off values for both configurations. However, mean doses for the ITV and CTV were
achieved more efficiently with NTO #1, which consistently met the > 4410 cGy
threshold at lower fall-off values, specifically at or above 0.15 mm™. In contrast,
NTO #2 required higher fall-off values, starting at 0.2 mm™ or greater, to meet the
same mean dose criteria for these targets. Additionally, NTO #1 generally exhibited
higher mean dose values across the target volumes compared to NTO #2. This
difference can be attributed to the parameter settings of NTO # 1, which are designed
to allow higher doses within the target structures, resulting in hotter treatment plans

compared to NTO #2, which restricts higher doses more conservatively with its lower

start dose.
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Figure 4.5: Normalization and modulation factors across various fall-off rates using
Normal Tissue Objective (NTO) configurations. Mean normalization factor (%) for
NTO #1 and #2 across varying fall-off rates are represented by solid lines. Mean
modulation factor for NTO #1 and #2 are represented by dotted lines. Baseline
results are shown as a single scatter point.

To further determine the optimal NTO configuration, plan normalization and

modulation factors were analyzed, shown in Figure 4.5. As the fall-off increased,
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normalization factors for both NTO configurations exhibited a decreasing trend, in-
dicating that less dose scaling was required at higher fall-off values. This reduction
plateaued around the fall-off of 0.3 mm™ and beyond. In contrast, modulation factors
followed an inverse trend, increasing as the fall-off value increased. This suggests that
while higher fall-off reduces the need for additional dose scaling, they also introduce
greater modulation complexity. NTO #1, with its higher start dose, consistently
demonstrated lower normalization values compared to NTO #2, implying a more lo-
calized and hotter dose distribution that requires less overall dose scaling to achieve
adequate target dose coverage. Although NTO #1 also showed lower modulation
factors compared to NTO #2, the differences between the two configurations were

not significant, suggesting comparable dose-shaping efficiency across both settings.

NTO #1 with a fall-off of 0.2 mm™ was selected as the optimal configuration as
it provided a balanced approach to achieving conformity, target doses (ITV, CTV
and PTV), and PTV Dmax. At 0.15 mm™, C2 approached the conformity threshold
(< 1.55), indicating a potential risk of insufficient dose shaping to the target, while
at 0.3 mm™, the PTV Dmax exceeded safe limits, increasing the risk of potential hot
spots. The fall-ff value of 0.2 mm™ also ensured robust ITV and CTV dose (> 4410
cGy) while staying within the PTV Dmax limits. Additionally, this setting showed
reasonable normalization requirements while minimizing increases in modulation, en-
suring efficient dose distribution with minimal strain needed to achieve acceptable

dose gradients.
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4.3.2 Concentric Ring Structures (CRS) evaluations

CRS configuration
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Figure 4.6: Dose profiles for various concentric ring structure (CRS) configurations.
Each line represents the mean dose objective applied to each ring/distance from tar-
get border using different fall-off rates and combination strategies. The dotted line
illustrates the dose profile obtained from NTO #1 to create Combination #1.

The performance of CRS using single predefined fall-offs was evaluated, revealing
that while no single fall-off value achieved optimal results across all evaluation crite-
ria, those in the 2.0 to 3.0 Gy/mm range met at least one of the criteria. Notably,
fall-offs of 0.5 and 1.0 Gy/mm did not exhibit dose gradient-enhancing effects, per-
forming comparably to baseline plans without gradient enhancing techniques. Given
that no single fall-off value satisfied all evaluation criteria, combinations of specific
fall-off values were used to create optimal CRS configurations, aiming to enhance con-
formity while mitigating hotspots within the target. Combination #1, Combination
#2, and Combination #3 were designed to refine dose distribution to achieve the
criteria. Their fall-off dose profiles with their corresponding mean dose objectives can

be visualized in Figure 4.6, where these combinations exhibit more of an exponential
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decay compared to the single fall-off dose profiles. All combinations exhibit steeper
initial dose gradients near the target border compared to single fall-off values. Com-
bination #1 has the steepest initial gradient, while Combinations #2 and #3 vary in
their first ring settings. Specifically, Combination #3 achieves a steeper initial dose

gradient than Combination #2, enhancing target dose delivery.

5200

5100+ 3.0

5000

2.5

4900

Conformity index values

Y0 R ELCLCICERITEPEPEY | | FEPRRE

4500

PTV maximum dose [cGy]
IN I
J ©
o o
o o
T
1
%
1
1
1
1
1
1
1
1 :
1 :
1 :
I :
1 :
! :
: °
I :
1 :
1 :
1 :
1 :
1 :
|
1 -
1 :
1 :
1 :

4400

1.5 Gy/mm 2.0 Gy/mm 2.5 Gy/mm 3.0 Gy/mm Baseline Combination Combihation Combination
#1 #2 #3
Fall-off [Gy/mm]

= PTV DMax < 4815 cGy ® MeanCl ®  Mean C2 == Cl=11 ==+ C2=<1.55

Figure 4.7: Planning target volume (PTV) maximum dose and conformity indices
across various fall-off rates and combinations using concentric ring structures (CRS).
Bars represent the mean PTV maximum dose across CRS configurations. Scatter
points indicate conformity indices, with circles representing C1 and Xs representing
C2. Clinical goals are denoted by solid and dashed lines: PTV maximum dose (< 4815
cGy), C1 (< 1.1), and C2 (< 1.55). The baseline results are shown for reference.

Figure 4.7 illustrates the PTV Dmax values and conformity indices across the
CRS configurations. C1 was best achieved with fall-off values between 2.0 and 2.5G
y/mm, while C2 performed optimally at 2.5 Gy/mm. However, achieving higher

conformity was associated with increased PTV Dmax values, fall-off values below 2.5



104

Gy/mm stayed below the safe limit threshold. This highlights a trade-off between
tighter conformity and limiting maximum dose. Configurations that reach optimal
conformity, demonstrated by 3.0 Gy/mm and in Combination #1, resulted in elevated
PTV Dmax values. These specific settings were shown to generate steeper initial
dose gradients, leading to increased doses to the target and consequently yielding
significantly high PTV Dmax values. Conversely, lower fall-off values (1.5 Gy /mm and
2.0 Gy/mm) maintained acceptable PTV Dmax but did not fully satisfy conformity
criteria. However, Combination #2 and Combination #3 balanced these trade-offs
by utilizing an initial fall-off that was less aggressive than that in Combination #1

but steep enough to improve conformity while maintaining PTV Dmax control.
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Figure 4.8: Mean dose coverage across various fall-off rates and combinations using
concentric ring structures (CRS). Target structures include the Internal Target Vol-
ume (ITV), Clinical Target Volume (CTV), and Planning Target Volume (PTV). The
dashed horizontal line indicates the clinical goal for ITV and CTV (D98% > 4410
cGy), while the solid horizontal line represents the clinical goal for PTV (D95%
> 4275 cGy). Baseline results highlight the capabilities of CRS.
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Figure 4.8 displays similar trends, with steeper fall-offs correlating with increased
dose delivery to the target structures. Specifically, achieving the ITV and CTV mean
doses required fall-off values of 2.5 Gy/mm or greater, as evidenced by higher doses
in these configurations. However, the highest fall-off value of 3.0 Gy/mm resulted
in excessive I'TV and CTV doses, demonstrating the importance of balanced fall-off
selection. Combinations #2 and #3 provided more controlled dose distributions,
effectively maintaining [TV and CTV mean doses while preventing excessive dose
escalation. Across all fall-off values and combinations, the PTV mean dose was con-

sistently met.
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Figure 4.9: Normalization and modulation factors across various fall-off rates and
combinations using concentric ring structures (CRS). Mean normalization factor (%)
for single fall-off values are represented by the solid line with circle markers. Mean
modulation factor for single fall-off values are represented by the dotted line with
square markers. CRS using combinational fall-off values are depicted with circle
markers representing normalization factor values, and square markers used to indicate
modulation factors. Baseline normalization and modulation factors are shown as a
grey circle and square, respectively.
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Figure 4.9 demonstrates a trend where normalization factors decrease and modu-
lation factors increase with greater fall-off values, similar to observations with increas-
ing NTO fall-off values. This trend is evident in both individual fall-off values and
combinational CRS configurations. The decline in normalization is particularly pro-
nounced beyond 2.5 Gy/mm, where values drop below 94%. Conversely, modulation
factors increased with higher fall-off values, reflecting greater intensity modulation
complexity to achieve these steeper gradients. As expected, Combination #1 exhib-
ited the highest modulation factor due to its steep initial gradient, as steeper fall-offs
enhance dose conformity but require more complex intensity modulation while reduc-
ing the need for dose scaling to achieve target coverage with its high doses within
target structures. In contrast, Combination #2 and Combination #3, which had
less steep dose gradients than Combination #1, demonstrated greater normalization
factors, indicating a higher degree of dose scaling was necessary to maintain target

dose coverage while requiring less modulation to achieve their dose distributions.

The evaluation of combinational CRS configurations demonstrated varying degrees
of success in achieving dose conformity, target mean doses, and PTV maximum dose
control, as summarized in Table 4.4. Combination #1 excelled in ITV and CTV
dose coverage, with 100% of cases achieving ITV D98% > 4410 ¢Gy and CTV D98%
> 4410 c¢Gy. However, this resulted in excessive doses to these structures, leading to
a high PTV Dmax (5103.85 + 281.39 c¢Gy), with no cases meeting the < 4815 c¢Gy
threshold. The conformity was moderate, with C1 achieved in 87% of cases and C2

in 73%, indicating reasonable but suboptimal conformity.

Table 4.4: Comparison of combinational concentric ring structure configurations
performance. This table presents a comparative analysis of three combinational CRS
configurations.

Evaluation

Criteria Combination #1 Combination #2 Combination #3
Mean + SD Plans Achieved Mean + SD Plans Achieved Mean + SD Plans Achieved
Cl <11 1.09 £+ 0.02 87% 1.07 £+ 0.02 93% 1.07 + 0.02 100%
C2 <1.55 1.48 + 0.06 73% 1.54 + 0.05 60% 1.54 £ 0.06 60%
PTV Dijax
< 4815 ¢cGy  5103.85 + 281.39 cGy 0% 4732.41 £+ 59.06 cGy 87% 4737.77 £+ 43.09 cGy 93%
PTV Dysy
> 4275 ¢Gy  4432.40 £ 30.67 cGy 100% 4353.67 £+ 14.58 cGy 100% 4356.53 £ 14.40 cGy 100%
ITV Dysy
> 4410 cGy  4738.75 £+ 92.77 cGy 100% 4423.24 + 32.90 cGy 67% 4453.60 £ 36.65 cGy 93%
CTV Dosy
> 4410 cGy  4601.90 + 565.06 cGy 100% 4427.79 £+ 32.76 cGy 67% 4456.94 £ 31.40 cGy 93%

Combination #2 offered a more balanced approach, with 93% of cases achieving
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C1 conformity while maintaining acceptable PTV Dmax values (4732.41 + 59.06
cGy), and 87% of cases meeting the PTV Dmax threshold. However, C2 conformity
was achieved in only 60% of cases, and ITV and CTV dose coverage was reduced,
with 67% of cases meeting the D98% threshold for both the ITV and CTV. These
results indicate that Combination #2 was associated with improved PTV dose control,

accompanied by slight reductions in I'TV and CTV dose coverage.

Combination #3 was the most aggressive in achieving C1, with 100% of cases
meeting its criteria, while also achieving high PTV Dmax control (4737.77 + 43.09
cGy), with 93% of cases staying below the threshold. However,similar to Combination
#2, C2 conformity remained at 60%, indicating challenges in meeting both C1 and
C2 simultaneously. Target dose coverage was improved over Combination #2, with
93% of cases achieving ITV and CTV D98% values, demonstrating a better dose
distribution while avoiding the excessive dose escalation seen in Combination #1.
Overall, Combination #3 provided the best balance among conformity, ITV and CTV
dose coverage, and PTV Dmax control, while achieving a moderate normalization
factor and avoiding excessive modulation, making it the optimal configuration for
this study.

4.3.3 Evaluation of NTO and CRS

Table 4.5 shows the comparison between NTO #1 and CRS Combination #3, which
were identified to be the most optimal in this study. Both configurations successfully
met the evaluation criteria in terms of conformity, target dose coverage and OAR
sparing, demonstrating their effectiveness in optimizing the dose gradient. However,
when comparing these two dose gradient functions, statistically significant differences

were observed, highlighting their distinct approaches optimizing the dose gradient.
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Table 4.5: Comparison of optimal normal tissue objective configuration and optimal
concentric ring structure configuration performance. A comprehensive comparison of
planning evaluation results for optimal normal tissue objective (NTO) configuration
and optimal concentric ring structure (CRS) configuration.

P-value
. Optimal NTO Optimal CRS . . Y
Evaluation Parameters X ) . L (Wilcoxon Signed Rank Test)
Function: NTO #1 Function: Combination #3
NTO vs. CRS
mean + standard deviation NTO vs CRS
Target
Conformity Index #1 <11 1.05 + 0.01 1.07 £+ 0.02 <0.05
Conformity Index #2 < 1.55 1.51 £ 0.06 1.54 £+ 0.06 <0.05
D P
PTV ax 4758.67 + 30.90 cGy 4737.77 + 43.09 Gy <0.05
<4815 cGy
D95%
o 4350.26 + 10.20 Gy 4356.53 + 14.40 ¢Gy <0.05
> 4275 cGy
DI8%
CTV v 4438.68 £ 26.94 cGy 4456.94 £+ 31.40 cGy <0.05
> 4410 cGy
D98%
1TV ¢ 4435.02 £+ 28.22 cGy 4453.60 + 36.65 cGy <0.05
> 4410cGy
Organs at Risk
Bladder V40Gy <60% 29.79 + 9.67 % 29.96 4+ 9.87 % 0.68
V30Gy <80% 46.63 + 10.34 % 46.20 + 10.50 % 0.45
Bowel V40Gy <300 cm®  79.29 4+ 56.98 cm? 84.71 + 60.07 cm® <0.05
V30Gy <650 cm®  172.66 £+ 107.53 cm?® 191.44 + 111.10 cm? <0.05
Rectum V40Gy <75% 40.21 + 14.20 % 40.78 + 14.12 % 0.23
V30Gy <95% 59.67 + 12.59 % 59.97 + 13.11 % 0.76
Sigmoid V40Gy <80% 33.69 + 23.32 % 35.23 + 23.70 % <0.05
Other
Normalization Factor 100.97 + 0.72 % 101.27 + 0.70 % 0.055
Modulation Factor 3.48 £ 0.31 3.87 £ 0.48 <0.05

NTO demonstrated better dose conformity, with a statistically significantly lower
C1 value (1.05 £ 0.01) compared to CRS (1.07 £ 0.02) and a similarly lower C2 value
(1.51 £ 0.06 vs. 1.54 &+ 0.06). However, PTV Dmax values for CRS (4737.77 £ 43.09
cGy) and NTO (4758.67 + 30.90 cGy), overlapped within one standard deviation,
indicating no clear advantage in limiting maximum dose. These results highlight the
trade-off between potentially improved PTV Dmax with CRS and achieving tighter
dose conformity with NTO. CRS demonstrated slightly higher ITV and CTV D98%
coverage, achieving 4453.60 £+ 36.65 c¢Gy (ITV) and 4456.94 £+ 31.40 cGy (CTV)
compared to 4435.02 £ 28.22 c¢Gy (ITV) and 4438.68 £+ 26.94 cGy (CTV) for NTO.
While the differences were statistically significant (p < 0.05), the magnitude of the
difference was small, suggesting only a marginal improvement in target doses with
CRS. Additionally, PTV D95% was slightly higher with CRS (4356.53 + 14.40 cGy)
compared to NTO (4350.26 + 10.20 cGy), with statistical significance (p < 0.05).
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In regard to OAR dose-volume objectives, there are both similarities and key dif-
ferences in dose distribution between NTO and CRS. The two configurations demon-
strated comparable performance in sparing the bladder and rectum, with no statis-
tically significant differences observed for bladder V40Gy (p = 0.68) and V30Gy (p
= 0.45), or rectum V40Gy (p = 0.23) and V30Gy (p = 0.76). However, significant
differences were noted for bowel sparing, where CRS resulted in higher doses. Specifi-
cally, bowel V40Gy was higher for CRS (84.71 + 60.07 cm?®) compared to NTO (79.29
+ 56.98 cm?), and V30Gy was also higher for CRS (191.44 + 111.10 cm?®) than NTO
(172.66 & 107.53 cm?®) with both metrics showing statistical significance (p < 0.05).
Similarly, sigmoid sparing showed a slight but statistically significant difference, with
CRS delivering a higher dose (35.23 + 23.70 cm?) compared to NTO (33.69 + 23.32
cm?). These results suggest that while CRS is effective in delivering dose to the target
structures, it may result in higher doses to the bowel and sigmoid in certain cases,
indicating that NTO may be more advantageous for sparing organs at risk, especially
the bowel.

Normalization factors were comparable between the two configurations (p = 0.055),
with CRS having a slightly higher value (101.27 + 0.70%) compared to NTO (100.97
+ 0.72%). Modulation factors, however, showed a statistically significant difference,
with CRS exhibiting a wider range and a higher average modulation factor (3.87 +
0.48) compared to NTO (3.48 4 0.31). This indicates that CRS configurations involve
greater complexity and may require longer treatment delivery times to achieve the

desired dose distribution compared to NTO configurations.

4.4 Discussion

The objective of this study was to evaluate the effectiveness of two dose gradient opti-
mization techniques, Normal Tissue Objective (NTO) and Concentric Ring Structures
(CRS), in controlling and optimizing dose gradients outside the target to enhance
OAR sparing in gynecological radiotherapy treatment planning. By systematically
evaluating various parameter combinations, this study identified the most optimal
settings for each method, balancing key evaluation criteria: target conformity, target
dose coverage, and OAR sparing. The optimal NTO configuration within this study,
was found to be NTO #1, while the optimal CRS configuration was Combination
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#3. Both methods, were successful in meeting the evaluation criteria, demonstrat-
ing their ability to provide effective dose management in gynecological radiotherapy
plans. This study aims to highlight the unique strengths and limitations of each
method, offering insight into their applicability and effectiveness in different clinical

scenarios.

4.4.1 Performance in target dose and PTV Dmax

CRS exhibited slightly improved D98% coverage for ITV and CTV, as well as en-
hanced PTV D95% compared to NTO, with statistical significance (p < 0.05) shown
in Table 4.5. However, the magnitude of these differences was minimal (21.9 cGy),
suggesting only a marginal enhancement in target dose coverage by CRS. Despite this,
CRS can be strategically employed to ensure adequate dose delivery within the target
by leveraging its precise control over the dose distribution. Its flexibility in adjust-
ing each ring’s dose objectives and priorities facilitates highly customized treatment

plans, tailored specifically to meet the unique dose requirements of the target.

This was especially evident in the development of the optimal CRS combination,
where the first ring of Combination #2 was adjusted to create a steeper dose gradient,
directing more dose into the target area resulting in Combination #3 to achieve ITV
and CTV mean doses across more patient plans. While this meticulous manipulation
of dose objectives, priorities, and ring widths is time-consuming and demands consid-
erable effort to finely balance their interplay, the precision offered by CRS proves to
be particularly valuable in scenarios that demand stringent control over target dose

coverage and dose gradients.

4.4.2 Performance in OAR sparing and dose conformity

The NTO and CRS differ significantly in how they manage dose distribution, with
their respective strengths in achieving specific criteria detailed in Table 4.5. NTO
demonstrated improved performance in sparing OARs and greater dose conformity, as
evidenced by statistically significant reductions in OAR volumes, particularly for the

bowel and sigmoid (p < 0.05). This improved sparing is attributed to the continuous
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penalty function employed by NTO, which enforces a smooth and consistent reduction
in dose to normal tissues beyond the target border. This approach helps maintain a
uniform dose gradient, crucial for high conformity as it allows the radiation dose to

be tightly confined around the target, minimizing exposure to surrounding tissues.

In contrast, CRS’s optimization process does not penalize dose based on the tis-
sues and OARs inside each ring but instead focuses solely on achieving the specified
mean dose objectives for each specific ring volume. This approach offers highly flexi-
ble dose shaping, which is particularly beneficial for addressing complex geometries.
As shown in Figure 4.10A, it enabled CRS to achieve lower dose levels in the concave
region of the target, effectively conforming to the intricate anatomical shape. How-
ever, this same capability resulted in higher doses around the lateral regions of the
target, as illustrated in Figure 4.10B. Consequently, this method can lead to OAR
volumes to receive unnecessary dose due to the uneven dose distributions within the
rings where higher doses compensate for lower ones. Such variability can also compro-
mise the conformity to the target, as evidenced by the statistically significant higher
conformity indices (p < 0.05) found with CRS. Additionally, the need to modulate
doses significantly to conform to complex shapes leads to a higher modulation factor,
which is statistically significant (p < 0.05) for CRS. This indicates that while CRS
can precisely adapt to complex tumour geometries, it requires more intricate and in-
tensive planning, potentially increasing the challenge in managing dose delivery and

sparing adjacent normal tissues effectively.
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Figure 4.10: Dose gradient performance of the optimal Normal Tissue Objective
(NTO) and concentric ring structure (CRS) configurations where (A) presents the
dose line profile for the concave region of the target, while (B) shows the dose line
profile for the lower lateral region of the target. The red line represents the optimal
NTO configuration, and the blue line represents the optimal CRS configuration. This
figure highlights the differences in dose gradients and distributions between the two
configurations across the target.

Unlike CRS its dose variability within rings, NTO’s global approach ensures a
predictable and uniform dose gradient, making it particularly effective in reducing
high-dose regions near critical structures. However, NTO’s methodology also has lim-
itations, particularly in cases involving multiple targets. The NTO evaluates the dose
at each point in the normal tissue based on contributions from all target structures
and applies penalties according to the highest dose at a given location.”™ ™ While this
approach ensures robust control of dose gradients, it may lead to suboptimal spar-
ing of OARs if one target dominates the dose at certain points, potentially resulting
in higher doses to nearby critical structures than expected. Despite this limitation,
NTO’s ability to consistently penalize dose to normal tissues remains a key strength,
contributing to overall consistent dose reduction around the target emphasizing its

robustness in sparing critical structures while maintaining conformity.
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4.4.3 Functionality

The NTO and CRS are optimization tools that regulate the dose gradient between the
target and surrounding normal tissues. While both aim to achieve steep dose fall-offs,
they differ in how they apply and manage these gradients. Selecting the optimal com-
bination of these parameters, however, can be tedious, as each parameter significantly
influences the overall gradient. For the NTO, once the optimal parameter settings
are identified, it can be easily implemented and consistently applied across treatment
plans. Fortunately, several studies have determined optimal parameter combinations
for specific tumour sites, providing a useful baseline for NTO application.'*?71% How-
ever, most studies were conducted using older versions of the Eclipse™ TPS, resulting
in variations in optimization processes across software versions due to differences in
optimization components such as the cost function. Notably, differences in the cost
function, which balances the optimization objectives alongside the NTO, are evident
between versions 15.0 and 18.0.7®7 Such variations can influence the way NTO pa-

rameters are applied and their overall effectiveness.

In contrast, CRS involves user-defined ring structures around the target, with
specific dose objectives and priorities for each ring. The ability to customize these
rings provides greater control over the dose gradients, enabling steep gradients near
critical structures and more gradual gradients further from the target. However,
the setup process for CRS is more labor-intensive, as users must define the ring
widths, dose objectives, and priorities. This complexity introduces challenges, as the
interaction between multiple rings and competing objectives may lead to conflicts.
Additionally, the type of dose objective can influence CRS performance, as mean
dose objectives may lead to inconsistent dose distributions within the rings, with
higher dose regions emerging to compensate for lower dose areas. This effect was
observed in Figure 4.10B, where CRS exhibited more pronounced dose gradient on
one side of the target relative to the other. Studies employing CRS have explored the
use of upper dose-volume objectives rather than mean dose objectives.’6:87:155 Thig
approach aims to achieve stricter control over the dose uniformity by setting explicit
constraints on maximum dose levels to a volume in the ring, potentially mitigating

the variability and inconsistencies associated with mean dose objectives.
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4.4.4 Clinical settings

The strengths of NTO and CRS make them suitable for different clinical scenarios.
NTO excels in routine plans with single targets, where its consistent dose manage-
ment and OAR sparing offer an efficient and reliable solution. Its ease of parameter
configuration and ability to deliver consistent results across various treatment sites
make it particularly valuable for streamlining the planning process. However, NTO’s
uniform application of dose penalties across all targets can limit its flexibility, making
it less effective for complex geometries or cases involving multiple targets that require

varying dose gradients.

In contrast, CRS offers distinct advantages due to its manual customization capa-
bilities. This flexibility allows for precise control of dose gradients, enabling steep dose
fall-offs near critical structures and more gradual gradients in less critical regions.
Such adaptability shows to be beneficial in scenarios with challenging geometries,
where the ability to tailor ring widths, dose objectives, and priorities can significantly
enhance treatment efficacy. For complex plans involving multiple targets, the cus-
tomization capabilities of CRS exceed those of NTO, which applies the same set of
parameters to all target structures. CRS allows for individual optimization of dose
gradients, adapting to the unique requirements of each target structure to enhance
treatment efficacy. However, while CRS provides greater control, it also demands
a greater investment of time and increased complexity, requiring careful meticulous

adjustments of each ring.

4.4.5 Future work

While this study was limited by the time-intensive process of re-optimizing each plan
using both NTO and CRS, it offers valuable insights into dose gradient optimization.
As with many treatment planning studies, the sample size in this work was limited
by the labor-intensive process of re-optimizing each plan using both NTO and CRS.
Although a larger cohort would enhance statistical power and generalizability, the
detailed nature of the re-optimization process provides meaningful insights that can
inform future planning strategies. To build on these findings, future studies could

explore leveraging the strengths of both CRS and NTO to further enhance treatment
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planning. While this study highlights their individual advantages, the combination of
CRS and NTO presents an opportunity for improved outcomes. Muthukumar et al.
demonstrated the potential of such an approach, showing that integrating ring struc-
tures with NTO can enhance dose distribution, resulting in better target dose coverage
and OAR sparing.!6? Additionally, incorporating optimized OAR and target objec-
tives could enhance the effectiveness of NTO and CRS, achieving a balance between

1637165 Fyrthermore,

sparing critical structures and ensuring effective target coverage.
integrating patient-specific factors, such as anatomical variations in target and OAR
size, into the dose gradient optimization processes of CRS and NTO could provide
deeper insights into their capabilities, helping to refine their application and leverage

their strengths in creating more personalized and effective treatment plans.'9¢-16%

4.5 Conclusion

The NTO and CRS were evaluated in their ability to optimize the dose gradient in
gynecological radiotherapy treatment planning. By systematically analyzing various
parameter combinations, the study identified optimal settings for each method. Both
methods successfully met the evaluation criteria of target conformity, target dose
coverage, and OAR sparing, underscoring their effectiveness in dose management.
NTO demonstrated strong performance in achieving consistent OAR sparing and
dose conformity (p < 0.05), with optimal parameters including a start dose of 105%,
a distance from the target (DFT) of 0.05 cm, an end dose of 40%, a fall-off rate of 0.2
mm™, and a priority of 100. The optimal CRS configuration, utilizing five 4 mm-wide
rings with progressively decreasing dose levels and various priority settings, achieved
better target dose coverage and minimizing the maximum dose to the PTV (p < 0.05)
compared to NTO. While NTO stands out for its ease of use and consistent application
in routine plans, CRS offers unmatched flexibility for creating tailored dose gradients,
making it particularly advantageous in complex or multi-target cases. Future work
could explore the integration of NTO and CRS to leverage their combined strengths in
enhancing dose gradients across various tumour sites and larger, more diverse patient

populations, further optimizing radiotherapy planning and outcomes.
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Chapter 5

Conclusions

The work presented in this thesis aimed to enhance clinical decision-making in ra-
diotherapy planning for LDR prostate brachytherapy treatments and EBRT gyneco-
logical cancer treatments by evaluating and applying decision-support methodologies
that improve treatment reliability, robustness, and overall quality of treatment plans.
By addressing the challenge of delivering precise doses to the tumour while protect-
ing healthy tissues and OARs, this work focused on tools and techniques to improve
treatment robustness in the presence of dose variability and enhance dose distribution
quality. These methodologies support clinical decision-making by providing planners
with quantitative metrics and optimization strategies to assess plan reliability under

uncertainty and guide planning choices in complex anatomical scenarios.

In the analysis of LDR prostate brachytherapy, an in-house dose calculation soft-
ware BrachyVIC-3D was used to simulate seed positional uncertainties reflective of
procedural variations encountered in the OR, in order to evaluate the statistical fluc-
tuation and their impact on post-implant dose distributions. The BrachyVIC-3D
software generated probabilities indicating the likelihood of achieving pre-implant
constraints under the simulated uncertainty scenarios, in which optimal thresholds
were determined using the area under the ROC curve and the Youden Index. The
PTV V150% metric was used as a predictor, where its simulated probability was used
to predict the achievement of the post-implant constraint, prostate D90%. For the
PTV V150% probability, the optimal thresholds for predicting whether the prostate
D90% constraint would be achieved were 68 + 13% and 67 + 24% for 2 mm and
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3 mm shifts, respectively, derived from the analysis of 172 patient treatment plans.
Additionally, global probabilities produced thresholds of 73 + 12% for 2 mm shifts
and 71 4+ 6% for 3 mm shifts. These probability thresholds offer planners a metric
assess plan robustness and make informed adjustments before finalizing the treatment
plan for approval enhancing the quality of the plan too. These findings contribute
not only to improving confidence in LDR brachytherapy treatment plans but also
to having better understanding of the inherent uncertainties in the entire treatment
process, particularly in cases where seed position variability is inevitable reducing the
reliability of achieving clinical constraints. Future work in prostate LDR brachyther-
apy could benefit from further exploration of the outcome distribution in the current
dataset, which included a greater proportion of plans that achieved the prostate D90%
constraint compared to those that did not. A dataset with a greater number of pa-
tient plans, particularly one that includes a more balanced distribution between plans
that achieve and do not achieve the prostate D90% constraint, may support the de-
velopment of more accurate and generalizable thresholds by improving sensitivity to
suboptimal plans. In addition, future analysis could investigate the spatial patterns
of seed placement deviations to identify regions within the prostate that are more
prone to positional uncertainty leading to under or over-dosage. This information
could provide a rationale for non-planned supplemental seed (NPSS) placement and

support planning strategies.

In the evaluation of EBRT for gynecological cancers, two dose gradient optimiza-
tion techniques, normal tissue objective (NTO) and concentric ring structures (CRS),
were assessed for their ability to shape the dose fall-off outside of the PTV and im-
prove OAR sparing. Both methods met clinical dose-volume constraints but offer
unique advantages depending on case complexity. The NTO demonstrated reliable
performance and ease of implementation in routine clinical cases by applying a penalty
function that produces a more uniform dose gradient around the target. However,
its continuous approach is limited in its flexibility to refine its gradient, which can
be important in anatomically complex scenarios. In contrast, CRS provides greater
flexibility in dose shaping through manually defined ring structures with customiz-
able objectives and parameters. While it is more adaptable, CRS requires increased
planning effort and may introduce variability in the dose gradient around the target
depending on objectives applied. These findings demonstrate how tailored optimiza-

tion strategies can improve treatment goals and support decision-making in scenarios



118

where tumour proximity to OARs requires precise dose gradient control. By un-
derstanding the strengths and limitations of each method, planners can select the
most appropriate optimization technique based on anatomical complexity, planning
resources, and clinical priorities. Future work in gynecological EBRT treatment plan-
ning could focus on applying NTO and CRS across a wider range of clinical cases,
beyond the 15 patients analyzed in this study. This could include a broader spec-
trum of tumour sites and anatomies involving multiple targets, such as concurrent
treatment of the primary tumour and regional lymph nodes. Expanding both the
number and diversity of cases would provide a more comprehensive understanding
of how each optimization technique performs under varying anatomical complexities
and clinical scenarios. Building on these insights, future studies could also explore
the combined use of NTO and CRS, leveraging their complementary strengths to
enhance dose gradient control. Furthermore, future studies could explore automation
of CRS, including the generation of ring structures and the assignment of dose ob-
jectives and priority levels. Automating these components could streamline planning
efforts where CRS are used. Beyond this, applying automated optimization models to
iteratively refine ring parameters may allow for more efficient and adaptive gradient

control tailored to patient anatomy.

Collectively, the findings presented in this thesis contribute to the ongoing ad-
vancement and refinement of radiotherapy treatment planning. Through the eval-
uation of robustness metrics and dose gradient optimization techniques, this work
supports the strategies that allow planners to make more confident, data-driven plan-
ning decisions and improved dose distributions in complex anatomies. As radiother-
apy continues to evolve, integrating these strategies into clinical workflows ensures
greater consistency, efficiency and personalization in treatment delivery. By support-
ing more precise and reliable treatment plans, these advancements have the potential
to improve outcomes, reduce side effects, and ultimately enhance the care experienced

by cancer patients.
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Appendix A

Additional Information

A.1 Comparison of NTO Optimization in Eclipse™

Versions

----Version 15 ----Version 18

A Vazal

AR TV RSP
NN

Dose [%]
Dose %]

-
Distance [em]

Figure A.1: Dose profiles comparing the Normal Tissue Objective (NTO) behavior
between Eclipse™ Version 15.0 and Version 18.0 with Identical structures and NTO
parameter settings
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A.2 Comparison of CRS and NTO Optimization in

Eclipse™ Versions

----V15 CRS ----V18 CRS ----V15 NTO ----V18 NTO

S N1Y

—
7
Dose [%]
N
=

N

// .

-10 5 0 s 10 -10 -5 o 5 10 ,
Distance fem] Distance [em] > Distanee fem] °

Figure A.2: Dose profiles comparing the Concentric Ring Structures (CRS) and
Normal Tissue Objective (NTO) behavior between Eclipse™ Version 15.0 and Version
18.0 with Identical structures and parameter settings
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