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Resumo

O cancro é um problema de satide que todos os anos afeta milhoes de pessoas, sendo que
muitos doentes sao submetidos a tratamentos de radioterapia, um dos possiveis tratamentos
para a doenca. O desenvolvimento de modelos e métodos para um melhor planeamento de
tratamentos de radioterapia, com o objetivo de aumentar a precisao da distribuicao da radiagao
no tumor e diminuir a sua distribuicao nos tecidos circundantes, é uma importante e ativa area
de investigacao.

O planeamento radioterapéutico desempenha um papel crucial na radioterapia. Permite
criar planos de tratamento individualizados que tém em conta as caracteristicas do tumor, os
tecidos saudéveis circundantes e a saude global do doente. Trata-se de um processo complexo
que envolve escolher os angulos ou arcos de radiagado, bem como a sua intensidade, através de
uma analise detalhada do plano de tratamento e correspondente dose depositada nas estruturas
de interesse, que é normalmente realizada pelo planeador. O facto do planeamento ser usual-
mente feito manualmente, com a ajuda de um sistema de planeamento (TPS), através de um
procedimento de tentativa e erro, pode influenciar a qualidade final do tratamento. A otimizagao
deste processo, através da automatizacao da criacdo do plano de tratamento, pode contribuir
para a resolucao de algunas dos problemas existentes. A incorporacao de Inteligéncia Artificial
potencia a automatizacao dos planos de tratamento, permitindo a obtencao de planos de trata-
mento de qualidade consistente, libertando o planeador para outros trabalhos importantes como
verificar a qualidade final dos tratamentos.

O foco desta dissertagao € a utilizagao combinada de optimizagao e Reinforcement Learning
para a criagao automatica de planos de tratamento de elevada qualidade num periodo de tempo
reduzido. Optou-se por se trabalhar com @Q-learning, testando a abordagem desenvolvida con-
siderando casos de cancro de préstata. Numa primeira fase foram consideradas trés estruturas
de interesse, tendo sido definidos os possiveis estados do sistema através da analise destas trés
estruturas como um todo. Os resultados obtidos permitiram concluir que, apesar do algoritmo
ser capaz de convergir e alcancar um plano admissivel, o tempo necessario a construcao do
plano de tratamento nao diminuia quando comparado com a abordagem que apenas recorre a
otimizacao, sem utilizacao de @Q-learning.

Na segunda parte deste estudo, foi desenvolvida uma abordagem alternativa, trabalhando
de forma especifica com cada estrutura, o que contribuiu para atingir planos de tratamento mais
rapidamente. Os resultados obtidos foram significativamente mais promissores, uma vez que a
reducao temporal foi observada consistentemente. Utilizou-se ainda o método de classificagao

cruzada nesta segunda abordagem, de modo a alcancar uma soluc¢ao mais robusta. A utilizacao
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Resumo

desta abordagem nos dados ja recolhidos por Q-learning revelou demonstrar os melhores re-

sultados e representa assim potencial para investigagtes futuras no campo do planeamento de

tratamentos.

Palavras-Chave: Radioterapia, Planeamento de Tratamentos, Inteligéncia Artificial, Re-

inforcement Learning, Q-Learning
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Abstract

Cancer represents a worldwide health issue that impacts millions of people annually, with
several individuals undergoing Radiotherapy (RT) as a potential therapeutic option within the
range of available treatments for this disease. Work is constantly being developed in RT treat-
ment planning to further enhance the treatment quality by accurately increasing the radiation
delivered to the tumor and decreasing radiation in the surrounding tissues.

Treatment planning plays a crucial part in radiotherapy. It allows the creation of an
individualized treatment that takes into account the characteristics of the tumor, the surrounding
healthy tissues and the patient’s general health. It is a complex procedure that involves choosing
radiation angles or arcs and intensities and therefore demands a thorough analysis, usually
made by a treatment planner. The fact that planning is usually done manually through a
trial-and-error procedure, resorting to a Treatment Planning System (TPS), can influence the
accuracy of the treatment. Optimizing this procedure is a possible solution to tackle this issue.
Incorporating Artificial Intelligence (AI) in treatment planning can potentially improve the
automation of treatment planning, enabling the consistent creation of high quality treatment
plans and releasing the planner for other important tasks such as quality assurance (QA).

The focus of this dissertation is to use in a combined way optimization and Reinforcement
Learning (RL), an AI approach, to achieve feasible treatment plans in a reduced time frame. We
chose to use Q-learning in this work, a RL method that gathers information from the environment
that surrounds it and learns from it. In the first part of this study, considering prostate cancer
cases, Q-learning gathered information considering the state of the system as being defined by
three structures of interest altogether. The results quickly led to the conclusion that, although
the algorithm was able to converge and reach a feasible plan, treatment planning time did not
decrease consistently when compared with the use of optimization alone.

In the second approach, Q-learning gathered information looking at each structure in par-
ticular, which contributed to a faster calculation of treatment plans. The results were far more
promising since time reduction was observed. Cross-validation was also used in this second
approach, in order to achieve a more robust solution. Using this approach on the data already
collected by Q-learning showed the best results of all and represents real potential for further

investigation regarding treatment planning.

Keywords: Radiotherapy, Treatment Planning, Artificial Intelligence, Reinforcement Learn-

ing, Q-learning
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Introduction

1.1 Motivation

Cancer is the leading cause of death in economically developed countries and the second
leading cause of death in developing countries, being the first or second leading cause of death
before the age of 70 years in 112 of 183 countries, in 2019 [1]. In 2020, there were approximately
10 million cancer deaths and an estimated 19.3 million new cancer cases worldwide. Multiple
factors contribute to the growth of cancer incidence and mortality that is currently happening,
such as aging and the growth of the population, as well as changes in the prevalence and
distribution of the main risk factors for cancer, several of which are associated with socioeconomic
development [1].

One of the possible cancer treatment modalities is Radiotherapy (RT), which is based on
the idea that cancer cells are primarily concerned with rapid reproduction and are therefore less
capable of repairing themselves through radiation, in contrast to healthy cells [2]. This modality
remains an important component of cancer treatment with approximately 50% of all cancer
patients receiving radiation therapy during their course of illness and contributing to 40% of
curative treatment for cancer [3].

RT treatment planning is a crucial part of the RT treatment workflow. It involves opti-
mizing the treatment delivery in order to maximize the therapeutic effect while sparing healthy
tissues and complying with the treatment prescription that was defined by the medical doctor.

Treatment planning plays a huge role in creating patient-specific treatment plans. These
plans are based on a detailed imaging analysis that allows the creation of an individualized
treatment that takes into account the characteristics of the tumor, the surrounding healthy
tissues and the patient’s general health. With the constantly evolving environment of cancer
care, the importance of treatment planning rests not only in its ability to improve treatment
effectiveness but also in its ability to adapt to specific patient demands, resulting in more
favorable outcomes and enhanced quality of life.

A treatment plan will mainly define all the treatment parameters that must be considered
for treatment delivery, from radiation angles or arcs to radiation intensities. As there are a myr-
iad of possible configurations of all the parameters that define a treatment plan, treatment plan
optimization is, in fact, a complex procedure. Nowadays, treatment planning usually consists of
a complex trial-and-error procedure done by the planner, based on her/his experience, resorting
to a Treatment Planning System (TPS). The use of mathematical optimization approaches and

Artificial Intelligence (AlI)-based approaches can contribute to the automation of this process,
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which can have important advantages since it can result in the consistent achievement of more
accurate and precise plans, calculated faster and with minimum intervention from the human

planner.

1.2 Objectives

Radiotherapy treatment planning is typically a time-consuming process. Despite the con-
sistent planning objectives, defined by the medical prescriptions that usually tend to not differ
too much from one patient to the other when the disease is similar, the planning outcomes may
vary significantly due to anatomical patient diversity.

AT applications have grown over the last few decades, representing a massive breakthrough
in many areas. Regarding RT, AI holds the potential to be applied in numerous aspects of the
treatment workflow, spanning from treatment planning and delivery to outcome prediction and
quality assurance (QA). AI algorithms are capable of rapidly analyzing complicated medical
data, such as patient imaging and clinical history, in order to develop highly accurate and
personalized treatment plans. This not only decreases the time required for planning but also
improves the precision of targeting cancerous regions while minimizing damage to healthy cells.
Al-powered automation can assist medical professionals in making better decisions, leading to
higher treatment efficiency and better patient outcomes. Furthermore, the ability of Al to learn
from big datasets allows for continuous modification of treatment plans, potentially paving the
way for more novel and successful radiation approaches in the future.

In this work, an approach that joins optimization models and algorithms with artificial
intelligence for radiotherapy treatment planning will be developed and tested. From the available
AT approaches, we have chosen to work with Reinforcement Learning (RL). RL is a machine
learning method that intends to foresee the optimum course of action given the current situation.
Within RL, Q-learning has been chosen since it is a fully interpretable AI method, which is very
important in health-related contexts and it is possible to use it in a way that somehow mimics
the learning human planners do when planning treatments during the trial-and-error treatment
planning process.

The main goal is to have a learning procedure that is able to guide treatment planning,
helping obtain feasible treatment plans in a faster and more robust way, without the need for
human intervention and therefore decreasing the need for trial-and-error procedures. Q-learning
uses a Q-function that models the action-reward relationship. In this study, it is used to find
the actions that quickly lead to convergence and a feasible solution [4].

We aim to verify if Q-learning is a promising new tool for treatment planning, verifying
if it helps to reach feasible plans and if it does so in a reduced time window. Ultimately, the
algorithm can learn from a given set of cases and then apply this knowledge to other, new
cases. Optimizing treatment plans ensures that therapies are adjusted for maximum efficacy
by customizing treatment strategies to individual patient characteristics and conditions. This
results in better treatment outcomes, fewer side effects, and higher patient satisfaction. Fur-
thermore, optimized plans frequently streamline the use of resources, reducing expenses and

treatment length. In summary, incorporating optimization into treatment planning exemplifies
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the confluence of precision and efficiency, resulting in better overall patient care.

All methods and algorithms will be tested on a set of prostate cancer patients.

1.3 Thesis Outline

This dissertation is organized into 6 Chapters. Chapter 1 presents a brief summary of the
problem and the main purposes of the study, as well as its alignment. Chapter 2 provides all
the basic principles of radiotherapy, concerning the steps involved in radiotherapy, along with
the various types of treatment. A state of the art regarding the methods used in this work is
also presented. Chapter 3 summarizes artificial intelligence and machine learning concepts and
displays multiple algorithms and their possible applications regarding radiotherapy. Chapter 4
overviews the materials and methods used to acquire and analyze the data, offering a detailed
description of the characteristics of the cases considered, along with the two strategies that
were implemented for this study. Chapter 5 exhibits the obtained results regarding the two
strategies. Chapter 6 provides a discussion based on the results reached. Chapter 7 introduces
the main conclusions considering the work developed and presents ideas for future work. Finally,

a detailed listing of all the bibliographic references used is presented.
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Radiotherapy treatment planning

This chapter introduces the main concepts associated with Radiotherapy (RT) treatment
planning and delivery. Firstly, Section 2.1 presents some notions and definitions related to
external radiation therapy along with its various techniques, followed by an overview of the
treatment planning workflow in Section 2.2. Next, Section 2.3 will further explore the various
steps involving IMRT treatment planning. Section 2.4 presents a state-of-the-art regarding the

current level of automation in the different steps of the RT treatment workflow.

2.1 External Radiation Therapy

A range of therapeutic approaches are employed in cancer treatment, including surgical
intervention, chemotherapy, radiotherapy, and other methods. RT is recommended for the
majority of patients, and it can be used as a standalone treatment or combined with other
treatment approaches, like chemotherapy or surgical procedures.

RT involves the targeted delivery of radiation to cancerous cells, aiming to destroy or inhibit
their growth while minimizing damage to surrounding healthy tissues [5]. The primary intent
can be therapeutic/curative or palliative, to control the symptoms in patients with incurable
cancer [6].

Radiation interacts with matter through energy transfer, which can result in not only the
excitation but also in the ionization of atoms or molecules, which leads to biological damage that
can be mediated by direct or indirect action of radiation. Irradiation will cause cell sterilization
as a direct effect of radiation, and one that is mediated by breaking DNA strands, most effectively
if both strands are broken close to each other (double strand) since single-strand breaks are
repaired more effectively through the structural support by the leads unbroken strand. For
a dose of 1 Gray (Gy), which corresponds to one Joule of energy deposited in one kilogram of
matter, approximately 10° ionizations per cell occur, but the yield of double-strand is only about
40 per cell [7]. The indirect effect is related to water radiolysis since the interaction between
radiation and the water molecules induces the formation of free radicals. These radicals create
reactive oxygen species (ROS), which then cause oxidative stress and eventually damage the
cancer cells [8].

One of the factors that determine how radiation will interact with both tumorous and
healthy cells is radiosensitivity, which translates into the susceptibility of cells, organisms or
tissues to the damaging effects of ionizing radiation [8]. RT is based on the principle that

tumorous cells have fast and uncontrolled growth, making them more radiosensitive than healthy
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cells, whose repair capacity is higher.

In the field of RT, several techniques have been developed to effectively deliver radiation
to the tumor site. This is difficult to do due to the inherent conflict between precisely delivering
radiation to the tumor and sparing the surrounding organs and tissues. As a result, extensive
research is being conducted to optimize and achieve the maximum potential degree of this
delicate compromise. Within radiotherapy treatments there is teletherapy (also referred to as
external beam therapy) and brachytherapy. In brachytherapy, radioactive seeds are inserted
within the tumor region. In teletherapy, radiation is delivered from outside the body and
directed at the location of the patient’s tumor, which can be accomplished by employing a range
of equipment that allows for different delivery modes.

External radiation therapy, the one that is the focus of this work, is performed with the
patient laying on a couch that can rotate. Radiation is generated by a linear accelerator (linac)
mounted on a gantry that can rotate along a central axis (Figure 2.1). The gantry rotation
and couch rotation combined allow radiation to be delivered from almost any angle around the
tumor. The point where the linac gantry rotation axis intersects with the central axis of the
linac is called the isocenter, a geometric reference point, typically placed inside the tumor, that
is strategically intersected by the radiation beams [2]. A treatment plan is considered coplanar

if the couch is fixed at a 0° angle during the whole treatment, being noncoplanar otherwise [9].

Figure 2.1: Linear Accelerator (Linac) [2]

In terms of external radiation treatment, there are also two types of RT: conventional and
conformal. In conventional RT the radiation dose is delivered to the target through high-energy
radiation beams, these beams being large enough to irradiate the whole volumes that need to
be treated. In conformal RT the objective is to be able to achieve a high conformity between
the volume to be treated and the doses absorbed by the tissues [2].

RT incorporates a range of techniques, and among them, Three-Dimensional Conformal
Radiotherapy (3D-CRT), Volumetric Modulated Arc Therapy (VMAT) and Intensity-Modulated
Radiation Therapy (IMRT) are the most commonly used external radiation therapy techniques.
All three fall into the domain of conformal radiation therapy [2].

3D-CRT is an advanced technique that incorporates the use of imaging technologies to gen-
erate 3D images of a patient’s tumor and nearby organs and tissues. The clinical introduction of
3D-CRT radically changed the RT workflow from a simulator-oriented “beam-adjusted” philoso-

phy to an information-driven, computer-based process where the machine settings for treatment
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delivery were determined with the help of a treatment planning system, used by the treatment
planner, where it is possible to include realistic dose calculations [7]. The beam directions,
beam weights, field shapes, etc., constituting the free variables in 3D-CRT could be manually
optimized. However, despite the advances achieved, the uniform radiation fields produced did
not yet allow conformal treatments to be obtained. The modulation of the radiation intensities
would only become possible when new modalities were developed, namely IMRT and VMAT.
Both VMAT and IMRT emerged as modality treatments with notable advancements in
RT over the past decades, providing cancer patients with a wider variety of treatment options.
The most cutting-edge RT systems use a variety of technological innovations to approach the
physical limits of photon beam dose delivery. The radiation beams are modulated by a Multileaf
Collimator (MLC), which is a system of adjustable leaves located in front of the linear accelerator
treatment head, allowing the patient to be exposed to nonuniform radiation fields from specific
angles [10,11]. With the assistance of multileaf collimators, the beam can be divided into a grid
of smaller beamlets with independent intensities (Figure 2.2). The beamlet intensities can be
optimized (Fluence Map Optimization (FMO) problem) leading to nonuniform radiation fields
that can be sequenced and delivered while the gantry is halted at the given beam irradiation
directions- static intensity-modulated radiation therapy (IMRT)- or can be delivered while the

gantry rotates around the patient with the treatment beam always on, rotational/arc IMRT-

2\

(b)

Figure 2.2: (a) Illustration of a beam exiting the head of a gantry rotating around the treatment
couch that can also rotate. (b) The head of the gantry is equipped with a multileaf collimator
with nine pairs of leaves illustrating the discretization of the beam into small sub-beams called
beamlets.

VMAT has gained growing attention because of its decreased dose delivery time compared
to fixed-field IMRT, representing a development of IMRT that offers potential advantages to the
delivery of the radiation beam for various tumor sites [12]. VMAT comprises an arc trajectory
and distributes doses dynamically during gantry rotation, in contrast to IMRT, which typically
involves less than 10 fixed-field beam angles. VMAT delivers dose dynamically while the gantry
rotates along an arc trajectory. The level of modulation from each beam direction in VMAT is
still significantly smaller than that from each beam in fixed-field IMRT, even if more than one
arc is sometimes used in this technique [13].

IMRT represents one of the most used RT techniques and, with the achieved scientific ad-
vances in treatment planning and delivery, it is now possible to shape photon beam irradiation

dose distributions to the planning target volume (PTV) uniformly, whilst sparing surrounding
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tissues and organs at risk (OAR) [14]. These objectives are conflicting because radiation must
pass through healthy tissues to reach the tumor. Furthermore, while practically any direction
can be used to efficiently irradiate the tumor, properly sparing the normal tissues can only be
accomplished if the beam irradiation directions are carefully chosen [9]. This suggests that, as a
first stage in the treatment planning decision-making process, Beam Angle Optimization (BAO)
is frequently required. This is done to obtain an arrangement of beam angles that leads to treat-
ment plans with improved sparing of OAR, aiming to minimize their radiation exposure. With
the advent of highly non-coplanar plans, finding a fast method for beam orientation selection is
very useful, making IMRT more appealing [15]. For a given beam ensemble, the radiation to be
delivered from each beam is then optimized (FMO), aiming to fulfill the prescribed and the tol-
erance doses. The last step involves a leaf sequencing problem, where it needs to be determined
how the leaves of the MLC should move so that the optimal beamlet intensities calculated in
the previous step are, in fact, delivered [16].

Leaf sequencing can be performed for multistatic or dynamic delivery. MLCs have movable
leaves on both sides that can be positioned at any beamlet grid boundary. There are two possible
ways of using collimation: dynamic and multiple static. In the multiple static collimation, also
known as the “step-and-shoot mode”, the leaves are set to open a desired aperture during
each segment of the delivery, and radiation is on for a specific fluence time or intensity. When
changing segments, the beam is off and there is no radiation being delivered. In contrast,
in dynamic collimation (dMLC) the leaves move continuously during irradiation. Although
generally considered faster than the step-and-shoot technique, the calculations for AMLC are
more complicated because the discretization of the beams into well-defined beamlets is not as
straightforward as for the step-and-shoot technique. Additionally, MLC leaves often have thin
parts that overlap the sides of adjacent leaves in order to minimize interleaf leakage. Since
the penumbras formed over the overlapping sections do not add up to produce a homogeneous
fluence, this may result in an unintended underdosage. MLC movements are of the same order
of magnitude as breathing; therefore, movement interference can cause significant deviations
between planned and delivered doses [2,7].

Besides the aforementioned modalities, there are other treatment techniques in RT, such
as helical tomotherapy. In helical tomotherapy, the accelerator rotates in the gantry around
the patient while the couch moves the patient slowly through it thus creating a spiral (helical)
pattern of beam delivery. During this rotation, a computer-controlled MLC with two sets of
interlaced leaves continuously modulates the radiation beam [7].

Regardless of the treatment modality considered, there is ongoing research into adaptive
radiation therapy. Adaptive radiation therapy is a closed-loop radiation treatment process where
the treatment plan can be modified using systematic feedback of measurements. Adaptive RT
intends to improve radiation treatment by systematically monitoring treatment variations and
incorporating them to re-optimize the treatment plan early on during the course of treatment.
In this process, field margin and treatment dose can be routinely customized to each individual
patient to achieve a safe dose escalation [17]. Adaptive RT can lead to the idea of “treatment
of the day” where the treatment plan is adapted daily to better account for all the changes that

may occur from one day to the other.
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2.2 Radiotherapy Treatment Workflow

The process of RT is complex and involves an understanding of medical physics, radiobi-
ology, radiation safety, dosimetry, radiation treatment planning, simulation and interaction of

radiation with other treatment modalities [6]. It consists of three distinct steps:
1. immobilization, imaging and target volume definition
2. treatment planning
3. treatment delivery and set-up verification.

The first step is crucial to ensure the accurate delivery of RT. For that purpose, over the
several weeks of treatment, patients must be properly immobilized and positioned on the treat-
ment couch in such a way that the patient’s position is comfortable, reproducible and optimal
for the way the treatment will be administered [6]. The volume to be treated is determined by
performing a planning computed tomography (CT) scan. In this planning CT, all the volumes of
interest (both volumes to treat and organs to spare) must be delineated. The OAR are defined
as the organs in the neighborhood of the tumor that could be damaged by radiation. The tumor
should be defined taking into account all the diagnostic data, including clinical examination
findings and results from diagnostic imaging or techniques like CT, magnetic ressonance imag-
ing (MRI), positron emission tomography (PET), and endoscopic ultrasound [6]. The planning
CT study is regarded as a snapshot of the patient at a specific point in time, and any deviation
between the snapshot and the time-averaged tumor position (which is not available) results in
a systematic error throughout the delivery sequence. Other deviations can be caused by the
patient’s movement since some movements cannot be suppressed completely, e.g. breathing and
heartbeat [7]. In order to ensure consistent delivery of radiation to the designated area on a
regular schedule, the patient must be positioned in the exact same orientation as during the
planning scan prior to each treatment session [6].

Considering the volumes to be treated, three volumes are usually delineated: GTV, clin-
ical target volume (CTV) and PTV. The most common target volume used during treatment
planning is the PTV, which is created by adding a margin to the CTV to account for organ
movement and set-up errors. CTV is defined by the gross tumor volume (GTV) with margin
regions to cover the assumed spread of invading tumor growth. The PTV is usually the struc-
ture used for designing treatment plans, and adding a marginal volume to the CTV is a safety
measure to prevent possible inaccuracies or variations.

Treatment planning, the second step of the RT process, involves creating a combination
of RT beams (or arcs, for VMAT) and corresponding fluences that will deliver the required
dose to the PTV. The optimization of treatment planning can be interpreted as the optimal
selection of a number of parameters corresponding to a given treatment, among a range of
acceptable solutions. Because of the complexity of the treatment planning process, treatment
planning often involves a trial-and-error process. For IMRT, firstly, the medical physicist, based
on her/his own experience, manually selects a beam ensemble. Then, the FMO takes place,

considering these beam angles fixed. The resulting solution is then analyzed by the medical
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physicist who may change some of the beam angles, or other input parameters considered in the
FMO, aiming at increasing the quality of the treatment plan. The FMO problem is solved again,
and this laborious and time-consuming process is repeated until a satisfactory treatment plan is
obtained. The procedure ends when the dose distributions are considered acceptable according
to the medical prescription. If not, the treatment planning continues to be changed manually,
which is a time-consuming process with no assurance of providing high-quality treatment plans.
It is not possible to ensure that the treatment plans obtained by this process are the best possible
for each patient.

Inverse planning emerged as an alternative process that involves using optimization models
and algorithms that have been tuned by the treatment planner to determine an optimal treat-
ment plan. Inverse planning is usually considered for FMO and it typically involves formulating
an optimization problem, which comprises a set of constraints that must be satisfied and an
objective function to be minimized or maximized with respect to a set of independent variables.
The constraints serve as non-negotiable requirements for the problem, such as ensuring that the
dose does not exceed a certain critical threshold.

The objective function, which can be composed of different functions combined, is opti-
mized to the extent permitted by the constraints, with the aim of achieving the desired clinical
outcomes. Although mathematical optimization is being used to determine treatment planning
parameters, the iterative process of setting up the optimization problem can be very time-
consuming. There is also the possibility of prioritizing treatment goals instead of using an
objective function consisting of a weighted sum of conflicting goals. This involves including only
the most critical category in the optimization and transforming the result into constraints before
introducing the next category as objectives. This guided problem modification aims to reduce
the number of iterations by providing tools to analyze and modify the problem [7].

Inverse treatment planning helps the human planner during the trial-and-error procedure,
but it does not eliminate the need for human intervention: in every trial-and-error iteration
what the human planner does is to define new parameters for the underlying optimization
mathematical model considering the results of the previous treatment plans calculated.

The treatment quality is then usually assessed by its cumulative dose-volume histogram
(DVH) and by analyzing isodose curves, among other quality assessment metrics and tools [2,9].
As some of the treatment objectives are conflicting with each other, each treatment plan can be
seen as a compromise solution and treatment planning can be understood as a multi-objective
optimization problem. Taking this into account, several approaches were developed to navigate
the solution space in the large-scale problem that the IMRT optimization represents, using, for
example, deterministic methods to determine search patterns, often by using information about
the gradient of the objective function [7].

Treatment delivery, the last step of the RT process, depends on the type of treatment being
used. In this step the treatment that was planned is delivered to the patient, meaning that
the treatment parameters that were defined are now translated into the machine configuration
parameters. For treatment delivery, the optimal fluences calculated have now to be transformed
into MLC leaves movements and corresponding apertures. This is done by solving an aperture

optimization problem, that optimizes leaves movements so that the desired fluences are obtained.
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There is also an alternative approach, called direct aperture optimization, where fluence and
apertures are simultaneously optimized.

Along every stage of the RT process, quality assurance (QA) is used, playing a vital role
in the procedure. To ensure safety and quality, a feedback mechanism is also crucial since
clinical practice may change over time. QA is especially important for the minimization of
systematic errors. According to medical physicists, “quality assurance” refers to more than just
lowering the incidence of obvious errors in radiation planning or delivery. QA is understood
as including components of a patient’s treatment requiring expertise regarding the patient and
her/his condition as well as the best way to administer therapeutic radiation [18].

Simulation and delivery processes in RT have QA procedures that are considered “patient-
independent”. These procedures, such as dose calculation verification and IMRT QA, apply
universal criteria to ensure the accuracy of treatment plans for all patients. However, contouring
and plan optimization are highly specific to each patient, making standardization challenging
[19].

2.3 IMRT treatment planning

In this work, we will mainly focus on IMRT treatment planning. The IMRT treatment
planning is a sequential process that starts with the image acquisition, followed by the contouring
of the PTV and OARs. Afterwards, the treatment planning usually starts by selecting a given
number of beams and their angles, followed by calculating the optimal intensities (FMO) for
each selected beam. Finally, delivery is done, in the various ways that were previously discussed.
The major challenges concerning treatment planning and delivery will be presented in greater

detail now.

2.3.1 Beam angle optimization (BAO)

A very important aspect to keep in mind is the fact that the integral dose to a patient’s body
tends to be fairly constant, regardless of the treatment planning approach considered, meaning
that the best a planner can do is to decide where the excess radiation should be positioned,
which healthy tissue to irradiate and which to spare. The configuration of beam directions has
a major effect on the quality of the treatment plan [15].

BAO, which involves choosing the proper radiation incidence directions, may have an im-
pact on the quality of IMRT plans particularly by enhancing organ sparing and increasing tumor
coverage [15]. This involves calculating the ideal number of beams and determining the ideal
beam angles. It is an important step in IMRT optimization since it has a direct impact on both
the effectiveness of the therapy and the total treatment time, which increases as the number of
beams increases [16].

An efficient BAO engine is especially critical when noncoplanar treatments are involved
since this additional degree of freedom increases the complexity of beam selection and makes
the number of possible iterations in a trial-and-error process even higher. This is why, in most

cases, coplanar treatments with equally spaced beams are chosen, with the number of beams
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being predetermined by the planner based on prior experience and taking into account the
location of the PTV and the OAR [20].

There are, however, other ways of calculating the optimal number of beams, such as clas-
sification methods. Applying methods like Support Vector Machines, Random Forests, Neural
Networks, etc., to a database of previously treated patients is one way to calculate the num-
ber of beams for a new patient [11]. Then, an optimal IMRT plan is obtained by solving the
FMO problem for a given beam angle set. The problem revolves around determining the opti-
mal beamlet weights for the fixed beam angles since each beamlet has its own intensity. This
approach allows the delivery of radiation in a more precise and controlled way, improving the
quality of treatments delivered [10].

Regarding the beam directions, the current clinical treatment planning workflow involves
manual selection by the planner. To overcome the problem of time-intensive calculations for
dose-based metrics, several researchers have used purely anatomical metrics for BAO. Some of
these approaches include sorting potential beam orientations based on their distance to the PTV
and OAR, selecting beams in a specific order subject to a minimum distance threshold, using
computer vision and beam’s-eye-view (BEV) techniques to define a treatment plan based exclu-
sively on geometric information or training a random forest regression algorithm using approved
treatment plans to learn the relationship between patient anatomy and beam orientations [15].

BEV concept, which uses topographic criteria to rank the candidate beam directions, is
one way of addressing the BAO problem. BEV dose metrics assign a score to each radiation
beam direction based on topographic criteria. Beam’s-eye-view dose (BEVD) evaluates each
possible beam direction using a score function that accounts for beam modulation. In IMRT,
beam directions are non-intuitive and may have to go through sensitive organs to achieve an
optimal compromise between target coverage and organ sparing, which makes the geometrical
criteria used by BEV limited. The optimal beam configuration for an IMRT treatment should
balance the BEVD score and the beam interplay as a result of the overlap of radiation fields [10].

BAO can also consider the use of pattern search methods (PSM), which are directional
direct search methods that belong to a broader class of derivative-free optimization methods,
such that iterate progression is solely based on a finite number of function evaluations in each
iteration, without explicit or implicit use of derivatives, which can avoid local entrapment. PSM
are organized in two steps at every iteration [10]. The first step, called search step, provides the
flexibility for a global search since it allows searches away from the neighborhood of the current
iterate and influences the quality of the local minimizer or stationary point found by the method.
The second step, called poll step, performs a local search in a mesh neighborhood and ensures
the convergence to a local minimizer or stationary point. If the search step fails to produce a
decrease in the objective function, the poll step is performed around the current iterate. As
for the stopping criteria, usually, they are based either on the maximum number of function
value evaluations allowed or on convergence criteria related to the mesh size. Pattern search
methods have the ability to converge globally from arbitrary points to good local minimizer
candidates [10].

Several other methodologies have been used to tackle the BAO problem, like the use of

scoring methods, which assign scores to beam angles by considering geometric and dosimetric
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factors [21]; response surface approaches, which focus on generating beam data for promising di-
rections to explore all potential beam orientations [22]; mixed integer programming approaches,
that utilize treatment planning models incorporating two classes of decision variables to simul-
taneously capture the beam configuration and intensities [23]; amongst others. In addition to
the aforementioned methodologies, metaheuristics have also been applied to address the BAO
problem. For instance, simulated annealing [24,25], particle swarm optimization [26], and evolu-
tionary algorithms have been utilized [16]. In the context of conformal RT treatment planning,
Wu et al. [27] explored the use of a genetic algorithm to determine beam directions and in-
tensities. It is important to note that while these global heuristics have the potential to avoid
local optima, obtaining globally optimal or clinically superior solutions typically requires a large
number of objective function evaluations [10].

Despite the BAO problem being the first one to be solved in treatment planning, its optimal
solution will depend on the optimal solutions of the two other sequential problems (FMO and
aperture optimization), being BAO specially dependent on the optimal solution of the FMO. So,
since optimal beam angles for IMRT are frequently found to be counter-intuitive, the resulting
beam angle set has no guarantee of optimality and has questionable reliability unless it takes into
account FMO. It requires considerable time to calculate and produce the appropriate optimal
FMO solution for a beam angle set, and even if only one beam angle is changed in that set, a full
new dose computation is necessary [15,16], which explains the computational burden associated
with BAO.

FMO is usually solved resorting to an optimization mathematical model, that has some
parameters that are usually fixed a priori (like weights and lower/upper bounds). Actually, it
is possible that these parameters should also be a function of the beam angles considered. For
instance, if it is necessary to spare femur heads and the beam angles are going through these
structures, then they should have adequate weights in the optimization model to be properly
spared. However, if the beams chosen are such that radiation beams will not go through these
structures, then lower weights could be considered. Although the choice of beams should clearly
influence the choice of the FMO parameters, the majority of BAO techniques do not take into
account any adjustment of these parameters for different beam angle sets, and FMO is only solved
once for each beam angle configuration taking into account a predetermined set of weights and
lower /upper bounds. The drawback of this approach is that the parameters used in FMO are
not guaranteed to generate feasible plans for every BAO solution [20].

Dias et al. [20] developed an alternative approach. To ensure that the resulting treatment
plan is clinically feasible, an automatic Fuzzy Inference System (FIS) FMO approach can be
utilized, where the FMO model parameters are automatically tuned to optimize the solution. By
adopting this approach, the BAO procedure aims to optimize the treatment plan while ensuring
that the final solution is clinically feasible and can be implemented in practice.

Dias et al. [20] compared two approaches that optimize treatment plans. One algorithm
used 7 noncoplanar beams and obtained solutions referred to as BAOFIS, while the other utilized
the most commonly used 7-beam equispaced beam ensemble configuration and was referred to
as FIS. In both algorithms, FMO was performed using the same FIS approach, indicating that
the two alternatives are solely differentiated by the integration of BAO, and not by different
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FMO approaches. The results demonstrate that target coverage is very similar considering both
FIS and BAOFIS treatment plans, with all the calculated solutions presenting dosimetric values
above the admissibility threshold, thus fulfilling the desired PTV coverage. Nevertheless, it is
possible to observe that organ sparing is clearly enhanced in the case of BAOFIS treatment
plans. Compared to FIS treatment plans, BAOFIS obtained an improved average sparing for
the spinal cord and brainstem of 4.4 and 7.3 Gy, respectively.

BAO approaches considering Artificial Intelligence (AI) will be discussed in Section 3.4.2.

2.3.2 Fluence Map Optimization (FMO)

FMO can be defined as the problem of finding the optimal intensity of beam profiles to
generate a high-quality plan [15]. It is frequently based on nonlinear continuous programming
problems, requiring the planner to specify a priori weights and lower/upper bounds that are
iteratively changed inside a trial-and-error approach until an acceptable plan is found [28].

A mathematical model is implicitly constructed in clinical practice by the explicit choices
made by the planner. The planner uses a software, known as Treatment Planning System (TPS),
where she/he can set weights and lower/upper bounds for each structure. The planner cannot,
however, be certain of the underlying mathematical model that is being optimized because
TPS optimization models and algorithms are black boxes from the user’s point of view. This
adds to the procedure complexity because it is not trivial to understand how a change in a
specific weight or bound will affect the treatment plan that has been calculated. The planner is
aware of the requirements a treatment plan has to comply with to be admissible, but it is not
straightforward what information should be provided to the TPS in order for the optimization
model to actually produce an acceptable plan. Furthermore, the planner knows that the medical
prescription establishes thresholds, but it is often possible to go beyond those boundaries. If
the planner believes that better outcomes (better tumor coverage and/or better OAR sparing)
can be obtained, she/he will continue the process, being increasingly more demanding (as if the
planner was changing the admissibility threshold established by the medical prescription). This
trial-and-error procedure continues until the planner is satisfied or runs out of time, whichever
comes first. Manually choosing the parameters that make up the underlying optimization model
is far from intuitive and, depending on the planner’s experience and time constraints, it can
result in treatment plans of inconsistent quality [20].

The volume of each structure is discretized into small cubes called voxels, and the dosage
is calculated for each voxel by considering the contribution of each individual voxel combined.
Typically, a dose matrix D is built from the set of all beamlet weights, by indexing the rows
of D to each voxel and the columns to each beamlet, so that the number of rows of matrix D
equals the number of voxels (N,) and the number of columns equals the number of beamlets
(Np) from all beam directions considered. Thus, using a matrix format, the total dose received
by the voxel ¢ can be given by Zj\]:bl Djjwj, with D;; the unitary dose delivered to voxel ¢ by
beamlet j and w; the weight (intensity) of beamlet j. Defining S as the set of structures to

be considered, and Us the upper bound associated with structure s € S, Ly the lower bound

associated with the structure s € S, A and Ag, the penalty weights of underdose and overdose
S
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of structure s, respectively, the FMO model can be defined as follows:

fw)=min}y ) [)\S (Ls -~ éDijwj>2 + As(éDijwj - Us>2 (2.1)

seS ieS

Generally, the total number of voxels considered reaches the tens of thousands; therefore,
the row dimension of the dose matrix is of that magnitude. The size of D originates large-scale
problems, being one of the main reasons for the difficulty of solving the FMO problem [10,28].

The quality of the results can be perceived by considering a variety of metrics. One that
is usually clinically used for plan evaluation is the volume of PTV that receives 95% of the
prescribed dose (Dgs). Typically, 95% of the prescribed dose is required (Dgse > 95%Dp) [15].
Regarding the OAR, the metrics vary depending on whether a serial or parallel OAR is being
considered. Serial OAR are the ones that can have their functionality compromised even if
a small portion of the OAR volume is damaged, so maximum-dose constraints are considered.
Parallel OAR can keep their functionality even if a small volume target is damaged, so mean-dose

constraints are used [20].

2.3.3 Realization problem

Once an acceptable set of intensity maps has been calculated, the delivery problem (also
known as the realization problem) must be solved by selecting one of the existing appropriate
methods ( [29], [30], [31], [32], [33]) for creating apertures and intensities that approximate the
previously determined intensity maps. Several papers propose algorithms for the realization of
arbitrary fluence distributions by means of multileaf field segmentation, which involves super-
imposing differently shaped beams in order to freely shape the delivered fluence pattern [7].

It is a difficult optimization challenge to efficiently reproduce the optimized intensity maps.
The intensity maps that are actually delivered may differ from the ones that were optimized
due to leaf collision problems, leaf perturbation of adjacent beamlet intensities, and tongue
and groove limitations, amongst others. Although most of those issues have been solved, the
realization problem continues to be a thriving area of study [34].

There are other techniques, such as direct aperture optimization (DAQO), that eliminate the
requirement for a separate leaf-sequencing stage by including all of the MLCs constraints into
the optimization process. DAO is designed to offer the dosimetric advantages of IMRT while

maintaining conventional radiation therapy’s simplicity and effectiveness [35].

2.4 Automation of the radiotherapy treatment planning: cur-

rent state-of-the-art

IMRT treatment planning may be a lengthy and frustrating process and different treatment
planners and institutions will provide different levels of quality treatment plans for patients
with similar target dose prescriptions and normal tissue constraints [36]. Several attempts have
already been made in order to contribute to the elimination of the treatment planning trial-and-

error process, many of which involve the automation of the process [19]. Some of these attempts
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will now be presented, as they hold relevance to our current study.

Automating treatment planning has the potential for extreme time reductions in the treat-
ment design procedure. The difficulty in planning eventually comes down to an issue of quality
discrimination, that is how to assess good plans as “good” and bad plans as “bad”. There are
countless ways for the treatment planning process to go wrong and produce a suboptimal plan-
ning result, such as errors in simulation (incorrect representation of the patient or of the radiation
distribution in patients), errors in contouring (incorrect target or normal tissue delineation), er-
rors in plan optimization (planner fails to meet achievable plan quality for the patient) and/or
errors in delivery (treatment delivery differs from representation in the treatment planning) [19].

Zhang et al. [36] tested a methodology to automate the IMRT planning process for lung
cancer. The methodology claimed to automatically set beam angles based on a beam angle
algorithm, effectively designing the planning structures and automatically changing the objec-
tives of the objective function based on a parameter automation algorithm. Using a database of
treatment plan experts, the beam angles are chosen, resulting in the initial selection of 19 beam
angles (14 coplanar and 5 non-coplanar). Then, based on physician/dosimetrist-contoured PTV,
an automatic set of structures and optimization parameters is generated. For the optimization,
a dose or dose-volume-based objective function was combined with an equivalent uniform dose
(EUD)-based objective function. The main benefits of an EUD-based objective function over a
dose-volume-based objective function include the fact that only one parameter (the target EUD)
is changed in the objective function parameter automation loop, making it incredibly quick and
simple; the EUD-based objective function is a convex objective, which makes the optimization
algorithm well behaved, and optimizing it will optimize the entire DVH at the same time. The
objective will be determined based on the prediction of whether or not the mean lung dose
can be constrained to 22 Gy. The target plan was PTV-based, which results in a plan with
high PTV coverage. Optimization parameters related to OAR can be changed throughout the
process depending on the objective function values of the current solution. The 19 beams were
ranked, and no meaningful difference was shown between using 19 and 11 beams, so the 11 best
beams were chosen. This algorithm underlying principle implies that if fewer beams are better,
the optimization algorithm should turn off the extra beams automatically.

Zarepisheh et al. [37] considered a treatment planning optimization based on an algorithm
guided by the DVH curves of a reference plan. The percentage of delivered dose-containing
volumes is related to those volumes by the DVH. The reference plan is selected from a library
of clinically approved and delivered plans of previously treated patients with similar medical
conditions and geometry. The algorithm navigates the vast voxel-based Pareto surfaces using
a voxel-based optimization model. Voxel weights are iteratively adjusted to approach a plan
that is similar to the reference plan in terms of the DVHs. Seven equispaced beam angles were
considered.

An algorithm was proposed in [38], that optimizes both the intensity-modulated beam
(IMB) and the normal tissue prescription. The IMB optimization employed a fast-monotonic-
descent method, which has the advantage of quick and monotonic convergence to the minimum
for a constrained quadratic objective function. To convey the vague understanding of the im-

portance of matching the calculated dose to the prescribed dose in the normal tissue, a fuzzy
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weight function was used. This function partly expresses the multiplicity of the objective and
the complexity of the planning problem in radiation therapy.

Jia et al. [39] based the suggested treatment planning process on an OAR-3D dose distribu-
tion prediction. The OAR-related constraints that support FMO are defined by the dosimetric
values predicted, which take all the voxels within an OAR as research subjects, their doses as
output, and the individualized geometrical features, including its location and volumetric in-
formation, as inputs. Using hard constraints to ensure PTV dose coverage, an artificial neural
network (ANN) was used to first predict the dose distributions for OAR and use them as an
objective goal to quickly guide the current dose distribution to the prediction as closely as pos-
sible. BAO is not considered. The dosimetric achievements of the current solution are not taken
into account while updating the FMO objective function dynamically.

Dose prediction was also considered in [40], training a deep learning-based 3D dose distri-
bution prediction and automatic plan generation based on the predicted dose distribution. The
model input consists of CT images and contours delineating the OAR and PTVs. The algo-
rithm output is trained to predict the dose distribution on the CT image slices. The obtained
prediction model is used to predict dose distributions for new patients. Then, an optimization
objective function based on these predicted dose distributions is created for automatic plan gen-
eration. Besides the DVH curves, this method also gives voxel-level feedback to planners about
where the dose distribution could be improved. Then a voxel-by-voxel dose optimization using
the predicted voxel is performed. This optimization does not require any specific dose—volume
objectives.

A deep learning-based approach was used in [41] to build an IMRT plan by generating
predictions of fluence maps using just patient anatomy. No inverse planning is required. The
predicted fluence maps are converted into a deliverable treatment plan by delivery parameter
generation and dose calculation in a commercial TPS, which means there is no need for an
optimization phase.

Pencil beam fluence maps were proposed to be submitted to a fully automated prioritized
multicriteria optimization (AUTO MCO) with integrated noncoplanar BAO in [42], followed
by the generation of MLC segments. Instead of replicating the fluence maps, the segmentation
algorithm then faithfully reproduces the AUTO MCO 3D dose distribution while taking into
account every potential beam at once. A stand-alone version of the clinical dose calculation
engine is used to calculate pencil beams, segment dose depositions and final doses.

Based on a set of cost functions that are either established as hard constraints or planning
objectives with assigned priority and goal values, Bijman et al. [43] generated plans using a
wish-list that defines the protocol for automated plan generation. Planning objectives are se-
quentially optimized following their priorities while never violating all established constraints.
To guarantee that the previously acquired function value is maintained while minimizing lower-
priority objectives, a new constraint is applied to the optimization problem after each objective
function optimization. Wish-lists are treatment site-specific and are created in an iterative tun-
ing process with the treating physician. This final strategy is based on Erasmus-iCycle, a prior
strategy created by the authors. To employ this procedure, the wish-list must first be defined,

so that it can be used on all patients with the same tumor site. In Erasmus-iCycle, the selection
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of beam angles is based on a greedy iterative selection procedure, where one beam is fixed at
each iteration. As a result, the search space for each new beam is greatly influenced by prior
decisions. Breedveld et al. [44] proposed a novel a priori multicriteria approach to integrate
beam angle and intensity optimization, which may be a drawback if a patient that differs from
the most common cases is being treated.

Protocol-based automatic iterative optimization was used to develop automatic plans in
[45]. Pinnacle3 16.2 Auto-Planning was used in the automatic planning approach. The au-
thors state that more complex protocols containing additional optimization targets and support
structures were necessary because protocols that only contained the prescribed target dose and
OAR limitations frequently did not produce optimal plans. Depending on their geometry and
restrictions, different tumor sites required different techniques.

Two separate automated engines were employed in the Pinnacle treatment system in [46].
These two automated engines, the currently used Autoplanning and the new Personalized, are
both template-based algorithms that use a wish-list to build the planning goals and an iterative
technique capable of simulating the planning process typically used by experienced planners.
Personalized algorithms present an advanced technology called Feasibility which allows an es-
timation of the best possible sparing of the OARs to inform the planner a priori about the
achievability of treatment planning goals.

In order to evaluate how well-automated planning will perform in comparison to current
manual processes, the primary validation procedure is the deployment of the automated planning
routine to a representative sample of previously treated patients. A well-set-up automated
planning system should consistently balance the same clinical trade-offs across all patients, which
is one of its selling benefits. However, if new trade-offs or information need to be considered,
this could be a drawback. A crucial issue to keep in mind while utilizing an automated planning
system is that an incorrect dose prediction could occasionally lead to the optimization being
misled [19].

In this work, the FMO approach that is going to be considered is a totally automated
FMO based on Fuzzy Inference Systems described in [28]. Since FMO is highly important for
the Q-learning approach developed, the FIS FMO is now described in the next subsection.

2.4.1 Fuzzy Inference Systems for FMO

Fuzzy logic is used in this work for the automation of FMO. A fuzzy inference system can
be used to iteratively change parameters associated with the PTV and OARs in the FMO math-
ematical optimization model in order to achieve desirable doses. The weights and lower /upper
bounds are automatically changed by this approach depending on how distant the present solu-
tion is from a desirable one or, in other words, how far the current treatment plan is from the
medical prescription. The objective function typically considers a weighted sum of dose devi-
ations [28]. The FMO objective function evaluates the sum of the weighted squared difference
between the dose delivered to each voxel within the structures of interest (such as PTVs and
OARs) and the dose desired. The optimization parameters include the weights and lower /upper

bounds associated with each structure of interest, which are the ones that need to be adjusted, as
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illustrated in FMO model (Figure 2.1) [20]. It is not straightforward to understand or estimate
the impact that changing one or more of the existing parameters will have on the quality of the
generated treatment plan. As we already stated, in practice planners spend a lot of time testing
the FMO model through a process of trial-and-error until they reach a treatment plan with the
best possible quality [20].

Fuzzy logic can represent a great tool for the FMO problem. Fuzzy logic allows the creation
of sets with unclear boundaries so that a given element can belong to a set with only a partial
degree of membership. The concepts and their relationships will be represented by a membership
function, which can vary between 0 and 1, that must represent the concepts as well as the
relationships between the concepts [28]. This fuzzy inference system implements a set of rules
that decide which parameters should change, as well as the magnitude and direction of this
change, taking into account the distance between the current plan (corresponding to the optimal
solution of the current FMO model) and the constraints defined by the medical prescription [20].
All rules are assessed at the same time [13]. The purpose of this system is to mimic, up to a
certain level, the decision-making process of a planner. If the current FMO optimal solution for
a specific structure of interest is still far from the desired result, then the parameters linked to
that structure must be modified to increase its importance in the optimization process [20]. It
is possible to change the importance of a structure in FMO in two different ways: increasing
the weights associated with that structure or changing the corresponding bounds. According
to [20,28], changing bounds first produces a smoother iterative process, that converges faster.

In its initial state, two different phases constitute the Fuzzy Inference System (FIS) pro-
cedure. The first phase entails the computation of a treatment plan that complies with all
constraints defined by the medical prescription. The second phase recognizes the possibility of
improving the quality of the treatment plan, by enhancing PTV coverage and/or better spar-
ing OARs. Therefore, this phase takes a more demanding approach than the initial medical
prescription by trying to establish lower values for the tolerance doses for OARs and/or higher
values for the dosimetric values associated with the PTV s [20]. This process is repeated until
either the predetermined number of iterations is reached, or it is no longer possible to enhance
the current solution [28].

Inferior and superior limits of dose for each structure are automatically adjusted by the
algorithm according to fuzzy logic, until a plan that complies with all the restrictions is found,
for the PTV and the OARs. This fuzzy inference system represents a set of simple rules that
in a way follow the manual and iterative process normally executed by the planners. Thus, for

each structure of interest:

e If, for a given structure, the deviation between the prescribed and the delivered dose is

low, then the parameters should only be slightly changed.

e If for a given structure, the deviation between the prescribed and the delivered dose is

medium, then the parameters should suffer medium changes.

o If for a given structure, the deviation between the prescribed and the delivered dose is

large, then the parameters should be largely changed.
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Membership Functions for Changing Bounds
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Figure 2.3: Membership functions

In fuzzy logic, the concepts “small”, “medium” and “large” can be represented by a mem-
bership function. According to this logic, any given element does not belong to just one deter-
mined group, meaning that it does not abide by a binary logic of “belongs” or “does not belong”.
A given deviation between the prescribed dose considered and the delivered dose can simulta-
neously belong, with only a partial degree of membership, to different membership functions
that represent each set. This means that a given deviation can be considered, simultaneously,
as being small and medium with different degrees of membership. After evaluating the degree
of membership for each concept, every rule mentioned above is activated with a different level
of membership, which is then necessary to calculate a single crisp value that will be the output
of the FIS. This process is known as defuzzification, and it was implemented by the centroid
calculation defuzzification procedure. After the degree of membership in each function and the
degree to which each rule is activated are evaluated, the area under each curve is aggregated and
the centroid value of that region is calculated. In this work, triangular and trapezoidal mem-
berships functions were used and a fuzzy inference system was created based on each structure,
taking into account the structures objectives.

Figures 2.3a and 2.3b illustrate the membership functions considered for determining the
changes in lower and upper bounds. As shown, there are some values in which the percent-
age of deviation only belongs to a specific set: for the input function, deviations belonging to
[12%,100%)] are considered large with membership equal to 1. However, deviations of 8% be-
long simultaneously to the medium and large sets, which means the values of the respective
membership functions are higher than zero.

Figure 2.4 exemplifies the rules that constitute a fuzzy inference system, for a deviation of
9% that belongs simultaneously to the medium and large input membership functions.

In [20], the authors propose using three fuzzy rules to ascertain the extent to which devi-
ations between desired dosimetric values and those obtained by a given solution determine the
changes in the bounds. Specifically, small, medium and large deviations are found to produce
small, medium and large changes, respectively. These deviations are represented as fuzzy num-
bers and each concept is represented by triangular or trapezoidal membership functions, which
allows one to handle imprecise or uncertain information in decision-making and control systems.

Output fuzzy sets are then obtained and, by a defuzzification step that is applied, all output
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fuzzy sets are aggregated producing a crisp value, which will represent the percentage of change
of the corresponding bound.

Fuzzy logic, and more specifically fuzzy inference systems (FIS), can potentially be used
to optimize other parameters in inverse planning such as the beam orientation and the dose
prescription. As the configuration of FIS is flexible, it provides us with a wide space to customize
the FIS for different applications. Fuzzy logic has also been used in various stages of treatment
planning. Dias et al. [28] created a completely automated FMO technique where all the objective
function parameters are adjusted based on fuzzy inference systems that resemble the rationales
planners use on a daily basis. Only beam-equidistant solutions are taken into account in this
situation. The system analyzes how far the current solution is from a desirable one, changing in
a completely automated way both weights and lower /upper bounds.

Yan et al. [47] also used FIS to improve normal tissue sparing. Three main modules that
made up the FIS principle were defined: the Fuzzifier, which represents the membership function
specified for the inputs, the Inference Engine, which implements the operations of inference using
fuzzy rules, and finally the Defuzzifier, which represents the membership functions specified for
the outputs.

One major advantage of using fuzzy inference systems for treatment plan optimization is
that it eliminates the need for human interaction during the optimization process. The planner
is only required to define constraints based on the medical prescription and, if desired, the
priorities for each structure, before the start of the optimization. This allows for a more efficient

and streamlined optimization process.
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Artificial Intelligence in

Radiotherapy

This chapter presents an overview of the current state-of-the-art of Artificial Intelligence
(AI) in Radiotherapy (RT). Section 3.1 will provide information about the basis of Al and its
concepts. Next, Section 3.2 explores Reinforcement Learning (RL), the learning process used
in our study. Section 3.3 will describe the commonly used techniques and features of Machine
Learning (ML). Furthermore, Section 3.4 presents all the areas of implementation related to RT
regarding Al, as well as a deeper look at the various studies that implemented the discussed

methods in the respective areas.

3.1 Introduction

Artificial intelligence is a viable option for RT since it can be helpful during the various
treatment planning and delivery stages. All tasks the planner performs manually in the cur-
rent workflow, such as selecting the number of beams and their directions, can be replaced or
supported by AI algorithms. This integration of Al in the workflow has the potential to not
only improving the accuracy of treatment planning but also to significantly accelerate the RT
workflow process.

AT can be defined as the capability of a machine to mimic human intelligence. It can
be classified into two branches based on its application: virtual and physical. The physical
component can be represented in medical devices or sophisticated robots, whilst the virtual
component can be represented in ML [48]. AI has the potential to optimize the various stages
of the complex process of RT; however, it is often perceived as a “black box”. As a result, it can
be challenging to integrate Al into clinical practice as human operators may only comprehend
input and output predictions [49].

ML refers to the concept of a machine gaining the ability to do tasks based on pratical learn-
ing. ML models are usually divided into four main groups: supervised learning, unsupervised
learning, semi-supervised learning and RL.

While unsupervised learning seeks to identify the unknown pattern underlying the ob-
servation or identify the relationship between samples, supervised learning seeks to develop a
functional relationship between inputs and outputs from training data that generalizes to testing
data [48].
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The semi-supervised learning (SSL) approaches were developed to address the issue of hav-
ing limited availability of labeled data, which can significantly impact the effectiveness of super-
vised learning approaches. The main challenge lies in developing ML algorithms that can extract
knowledge from existing data. Traditionally, supervised learning algorithms train classifiers us-
ing labeled samples and explanatory attributes. The objective is to construct a model, such as a
predictor or a classifier, that can accurately predict class labels for samples where only attribute
information is available. However, supervised learning approaches require large labeled datasets
to generate more accurate classification rules. In contrast, semi-supervised learning leverages
both labeled and unlabeled data to construct a decision rule, enhancing the performance of clas-
sifiers trained solely on the labeled data. In situations where datasets are small and imbalanced,
SSL classifiers exhibit slight improvements compared to the use of supervised learning method-
ologies. The inclusion of unlabeled data enriches the information extracted from the labeled
samples, leading to enhanced performance of the classifiers. Overall, semi-supervised learning
provides a promising approach for addressing the limitations posed by small and unbalanced
datasets, allowing for more effective and accurate classification in various applications [50].

RL is considered a learning process that evolves based on the feedback from previous
actions. As it is the main focus of this work, it will be detailed in Section 3.2.

As for assessing the effectiveness of a model, different resampling methods have been em-
ployed. The most common types include k-fold cross-validation, leave-one-out cross-validation,
Monte Carlo cross-validation and bootstrapping.

In k-fold cross-validation, the existing dataset is divided into & subsets. The learning step
takes into account all these sets but one, that is used for testing. The assessment is done
considering the testing results for all £ subsets. Leave-one-out cross-validation, a variant of
k-fold cross-validation, chooses one element from the training set is in each iteration, and the
remaining training set is used to train the models. The trained models are then employed to
predict the class of the selected element. This process is repeated for each component of the
training set and the model accuracy is calculated as the percentage of correct predictions [11].

The bootstrap method involves using the available sample data as a “surrogate population”
to approximate the sampling distribution of a statistic. It creates numerous “phantom samples”,
known as bootstrap samples, by resampling (with replacement) from the original data. The
sample summary is then computed on each bootstrap sample, typically generating thousands of
samples [51].

Each sampling scheme possesses its own characteristics in terms of variance and bias. For
instance, the bootstrap method tends to have low variance but significant bias, while k-fold
cross-validation exhibits small bias but higher uncertainty, depending on the value of k [52].

The measured performance of classifiers varies depending on the validation method employed.

3.2 Reinforcement Learning

Reinforcement learning requires learning what to do (how to connect situations to actions)
in order to maximize a numerical reward signal [53]. The absence of input/output pairs is the

primary distinction between supervised learning and RL. Instead, after making a decision, the
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Agent

State  Reward Action

Environment -

Figure 3.1: Schematic process of reinforcement learning

agent is informed of the immediate reward and subsequent state, but not of the action that
would have been better for it in the long term. For the agent to behave optimally, it must
actively gather useful experience regarding the potential system states, actions, transitions, and
rewards [54].

The main goal of RL is to foresee the optimum course of action given each situation. RL
offers resources to optimize a series of decisions for long-term outcomes. The input for RL algo-
rithms is typically a history of interactions between the decision-maker and their environment
via perception and action, as shown in Figure 3.1. A Markov decision process is usually used
to model it, with a set of environment states and actions employed to train an artificial agent
to maximize its cumulative expected rewards. The algorithm selects an action at each point by
its policy and receives new information as well as immediate outcomes (reward). Formally, RL

models consist of:

e a discrete set of agent actions, a;

e a discrete set of environment states, S

e a set of scalar reinforcement /reward values, r.

The training process often involves an exploration-exploitation trade-off. Exploration refers
to exploring the whole space to learn additional information and potentially discover better
strategies. It is vital for long-term performance development since it allows the agent to gain
a better awareness of the environment and discover actions that might lead to higher rewards.
Exploitation refers to exploring the prospective areas based on current data. It means imple-
menting the learned policy to exploit previously known actions in order to maximize short-term
gains [4,48].

One of the most common RL algorithms, and the one explored in this work, is Q-learning.

Further information about Q-learning will be presented in Subsection 3.3.4.
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3.3 Machine learning methods

Numerous ML methods could be used in RT, including ensemble learning, cluster analy-
sis, K-means, linear feature extraction, deep learning (deep neural networks and convolutional
neural networks) and linear models for classification and regression, amongst others [15]. These
algorithms are very appealing for RT because they could significantly reduce time-consuming
operations in segmentation and planning, reduce deviations from expected dose distribution
caused by treatment delivery issues and improve the predictability of adverse effects of RT [49];
however, they still have a lot of drawbacks: they are very prone to make some mistakes that
a human would not make, they require large data sets and they always need to be extensively
trained and tested for accuracy before being implemented clinically [48].

Every model is adjusted during the training/validation process to meet clinical demand.
Availability of detailed information concerning the model intended use and limits, description
of training and validation set, used standards, metric and overall validation protocol is highly
recommended [55]. In the test phase, the model ultimate performance is evaluated indepen-
dently, its robustness is examined and the patient types to which the model can be applied to
are determined. This phase should be applied to all AI models used clinically. The model is
assessed both qualitatively and quantitatively, using an independent dataset that should accu-
rately reflect the data for which the model will be used clinically and exhibit similar variation
as in the training data.

An in-depth look at the multiple ML algorithms and their applications to RT and medical

imaging will now be provided, presenting some of the existing ML algorithms.

3.3.1 Markov random field (MRF)

MRF is a conditional probability model, where the probability of a pixel is affected by its
neighboring pixels. MRF is a stochastic process that uses the local features of the image. It is

a powerful method to connect spatial continuity due to prior contextual information [56].

3.3.2 Artificial Neural Networks (ANN)

The artificial neural networks (ANN) are a very streamlined representation of the human
brain. They are made up of nodes and interconnections, where nodes, despite having little
computational capability, act as a triggering mechanism that builds up to activate a neuron in a
mechanism comparable to how neurotransmitters work. The output of a node is determined by
the weighted sum of its inputs and the network is trained by incrementally altering the weights
in an effort to reduce an error function. The major advantage of ANN is their ability to tackle

a wide variety of problems, including those that are not linearly separable ( [48], [11]).

3.3.3 Deep learning

Multiple processing layers are used in the deep learning approach to find patterns in a
vast amount of data. Deep learning is a subfield of Al and a group of computational models

made up of several data-processing layers. The system calculates the error between the observed
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output and the desired output during the training phase and modifies its internal parameters,
known as weights, to minimize this error. Additionally, the system calculates a gradient vector
for every weight that shows the error deviation as a result of weight adjustment. The weight
vector is altered in the gradient vector’s opposite direction. Recently, a variety of deep learning-
based networks, including deep neural networks and convolutional neural networks, have been
developed and used in RT [48].

3.3.3.1 Deep Neural Networks (DNN)

There are supervised and unsupervised deep neural networks (DNN). DNN individually
learn the order representation of the input data, requiring a significant amount of data for
effective learning. Multiple neural networks or multilayered ANN are combined to form DNN.
The output from the first layer becomes the input of the next layer, and so on, with the final
layer’s output being the system’s derived output. DNN compute the data using nodes initially,
using the same ANN principles. Due to the requirement for less labeled data, unsupervised deep
learning techniques are chosen over supervised DNN. In unsupervised DNN, it is more difficult

to ensure that the learned representation will be meaningful, which comes as a disadvantage [48].

3.3.3.2 Convolutional Neural Networks (CNN)

The convolutional neural networks (CNN) are suitable for processing data that is presented
in arrays, such as medical images. The three main types of layers found in CNN are the convo-
lutional layer, the pooling layer, and the fully connected layer. The functions of convolutional
layers include learning feature representations of the input and spotting similarities between
features from prior layers. The quantity of convolution kernels utilized in the computation of
feature maps is represented by the number of convolution layers. The role of the pooling layer
is to achieve shift variance by lowering the resolution of the feature map. Each feature map of
the pooling layer is coupled to a corresponding feature map of the preceding convolutional layer,
which is often positioned between two convolutional layers. The purpose of the fully linked layer
is to do high-level reasoning by connecting each and every neuron in the current layer to every

single neuron in the preceding layer [48].

3.3.4 Q-learning

Q-learning is a value-based RL algorithm that aims to learn a Q-function that models the
action-reward relationship [4]. Q-learning consists of an agent learning an optimal policy in a
Markov decision process without having any prior knowledge of the environment. It is based on
the Bellman equation (3.1), which is defined below:

Q(S1, Ar) — Q(Sy, Ar) + | Rer + ymax Q(Sy41,a0) — Q(St, Ar) (3.1)

Q(St, A¢) represents the current action, « the learning rate, R,y the reward,  the discount
rate and max, Q(S¢+1,a) the maximum expected future reward given the new state and possible

actions at that new state.
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In Q-learning, a Q-table that helps determine the best action for each state is created,
which is initially empty. The agent first chooses its action at random and the corresponding
Q-value is calculated according to the equation, which iteratively updates the Q-table. The
expected reward is maximized by selecting the best of all possible actions.

In practice, the Q-learning method entails the agent exploring to make better future action
selections and exploiting what it already knows to obtain a reward. It begins by exploring the
environment and updating the Q-table. When the Q-table is complete, the agent will begin
to exploit the environment and take better actions, following the policy of selecting the action
corresponding to the highest value [53].

The Q-learning algorithm is shown in procedural form as follows:
1. Initialize Q(s,a), Vs € S,a € A(s), arbitrarily, and Q(terminal-state,.)= 0
2. Repeat (for each episode):

(a) Initialize S
(b) Repeat (for each step of the episode):

i. Choose an action for the current state using policy derived from @ (e.g., E-
greedy)

ii. Take action A, observe R, S’
iii. Q(S,A) + Q(S,A) + a|R + ymax, Q(S,a) — Q(S, A)
iv. S« ¢
(c¢) until S is terminal.
This means the algorithm operates as follows, in the exploitation phase:

1. Set the current state as the initial state.
2. From the current state, find the action that produces the maximum Q value.
3. Set the current state as the next state.

4. Go to step 2 until the current state is the goal state.

The best way to conceptualize Q-learning is as a stochastic approximation technique for
computing the Q-values. No explicit expected values are computed by the technique, even
though the definition of the optimal ) values for each state depends recursively on the expected
values of the @) values for the following states (and on the expected values of rewards). Instead,
utilizing the real stochastic mechanism that generates succeeding states, iterative sampling is

used to approximate these values [57].

3.4 Areas of implementation

This Section provides an overview of the opportunities for AI in each step of the RT
treatment workflow, as well as various studies that implemented the previously discussed ML

methods in each of those steps.
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3.4.1 Medical imaging

Modern medical imaging systems, such as computed tomography (CT) and magnetic resso-
nance imaging (MRI), use a variety of machine-learning techniques. CT is a type of radiological
imaging that uses a medical image to gather volumetric and morphological data about the
anatomy of the patient. MRI can differentiate soft tissue extremely well, making it ideal to
examine a joint or ligament; however, MRI may be used to obtain images practically anywhere
on the body, if it involves soft tissue density difference [48].

Each of these imaging technologies has drawbacks, such as radiation exposure, sensitivity
to its surroundings and expense. The two areas of medical imaging where Al-based algorithms

are most commonly used are illustrated below [48].

3.4.1.1 Medical image registration

In RT, images from several patients, times, or modalities usually need to be registered in
order to combine their relevant data in a common coordinate. It is frequently necessary to do
multimodal image registration to improve the visibility of organs or tissues compared with what
is obtained with a single image modality [58]. To aggregate the results and produce a more
precise diagnosis, ML algorithms are applied. This process is often referred to as image fusion,
matching, or wrapping. The objective of this procedure is to identify the optimal transformation
that best aligns the structures of interest in the input images [48]. Typically, to solve the image
registration issue, image-based and biomechanical methods are created. In the image-based
method, the original image is iteratively morphed to achieve a desirable match with the target
image using a deformation engine. The biomedical method involves first segmenting images into
organs and assigning known elasticity coefficients to each one [58].

Cao et al. [59] provided a non-rigid inter-modality registration framework based on deep
learning, in which the intra-modality image similarity metric is skillfully transferred to train
an inter-modality registration network. A flexible and practical alternative to conventional
optimization-based algorithms is offered for the difficult non-rigid inter-modality registration
problem, specifically without iterative optimization and parameter modification in the testing
phase. Additionally, the dissimilarity loss is calculated in a dual method on the MR modality
and the CT modality, respectively, to train the network more robustly and take advantage of
the complementary anatomies from both modalities. CT and MR registration is performed, and

the results showed promise in terms of accuracy and efficiency.

3.4.1.2 Image segmentation

In medical image analysis, image segmentation is crucial. Inverse optimization in Intensity-
Modulated Radiation Therapy (IMRT) requires the delineation of all the volumes of interest.
One of the most laborious tasks in RT is manual segmentation. In addition, manual segmen-
tation has been demonstrated to have significant intra- and inter-observer variability [60] due
to the non-uniform training and time constraints for planning. For example, with adaptive RT,

when a new IMRT plan must be quickly developed, the time-consuming segmentation process
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is incompatible with clinical practice [58].

The fundamental method for evaluating Al for segmentation is centered on training a ML
system, then comparing its performance to a gold standard using established criteria for over-
lapping comparison. According to numerous studies, auto segmentation considerably decreases
contouring time while maintaining accuracy to routine inter-observer variability.

Two popular techniques for segmenting images are the snake model and the level set method
(LMS). LMS can be further separated into two groups: edge-based models and region-based mod-
els. The region-based model controls the motion of the active contour using region information
as opposed to the edge-based model, which uses edge information [48].

Segmentation can be applied to many structures, such as bones, organs, muscles and frac-
tures. In recent research, the tree-based segmentation approach has been studied intensively for
brain imaging. There are multiple methods discussed in [56], involving supervised and unsu-
pervised segmentation. Compared to deep learning techniques, traditional ML algorithms like
Markov random fields, k-means clustering, random forests, etc., are frequently less accurate,
but they are frequently more sample efficient and have simpler structures. Several deep-learning
networks provide excellent results for the segmentation of medical images. Additionally, the
outcomes of deep learning are on par with those of expert manual segmentation. Deep learning
achieves 97.31% accuracy compared to 96.29% from active contouring, and 96.74% from the

graph cut.

3.4.2 Treatment planning

The ability to predict a priori acceptable dose distributions is one of the most addressed
problems in the literature regarding Al implementation in RT planning.

RT treatment planning is typically a time-consuming process. Despite the consistent plan-
ning objectives, the planning outcomes vary due to anatomical patient diversity. Early in the
planning phase, the outcomes cannot be predicted. The dosimetrist tunes a large number of
optimization parameters during the planning stage without knowing the endpoint. Different
institutions and individual planners frequently use inconsistent and suboptimal plan dosimetry.
To solve these issues, knowledge-based planning (KBP) and automated planning techniques have
been created [58].

KBP is motivated by the observation that the feasible patient dose is strongly correlated
with the anatomy. For instance, a critical organ receives a larger dose the closer it is to the tumor.
To learn the correlation between patient anatomies and planning dose, Wu et al. [61] presented
the concept of the overlap volume histogram and established its relationship with the dose-
volume histogram (DVH). The dose was predicted using a variety of ML techniques, including
support vector regression. Artificial neural networks, which mimic the information flow and
processing of biological systems, are employed in addition to direct regressional learning methods
to predict dose distributions, showing similar performance only for simple cases. However, the
prediction performance worsens for large regions of interest and complex cases [58].

These traditional methods frequently suffer from slow performance, sensitivity to parame-

ter adjustment, low accuracy in complex scenarios and increasing requirements on the training
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dataset with more features included. With very straightforward training procedures, deep learn-
ing can learn implicit anatomical, imaging and dosimetric features, making this particular RT
problem a perfect research opportunity [58].

The predicted dose can be used to partially or completely automatically guide treatment
planning. The predicted dose can be used to extract DVH constraint points for use in commercial
planning tools, or the optimization can be driven by 3D voxel doses [58].

DNNs can also be employed to automate planning. A DNN was developed in [62] without
inverse planning to produce beam fluence maps directly from organ contours and volumetric
dose distributions. Organ contours, including planning target volume (PTV) and organs at risk
(OAR), and dose distributions, as seen from a single beam’s-eye-view (BEV), were used as input
data for the DNN’s training phase, and the fluence map for each corresponding beam direction
was employed as the intended output data. The trained network provided fluence maps within a
second. Producing fluence maps directly from organ contours and dose distributions will improve
the efficiency of the treatment planning phase by reducing the time needed to obtain optimal
fluence maps and helping to preserve the quality of treatment plans.

Dias et al. [16] suggested an interesting method for optimizing beam angles. This work
considered the number of beams to be determined a priori. It is necessary to evaluate the quality
of each set of beams. Only once the Fluence Map Optimization (FMO) problem has been solved
can this assessment be made so as to take into account the optimized beamlet intensities for
each beam. In order to determine the optimal beamlet intensities, a voxel-based nonlinear model
was applied. The FMO problem is always computationally expensive to solve for each set of
beams, thus to get around this problem, the research suggests a surrogate model that will be
able to estimate the actual objective function value in a very small fraction of the time it takes
to calculate its true value. A patient-specific NN is developed, which will take sets of angles
as inputs and provide, for a single patient, the value of the FMO objective function as output.
The true value of the objective function, f, is determined for each set of £ randomly generated
angles by determining the optimal solution of the FMO problem. The neural network is then
trained using these samples. The trained neural network is then prepared to calculate a surrogate
function with the expectation that the result will be as near to the objective function as possible.
Instead of using a single NN, 20 different NNs are used, in order to decrease the error with the
increase in the number of available training samples. A genetic algorithm that views the Beam
Angle Optimization (BAO) problem as a combinatorial optimization problem is used, where the
interval of all possible angles is discretized into 360 possible degrees. After that, the algorithm
repeats a sequence of operations until m new samples have been produced. Genetic algorithms
are not well suited for clinical practice due to the computational time required to evaluate
each individual (solution), especially when there are few computational resources available.
Due to its goal of determining the fitness of most individuals in the population, the surrogate
model (a trained neural network) is utilized to get around this issue. The computational results
demonstrate that combining genetic algorithms with surrogate models can be a captivating path
to follow.

The success of algorithms such as CNN in image processing and the learning capability of

modern ML techniques enable treatment planners to provide patient-specific plans by leverag-
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ing the patient’s anatomical features and learning from the optimization methods or behaviors
of physicians. A fast and adaptable solution for the BAO problem was suggested in [15], em-
ploying DNN, which provides a solution in a matter of seconds, making it feasible to use it
in clinical settings for cancer patients to fasten the treatment planning process. The proposed
DNN approach recognizes the link between the patient’s anatomy and the optimal set of beam
orientations, based on anatomical features and an optimization algorithm, having the desirable
ability to anticipate a set of beam orientations without prior knowledge of dose influence matrix

values.

3.4.3 Radiotherapy delivery

High precision requirements are needed for modern RT and techniques that are able to
anticipate dose distribution variations that may occur during therapy may boost delivery assur-
ance and raise the overall quality of treatments administered. In simple terms, Al could be used
to create a prediction of the dose that is actually supplied to the patient. As an example, the
disparity between the planned and delivered movements of multileaf collimators is a significant
cause of deviation that, if predicted, can be taken into account during treatment planning. To
forecast these disparities from the plan data (such as leaf position and velocity, movement to-
wards or away from the isocenter of MLC, etc.), a machine-learning approach has been created.
Results revealed that a more accurate depiction of plan delivery would lead to a closer agreement
in terms of dose volumetric parameters between the planned and the delivered treatments [49].

Another recent study examined log file data of 10 patients who had dynamic intensity-
modulated RT [63], examining variables including leaf planned position, dose fraction, leaf
velocity, leaf moving status, and leaf gap. To forecast a priori leaf positional deviations, a
ML methodology was developed. With a perfect correlation coefficient (R = 0.999), the results
showed that predicted leaf positions at control points closely matched delivered positions [49].

Discrepancies in the movements of multileaf collimators (MLCs) during RT can introduce
errors in the distribution of radiation dose. To provide a more accurate representation of the
actual dose delivered to the patient, a method was proposed in [64]. This method incorpo-
rates predicted MLC positional errors into the treatment planning system, giving the treatment
planner a realistic view of the dose distribution. To predict these errors, planned and delivered
MLC positions from a series of volumetric modulated arc therapy (VMAT) plans were collected.
The differences between the planned and delivered positions were calculated. Additionally, leaf
motion parameters, which were hypothesized to contribute to MLC errors, were computed for
the plans. A ML model was developed using these parameters as inputs to predict the errors be-
tween the planned and delivered MLC positions. Improving optimization routines for encoding
MLC leaf positions can enhance the calculation of dose distributions, providing a more realistic

representation of the actual dose delivered to the patient.

3.4.4 Radiotherapy verification and patient monitoring

The precision and placement of each radiation beam are crucial to IMRT. The most common

technique for evaluating the fidelity of IMRT is gamma analysis. The measured dose distribution
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and the planned dosage distribution are compared using the gamma statistic. Gamma analysis
is insensitive to minor inaccuracies in multileaf collimator positioning and does not correspond
to many clinically significant variations in delivered dosage.

A technique was created to identify particular errors using image features in gamma image.
The gamma distributions are treated as images and use feature evaluation on the patient image
to predict prognoses, therapeutic response and other outcomes [48].

Two popular graph models are the Markov random field and the Bayesian network. The
Bayesian network model was employed by Smith et al. [65] to find faults in RT treatment plan-
ning. The network, a set of initial clinical data and a radiation oncology-based clinical database
system were used to calculate the likelihood of getting specific RT parameters. When the net-
work’s performance was compared with the work of human specialists, the network outperformed
them in the case of brain cancer. Physician order errors in external beam radiation can be found

by the Bayesian network method [48].

3.4.5 Quality Assurance (QA)

Artificial intelligence can also play a vital role in quality assurance (QA). One way of
looking at the relationships between QA and Al is to distinguish between the function of Al in
enhancing QA practices and the requirement to utilize QA practices to ensure the security of
machine-learned processes.

According to medical physicists, “quality assurance” refers to more than just lowering the
incidence of obvious errors in radiation planning or delivery. QA is a holistic process that
must include components of a patient’s treatment requiring expertise regarding the patient and
her/his condition as well as the best way to administer therapeutic radiation [18].

The most frequent QA tasks entail checking the results of a creative process and fit into the
workflow of “human creates — human verifies”. When ML algorithms are incorporated into
the process, computational machines can be used to construct a “human creates — machine
verifies” workflow, for example at the conclusion of a planning process, linac operation or dose
computation. A point has been reached where software systems are capable of performing the
creative task on their own, for instance, “machine creates — human verifies”, acting under
human supervision [18].

Largely, the goal of assessing a variety of treatment plan components prior to radiation de-
livery is to seek obvious errors and the appropriateness of the plan. While rule-based techniques
are effective in finding errors, they have drawbacks in terms of adaptability, efficiency and the
capacity to reason in grey areas. Thus, although rule-based systems are efficient at detecting
some faults, the difficulty of coding the rules for these exceptions quickly limits their capacity
to manage anomalies.

Several ML-based approaches have been explored to catch some of the outliers that cause
errors in the appropriateness of the plan. A K-means clustering algorithm was used in one
application to achieve potential error identification by learning from historical prostate patient
plans [18].

KBP can be used to lessen the burden of planning by offering a preliminary knowledge
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base of clinically treated and/or approved prior plans as a basis for comparison to a current
patient of interest. The aim to enhance planning frequency in order to adapt to daily changes in
physiological features as they happen throughout a treatment course is an important factor for
automated KBP. Convolutional neural networks, principle component analysis and other ML
techniques have recently been developed to investigate how to achieve this more individualized
approach. The need for more frequent QA checks leads to a third paradigm where one machine
creates and another performs validation, as in “machine creates — machine verifies” [18].

The algorithmic approach to QA evaluation and error detection can be used to assess
machine performance to identify linac failure modes or identify random or systematic errors in
delivery. Al-based QA techniques can estimate or classify ambiguous or potentially inaccurate
segmentations and then provide them to experts for revision [55].

The assessment of ML product quality is a captivating and continuously evolving matter.
Certain fundamental principles have emerged when evaluating models, regardless of whether they
were created using ML techniques or not. Various modeling approaches have been developed,
typically involving the division of data into separate modeling and testing datasets. Furthermore,
addressing incomplete data, as mentioned earlier, is crucial as it signifies a fundamental gap in
understanding the domain or the problem at hand.

ML models have shown significant potential in various aspects of radiation oncology, offering
opportunities for substantial improvements. These ML applications are anticipated to lead to

several advancements in the near future:

1. Development of Third-Party and Integrated QA Tools: The success of ML applications
will likely drive the creation of third-party QA tools as well as integrated QA tools. These
tools will enhance the utilization of resources and improve the quality of existing QA tasks,

such as automated plan creation, plan checking, and plan measurement evaluations.

2. Integration of ML QA into Machine-Integrated Applications: ML QA techniques will
be incorporated into machine-integrated applications, enabling the transition to new QA

paradigms required for adaptive planning.

In the long run, it is expected that ML researchers will contribute to the realization of
goals aligned with the principles of precision medicine in medical treatment.

One of the challenges of the use of Al is when Al is interpreted as a “black box” in which
operators may only comprehend input and output predictions [49]. This drawback can be even

more important for QA.
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Materials and methods

4.1 Materials

This work is focused on the treatment of prostate cancer patients with Intensity-Modulated
Radiation Therapy (IMRT). In the computational tests, the focus was on cases involving patients
with the tumor localized within the prostate gland, post-surgery. CT images of five patients
were used, including the structures of interest, that were previously delineated. The delineated
structures include the rectum, bladder, left and right femoral head, planning target volume
(PTV) and body. The resolution of the computed tomography (CT) images for each patient is
presented in Table 4.1.

Patient 0 | Patient 1 | Patient 2 | Patient 3 | Patient 4
X (mm) 3 0.98 0.98 0.97 1.27
Y (mm) 3 0.98 0.98 0.97 1.27
Z(mm) 3 3 3 3 3

Table 4.1: CT resolution for each five patients

This work was developed using matRad, an open-source cross-platform toolkit developed
entirely in Matlab, that provides most of the existing functionalities present in treatment plan-
ning systems for academic research, exhibited in Figure 4.1. It allows 3D IMRT treatment plan-
ning for photons, scanned protons, and scanned carbon ions [66]. All work developed, namely
the new models and algorithms considered, were programmed in Matlab, version R2022b, and
incorporated in matRad.

With the implementation of IMRT, a variety of dose metrics were considered. Dgs, used
for the PTV, represents the volume of structure that receives 95% of the prescribed dose [15].
As discussed in chapter 2, for the organs at risk (OAR) a maximum or mean dose can be used

as metric, regarding the type of OAR that is being considered. For example:

e Dgs > 66,64 Gray (Gy) means the minimum dose should be greater than 66,64 Gy, in at

least 95% of the structure’s volume.

® Dpean < 50 Gy means the medium dose should be lower than 50 Gy in all the structure’s

volume.
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Figure 4.1: matRad interface

® Diar < 70 Gy means no voxel should receive more than 70 Gy in all the structure’s

volume.

Table 4.2 lists the plan restrictions for each structure that must be met in accordance with

earlier studies for a plan to be considered admissible.

Bladder Rectum PTV Rt femoral | Lt femoral BODY
Dgs > 66,64
Dmean S 50 Dmean S 45 Dmean S 45
Dinaz < 70 Doz < 82

Table 4.2: Medical prescriptions for each structure

The treatment plans were obtained for patients with prostate cancer considering a dose
prescription of 68 Gy. To that end, five coplanar equidistant beam directions were used (0°, 72°,
144°, 216°, 288°).

4.2 Methods

In the current Radiotherapy (RT) workflow, the planning is done manually by the planner,
which can be a lengthy and inaccurate process, as mentioned in Chapter 2. One of the main
focuses of this work is to find an automated solution that facilitates this process and represents
accurate and clinically applicable solutions, which means complying with the prescribed dose
for the PTV and OAR, without a manual adjustment being necessary.

The iterative algorithm developed in [28] is used for this work. This algorithm solves the
Fluence Map Optimization (FMO) problem in an iterative way using fuzzy logic, automatically
setting the optimization model parameters to achieve the desired doses for each of the volumes

of interest. The objective function that guides the optimization process aims to find the best
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treatment plan but its value does not have any clinical meaning. In this work, the quadratic
penalty is considered for each voxel that receives a dose greater/lower than the dose limits
defined by the medical prescription. The objective function used in this work is described in
2.3.2, as well as its full equation 2.1.

For each OAR, upper dose deviation is considered, meaning that only upper limits that
should not be surpassed were taken into account and, for the PTV, under and upper deviations
were considered. The goal is to find, in a totally automated way, weights and upper and lower
bounds that lead to a solution that complies with the medical prescription. Let us consider, for
example, the rectum. In FMO it can make sense to consider an upper limit in the objective
function that is different from the upper limit defined by the medical prescription: the lower
this upper limit is the higher the importance this structure has during FMO. If, in any iteration,
the delivered dose in any of the voxels of the rectum is superior to the upper bound considered,
the objective function will be penalized, indicating the algorithm to search for a solution that
lowers the dose of all voxels regarding that structure’s volume. Equally, if an inferior limit for
the PTV is being considered, the objective function will be penalized if that minimum value is
not being respected for every voxel, indicating the algorithm to search for a solution that rises
the dose for every voxel of the structure’s volume.

As previously discussed in 2.4.1, FIS is divided into two phases. However, in this work,
only the first phase will be considered, meaning that we are only considering the goal of trying to
achieve the desired PTV coverage, guaranteeing at the same time proper OAR sparing according
to the medical prescription. This is firstly done by changing the upper and lower bounds only,
and afterwards changing the structures’ weights if the bounds are insufficient. Although the
existing FIS approach is already capable of reaching an admissible treatment plan without any
human intervention, it starts from scratch for every new patient, meaning that no learning is
taking place, and the way in which the FMO model parameters are updated in each iteration
is always the same. With the approach developed in this work, the aim is to integrate the use
of the FIS approach with a learning capability so that the calculation of admissible treatment

plans is done in an automatic and fast way (faster than the original FIS approach).

4.2.1 Reinforcement Learning: Q-learning

In this work, a new approach was developed based on the idea of having Q-learning define
the fuzzy rules that are using during the running of the iterative FIS approach.

As far as the authors know, the approach presented in this work is novel and has not been
addressed before. There is already some research regarding Q-learning applications in RT, but
none of them involve the integration of optimization models and Artificial Intelligence (Al) as it
is being proposed here. Research presented in [67] tried to combine the power of an agent-based
approach with reinforcement learning for simulating and optimizing complex biological problems
such as RT. In agent-based modeling, the interactions between agents and their environment are
considered, providing a more detailed representation of the system under study. This approach
offers a natural way to describe the dynamics of the system. The Q-learning algorithm was used

as a model-free technique to optimize the RT treatment plan based on agent-based simulation.
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In this context, the intensity of radiation was treated as an action variable, while the tumor
size served as the state Q-table. Consequently, each element in the Q(s, a) table represented
a combination of radiation intensity for a specific tumor size. Initially, the algorithm identified
the current state of the tumor. During the early stages of the algorithm, actions were selected
randomly to encourage exploration rather than focusing on maximizing rewards. As the Q-
table accumulated rewards and converged, the exploitation part of the algorithm became more
prominent, resulting in the selection of actions based on the maximum expected rewards.

In this work, optimization models and algorithms, fuzzy inference systems and Q-learning
are used in a complementary way to develop an automated tool for RT treatment planning.

The FMO problem was solved using a quadratic optimization model and fuzzy rules, within
a FIS, to tune the FMO model parameters. As the fuzzy rules themselves have parameters that
can be tuned, and that define the mathematical representation of concepts, in this work we want
to see if it is possible to learn what are the best rules within FIS that should be used in every
step of the RT treatment optimization process. So, we have defined two different sets of rules:
one set of rules considers the concepts of small, medium and large as being smaller than the
other set of rules. One set of rules will lead to smaller changes in the FMO model parameters in
each iteration, so convergence will be probably slower but more certain. The other set of rules
will consider larger steps in each iteration, taking the risk of not converging because of these
larger steps, but fastening the process if convergence is achieved. The optimal situation would
be to take the most out of these rules in different steps of the FIS FMO process, and this is
what we expect Q-learning to learn.

The idea is to use Q-learning so that it can choose the best action, in this case, the best set
of fuzzy rules to use at each iteration of the FIS FMO algorithm so that the maximum reward
possible is achieved, which translates into having the FIS FMO approach reaching an optimal
solution in the least amount of time (minimizing the total number of iterations).

As previously mentioned, Q-learning begins to explore the environment, which means ran-
domly choosing the actions and testing all possibilities, and then exploiting what it already
knows, meaning choosing the course that obtains the best reward possible [53].

Following that reasoning, this study was developed using two sets: first, a training set is
created to build a Q-table with each state best possible course of action. In this set, the actions
are randomly chosen when training the algorithm. Then, according to the next state achieved by
choosing a given action, a reward is given. The Q-learning algorithm is supposed to encounter
as many different states as possible to get a complete and deep knowledge of the environment.

After training is complete, a final Q-table is obtained, ready to be used in the test set. In
this set, the algorithm is supposed to choose the best action given the current state, according
to the Q-table. This means choosing the action that represents the best Q-value for that current
state. The objective is to have the FIS FMO approach using this Q-table to minimize the
number of iterations until the treatment plan is calculated.

For illustration purposes, let us consider a Q-table with 3 states, such that each state is

defined by what is happening in the current solution to a given structure:
1. The structure is complying with the medical prescription.
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2. The structure is not respecting dose constraints by less than 10%.

3. The structure is not respecting dose constraints by more than 10%.
Considering, also, two actions, corresponding to:

1. Use fuzzy rules defined by set 1 to change the parameters of the FMO model.

2. Use fuzzy rules defined by set 2 to change the parameters of the FMO model.

Let us consider that the Q-table, after training, will look like this:

Action 1 | Action 2
State 1 4 3
State 2 2 1
State 3 1 3

Table 4.3: Example of a Q-table

This information can be interpreted as follows: whenever the fuzzy inference system (FIS)
ends an iteration, a correspondent state is achieved that is defined by what is happening with
the structure of interest. Based on this current state, the algorithm then chooses which action to
take based on the information already gathered in the matrix. For example, if the correspondent
state is state 2, the algorithm will choose action 1, given that it displays the biggest Q-value for
that state. It will decide what is the set of fuzzy rules that it should use to change the parameters
of the FMO model so that the treatment plan can be improved in the next iteration. The main
purpose is to use this reasoning for IMRT treatment planning, considering time reduction as a

main goal. To that end, two different strategies were tested.

4.2.1.1 First strategy - single Q-table

The Q-learning algorithm is incorporated into the fuzzy inference system (FIS). FIS, given
the chosen action at each iteration, will run the algorithm until an admissible solution is found
taking into account the prescribed doses for each structure.

The first strategy involves considering a Q-table composed of 27 lines (corresponding to
27 different states) and 2 columns (corresponding to the 2 courses of action). The 27 states
correspond to the 3 possible states for each structure, which gives us a total of 3% = 27 states.

The 3 possible states for each structure and their corresponding rewards are defined as follows:

e the structure complies with the prescribed dose (S3- reward +2)
e the structure does not comply with the prescribed dose by 1 Gy (S1- reward +1)

e the structure does not comply with the prescribed dose for more than 1 Gy (Sp- reward
+0)
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As for the actions, two are being considered: one with smaller and the other with larger
deviations associated with the concepts considered, as described before.
At each iteration, a state is activated in the Q-table depending on each structure’s current

state, according to the following expression:
state(IT) = admin(1,IT) * (3%) + admin(2, IT) % (31) 4+ admin(3, IT) * (3°) + 1;

For example, let us consider that the current action (choosing one out of the two possible
fuzzy rules) leads to a state where the bladder and the PTV satisfy the prescribed dose, but
the rectum does not (considering, for example, that the dose is not being delivered for less
than 1 Gy). In this expression, IT corresponds to the current iteration, and admin(z,IT)
refers to the reward corresponding to the state of a specific structure in that iteration. In this
code, admin(1,IT) corresponds to the bladder, admin(2,IT) corresponds to the rectum, and
admin(3, IT) corresponds to the PTV. So, in this case, the bladder and PTV will activate state
2 and the rectum will activate state 1, and their value in admin(x, IT) will be the corresponding
rewards.

The training set is used to fill the matrix according to the reward, which will be a direct
sum of each structure’s reward at the current iteration. This table is supposed to guide the
optimization process in the test set, in such a way that the algorithm converges quickly and
creates an admissible treatment plan. The goal is to develop a single Q-table that can be

applied to any patient that presents similar conditions to the ones used for this study.

4.2.1.2 Second strategy - a Q-table for each structure

In the second part of the work, three tables were considered, one for each structure of
interest. So, instead of considering the overall state of the system including all the structures in
the definition of this global state, each structure is considered independently from one another
regarding the state that it is in, although the calculation of the rewards considers the interaction
that can exist between the different strategies. Each volume of interest can be in one of the

following states:
e The delivered dose complies with the prescribed dose (state 0- Sp)
e The delivered dose does not comply with the prescribed dose by 1 Gy or less (state 1- S7).

e The delivered dose does not comply with the prescribed dose by more than 1 Gy but less
than 5 Gy (state 2- Sa).

e The delivered dose does not comply with the prescribed dose by more than 5 Gy (state 3-
S3).

In this second approach, each structure can be in a different state, and different fuzzy rules
can be learned for each structure. This means that three Q-Tables will exist, and three learning
processes will be simultaneously in place. This will allow different fuzzy rules to be applied to

different structures.
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So | S1| S2| S3
So| 10|00
S| 21 1]01]0
So| 3 12| 11]0
Ss| 4321

Table 4.4: Matrix regarding the current and previous state

As for rewards, they are calculated considering a table that relates the previous state with
the current one, considering the chosen action. This means that, differently to what occurs in
the first strategy, where the reward was automatically established given the current state, the
reward takes into account the immediately preceding state. The matrix that guides the reward
calculation is described in Table 4.4. This matrix will be used to calculate the rewards for each
structure. As each structure will be in its own state but, in reality, they are all interconnected,
the calculation of the reward for each structure will take into account all structures, regarding
their values on Table 4.4. An action chosen for one structure will also influence what happens
in the other structures. This is what motivates this choice of reward calculation. The reward is

calculated as follows:

reward; (IT) = matrix(state; (IT — 1), state; (IT)) + matrix(states(IT — 1), stateo(IT))

(4.1)

+ matrix(states(IT — 1), states(IT))

There were two types of tests made regarding this strategy, both using all five patients.

Firstly, we tested all five patients with five different sets of Q-tables, obtained from each
patient training set. Therefore we obtained 5 trained Q-tables, which were then tested in all
5 patients, giving us a total of 25 tests. This means that each case was tested considering
its “optimal” Q-table (the one built by learning with that same case), and also the other Q-
tables created by learning with the other available cases. The objective of these tests was
to assess whether there were differences in the Q-tables created by using different learning
contexts and whether it would be possible to find a pattern for why a specific Q-table resulted
in better outcomes, no matter what patient was tested on. Furthermore, it is also important to
understand if the reduction achieved in the number of iterations was only observed when testing
a patient with his own trained Q-table or if the reduction was always observed, regarding other
Q-tables created with other cases. Depending on the results, it is possible to conclude whether
this strategy is too patient-specific, or if it really is a viable and generalizable approach, with
promising results.

After this strategy was tested, and considering the results obtained, a second approach was
created with the use of cross-validation within this second strategy. The tests were performed
under a leave-one-out cross-validation method to create Q-tables by excluding one patient at a
time from the group, only to be later employed for evaluation on the very same patient. Four
patients were used to create the Q-tables, using their individually trained ones. The average,

maximum and minimum values were calculated, resulting in three groups of Q-tables, each
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group containing a Q-table for the rectum, bladder and PTV . Subsequently, they were tested
on the patient who was left out of the initial group of patients. This method was applied to
all patients, meaning that the tables were calculated five times, every time excluding a different
patient that was then used for the testing set. These tests were carried out with the goal of
achieving consistent results that revealed improvement in all five patients.

Another important difference between strategies 1 and 2 is the way in which FIS FMO
is used for learning: whilst in the first strategy FIS FMO considers the simultaneous change
of the parameters of all the structures that are not complying with the medical prescription,
in this case, it was chosen to change the parameters of one single structure at a time. This
structure is randomly chosen. Furthermore, learning capability is also leveraged by randomly
initializing the optimization model’s parameters whenever the algorithm converges: when a
treatment plan complying with the medical prescription is achieved, the process is restarted
considering a different set of initial parameters, until a given maximum number of iterations is
reached.

All the results obtained regarding both strategies are presented next in Chapter 5.
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5
Results

The main goal of this study is to use the Q-learning algorithm, along with an optimization

model, as a new tool for Radiotherapy (RT) treatment planning.

5.1 Q-learning table with all three structures

In the first part of this work, a Q-learning matrix involving all three structures (bladder,
rectum and planning target volume (PTV)) was created, trained and tested.

Prior to conducting this study, it was crucial to ensure that there was no single action
consistently deemed the preferable choice, as such a scenario would undercut the core purpose
of employing Q-learning. To that end, we verified the actions chosen by Q-learning in two test
sets, to further understand if one action was always better regarding the state, which would
withdraw Q-learning of its purpose. The graphics 5.1a and 5.1b below correspond to two test
sets used, where the Q-learning algorithm chooses the best action for the current state.

To further validate this, three different scenarios were considered using this first strategy.
One scenario consistently employs action 1, another scenario employs action 2, while the re-
maining scenario randomly selects between the two actions. This last arrangement effectively
fulfills the exploration phase of Q-learning. It is crucial to describe the differences between the
two actions. First, the actions vary concerning the outputs. On one hand, action 1 is more de-
manding regarding the outputs, meaning the algorithm will give smaller steps until converging.
Action 2, on the other hand, will have more loose bounds for the outputs, meaning the algorithm

can give bigger steps in each iteration. Either way, in all three tests the algorithm always con-
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Figure 5.1: Two different cases, (a) and (b), with respective action choices
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verged, no matter how loose or demanding the bounds were, which reflects the robustness of the
fuzzy inference system used. The purpose of conducting three distinct tests was to understand
whether or not randomly choosing between actions helped the algorithm converge faster, which
was verified, as it can be observed in Tables 5.1 and 5.2. Thus, we concluded that Q-learning

qualified as a relevant tool for optimization.

Training Iterations with action 1 | Training Iterations with action 2
92 131
135 152
131 131
201 201
131 141

Table 5.1: Training sets for each action with various patients

Training Iterations with both actions | Testing Iterations
88 92
135 125
116 131
201 201
129 66

Table 5.2: Comparison between training and testing sets with various patients

In the training set, a Q-table with a random choice of actions is filled. Table 5.3 represents
one final Q-learning matrix after being trained, in this case for patient 0. One can notice that
there are two states that are more activated than the rest. These correspond to the state where
both the bladder and PTV are complying with the prescribed dose but the rectum is not (state
21), and to the state where both the bladder and PTV are complying with the prescribed dose
but the rectum is not by the difference of 1 Gray (Gy) (state 24). This tendency was observed
in every trained matrix, again regardless of the scenario considered.

In the testing set, the trained Q-table is used, which means that there is no random choice
of actions and no updates to the matrix. For the test set, at each iteration, the algorithm
will choose the action that has the bigger Q-value, calculated using the training set. A bigger
Q-value means a bigger reward and ultimately, a better result. Theoretically, Q-values were
calculated having the best possible outcome in mind, so choosing the actions according to the
matrix would mean a faster convergence, with the best possible dose for each structure.

It is worth noting that the use of the Q-table never led to worse outcomes than using only
one of the defined fuzzy rules set. However, looking at the number of iterations, it is observed
that the testing results are worse than the training results in 3 out of the 5 cases, as can be
observed in Table 5.2. Despite some cases presenting fewer iterations in the test set, those are

not sufficient to be considered relevant or consistent. So, by observing these results, we can
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Action 1 Action 2

State 1
State 2
State 3
State 4
State 5
State 6
State 7
State 8
State 9

State
State
State
State
State
State
State
State
State
State
State
State
State
State
State
State
State
State

Table 5.3: Q-learning matrix with two actions used for patient 0
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conclude that it can be advatageous to use more than one set of fuzzy rules to update the FMO
model parameters, but using the trained Q-table to do this does not present a clear advantage.

The dose-volume histogram (DVH) represents the percentage of volume that is being ir-
radiated and the corresponding dose, for each structure. Although our Q-table only concerns
three structures, the left and right femoral head and the overall body are also considered for
dose calculations. For illustration purposes, the DVH with all structures regarding patient 0 is
displayed in Figure 5.2. In the ideal scenario, PTV would be 100% irradiated with the prescribed

dose and the other structures would have volume doses percentages close to 0%.

100
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Figure 5.2: DVH for patient 0 regarding the first strategy

5.2 Q-learning table for each structure

In the second part of the work, three matrices were considered, one for each structure
of interest. This approach intends to find better and more specific optimal solutions for each
structure. However, it is important to point out that no action is chosen without taking into
account the other structures. As each structure is being evaluated individually, it is possible to
create more specific and varied conditions, hence the four new conditions created and displayed
in Chapter 4.

Again, it was crucial to ensure that there was no single action consistently deemed the
preferable choice. The results observed are presented in figures 5.3a and 5.3b, corresponding to
two test sets used, where the Q-learning algorithm chooses the best action for the current state.

As already discussed, this strategy looks at each structure through an individual matrix,

2 @5 36t 300691888 1 8¢ B0 068 @€ 208N OC I 2 ° e ° ° * .

15 15

Bladder Bladder

Actions
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1 u de 3 . . erTV 1 . o o o PTV
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05 05
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Iterations Iterations

(a) (b)

Figure 5.3: Two different cases, (a) and (b), with respective action choices
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meaning that it is structure-specific. By creating individual Q-tables for each structure and
incorporating rewards that take into account the previous step, the strategy exhibits promising
improvements aimed at making the algorithm more robust, boosting the overall performance.
Observing the Q-tables for each structure (an example is presented in Figure 5.4), one
can observe multiple important results. Firstly, the Q-table for the bladder only has one state
activated (one line), which is the one where the structure is complying with the prescribed dose.
This was verified in 3 out of the 5 patients tested, which means that the bladder, most of the
time, does not represent a concerning structure in terms of planning, since it is possible to
comply with its dose limits, minimizing its risk of being compromised. Regarding the PTV and
the rectum, the results are very different. Both cases present values for every state meaning
that during training the doses acquired were sometimes compromising other organs or were
simply not complying with the prescribed ones, and therefore needed adjustment. Nonetheless,
a feasible solution was always found, due to the robustness involving fuzzy logic. The two most
common states, for both structures, were the third and fourth state (line), which corresponds to
the structures not complying with the prescribed doses for more than 1 Gy but less than 5 Gy
and for more than 5 Gy, respectively. This possibly means that reaching the prescribed doses
was not an easy task to perform while finding a compromise between the two structures (again,

taking into consideration that the bladder is not much cause for concern).

1.4413 2.8110 0.3504 1.7617 2.2747 1.4574
0 0 1.8658 1.8126 0.8137 1.9794
0 0 2.1774  5.3633 4.7943 2.2328
0 0 4.5797 2.0300 2.8691 4.88l6
(a) Q-table: bladder (b) Q-table: PTV (c) Q-table: rectum

Figure 5.4: Example of Q-tables for the second strategy

The iterations concerning each patient’s training set are presented in Table 5.4.

Patient | Iterations
Patient 0 425
Patient 1 125
Patient 2 501
Patient 3 501
Patient 4 501

Table 5.4: Iterations of each training set

After training each patient, the correspondent Q-table was tested. After this first test, the
trained Q-table of one patient was used on other patients, as mentioned before. This second
strategy revealed itself with more diverse results, but very relevant nonetheless. These results,
regarding the Q-table obtained for each patient, applied to the same and other patients, as well

as the corresponding iterations in the test set, are presented in Table 5.5.
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Patient tested
Patient 0 | Patient 1 | Patient 2 | Patient 3 | Patient 4
Trained Q-table

Patient 0 72 42 114 200 200
Patient 1 54 54 200 200 200
Patient 2 63 78 200 200 200
Patient 3 45 38 72 200 200
Patient 4 63 78 133 200 149

Table 5.5: Iterations of each test set regarding each trained Q-table

The DVH presented in Figure 5.5 represents, once again, the delivered doses for each struc-
ture regarding patient 0, regarding the percentage of volume irradiated and the corresponding
dose.

When comparing the DVHs of both strategies, the disparities are most evident in the blad-
der and rectum structures. The second strategy is undoubtedly better for both structures since
they have a lower percentage of volume being irradiated. Regarding the remaining structures,
the outcomes are similar, indicating that, overall, the second strategy outperforms the first when

comparing the percentages of volume being irradiated.
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Figure 5.5: DVH for patient 0 regarding the second strategy

Some Q-tables definitely reduce computational time for all patients and converge to a
feasible solution. This means that, ultimately, it is possible to achieve a global Q-table that can
be used in all patients in the same conditions, and that can be applied for all types of conditions,
taking into account the structures that are relevant for each case. For example, when training
with patient 3, the Q-table presented a huge decrease in computational time when applied to
all other patients.

However, the reduction expected from the training to the test set was inconsistent and not
always verified, leading to the last test, described in Chapter 4, using a leave-one-out cross-
validation technique. As a result, five sets of three QQ-tables are generated, each set omitting
one patient from consideration. Three sets of Q-tables are presented in Figures 5.6, 5.7 and 5.8,
in this case excluding patient 0.

As we can observe, the minimum values’ Q-table stands out due to its large number of empty
entries. This is particularly noticeable in the bladder’s matrix, where a significant portion of
the matrix is zeros. This absence means that these particular states were inactive throughout

the original Q-tables. This outcome aligns with our earlier observations, given that the bladder
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2.1649 3.5932 0.3311 0.7486 0.8342 1.5491
1.5489 0.5632 2.0800 1.2749 1.3133 1.0452
0.8345 0.8500 2.3634 1.6303 3.0183 2.4250
1.4072  2.4045 24716 3.2592 23356 27178
(a) Q-table: bladder (b) Q-table: PTV (c) Q-table: rectum

Figure 5.6: Q-tables with average values

3.2440 4.8414 1.3243 1.5408 1.7122 2.0114
4.0805 2.2528 2.5284 2.0447 2.3390 2.0881
3.3379 3.4000 3.6253 2.4866 3.6990 3.2423
5.6288 5.0428 3.8156 5.0557 4.1368 4.1255
(a) Q-table: bladder (b) Q-table: PTV (c) Q-table: rectum

Figure 5.7: Q-tables with maximum values

1.2401 2.2692 0 0 0 0.6186
0 0 1.6066 0.8462 0 0
0 0 1.7874 0.8041 1.4493 1.2770
0 0 1.4766 1.5280 1.4435 1.3324
(a) Q-table: bladder (b) Q-table: PTV (c) Q-table: rectum

Figure 5.8: Q-tables with minimum values
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predominantly complies with the recommended doses. As a result, values relating to this specific
state are largely present in the first line.

When we look at the average and maximum value matrices, we see that all states are
filled with their corresponding values. Notably, distinct states take prominence within each
configuration. In the PTV, the state associated with being the farthest distant from a feasible
prescription has the highest level of activation. The rectum shows a well-balanced distribution
of values across many states. Nonetheless, the state furthest from a solution has the largest level
of activation, as seen in the PTV. In the bladder, once again, the state associated with dose
compliance takes precedence.

These Q-tables are referent to one patient (patient 0), meaning that they were created
excluding that patient’s Q-table from the equations. They were then applied to that same
patient, in the test set. This leave-one-out method was applied to all patients and the results

obtained regarding the test sets are presented in Table 5.6.

Average | Maximum | Minimum
Patient 0 56 56 60
Patient 1 74 51 61
Patient 2 53 52 61
Patient 3 500 500 500
Patient 4 52 52 62

Table 5.6: Iterations of each test set

These tests aimed to find consistent results, that showed improvement in all five patients.
As we can observe, the results are consistent throughout the three test sets (regarding maximum,
minimum and average values) when compared to the training sets presented in table 5.4. Still,
the Q-tables that concern maximum values consistently presented the best results. Regarding
the DVHs, one can easily observe that there is no evident difference comparing this approach
to the first one used in this second strategy, leading us to the conclusion that although this
approach presents evident time reduction, its feasibility and effectiveness do not present relevant

differences.
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Figure 5.9: DVH from maximum Q-table values
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Discussion

Q-learning emerged as an attractive tool for Radiotherapy (RT) treatment planning, work-
ing as a supplement to the optimization process, especially in fuzzy logic employed in previous
works. This study conducted multiple tests in order to discuss its importance in the optimization
process, with a primary focus on reducing computational time. This chapter will now discuss

the results obtained and presented in Chapter 5.

6.1 First strategy

This first strategy was created keeping in mind that only three structures were being
considered, therefore it would theoretically be possible to gather all information regarding the
three in one Q-table. The rewards were always calculated considering the current state of each
and every structure (if they were complying with the doses or not, and if they were far from
their dose objectives).

Q-values were calculated having the best possible outcome in mind, so that choosing the
actions according to the Q-table in the test set would mean a faster convergence. However,
that was not observed. When looking at Table 5.2, it is easily noticed that there was no time
reduction, which in this case is translated into the number of iterations, from the training set
to the test set. Since the main goal is to achieve a Q-table capable of being applied in multiple
cases that present the similar conditions, one can quickly conclude that this cannot be done
given these results.

This led to the inevitable conclusion that Q-learning was not improving the algorithm on
its main goal: finding the best possible actions to converge faster and reduce computational
time. In this context, it could even be argued that FIS reliance on the chosen action is minimal,
eliminating the necessity for multiple action options and consequently eliminating the need for
Q-learning in the optimization process since in most cases FIS converges regardless of the action
or actions that are being considered. For instance, when looking at graphics 5.1a and 5.1b, that
derive from distinct patients, we can easily observe that one action dominates over the other in
both scenarios.

Nevertheless, neither action 1 nor 2 is equally chosen in all patients, meaning that there
is no single action that proves to be globally preferable in all cases when comparing the same
structures. Depending on the patient being examined, looser or more demanding bounds can
be favored. This means that despite FIS being very flexible regarding the action chosen and

normally being able to converge, having different actions being chosen in different iterations of
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the FIS FMO algorithm is reasonable and can be advantageous.

There are, however, some cases that do not find convergence even with FIS. When training
the algorithm with patient 3, convergence was not achieved and the treatment plan was obtained
by reaching the maximum number of iterations (which was 200 in this case), which did not always
allow for a feasible solution. This could be due to computational capacity, the complexity of the

case or the algorithm needing more time to achieve a feasible plan.

In light of these results, there is still a significant data point worth mentioning. Whatever
action is chosen, regarding the current state, the bladder always complies with the prescribed
dose. This was verified in all patients tested. This is a very important result because it gives the
planner more freedom when adjusting parameters. Knowing that the treatment plan will most
likely not affect the bladder leads to the conclusion that the true compromise will always be
between the rectum and the planning target volume (PTV). Additionally, it was observed that
the rectum was the most difficult structure to achieve the prescribed doses, regardless of the
action chosen. Most of the time, convergence happens without the rectum having any alterations

in its state.

This represented another problem for this approach, given that the goal is to have all
structures comply with the prescribed doses. This outcome highlights the widely held view that
finding a balance between structures is difficult, if not impossible, even when only two structures
are considered. It is important to keep in mind that all structures are dependent on one another,

so it is possible to jeopardize the rectum whilst bettering the results for the PTV .

Observing these results altogether, it was concluded that the approach taken does not
improve treatment planning and therefore does not achieve substantial improvements. The
only important result was the observation that using Q-learning would not worsen the results
conpared with the situation of using only one set of rules. Nonetheless, it represented a first
step towards incorporating Q-learning into the treatment planning optimization process, which

led us to the second part of our work.

Although we are considering only three structures where one of them always complies with
the prescribed doses, therefore not interfering with a compromise between structures, gathering
all information in one Q-table may not be the best approach. In this case, the rectum and the
PTYV have very different objectives, that are not always well reflected when considering a global
reward, since it is not possible to observe if a certain action that represents an improvement
for the PTV and for the overall reward, is not actually worsening the rectum in its goals. The
reward is calculated according to all three structures, so it is possible to have a positive reward
for the PTV and no reward for the rectum and the overall reward being positive, meaning that
the Q-value will be positive, misleading the algorithm to choose an action that actually does

not benefit all structures.

This was the main idea that motivated us to create an alternative strategy concerning fuzzy

logic and Q-learning, focusing on addressing each structure’s individual demands.
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6.2 Second strategy

This second strategy emerged as a solution to the problem encountered in the first one: lack
of specific objectives for each structure. The results were far more satisfying. Since this strategy
is more structure-specific and thus more demanding, it requires a longer computational training
time. Nonetheless, the improvements observed were far more relevant regarding treatment
planning.

Before discussing the results of the test sets, it is relevant to analyze the first graphics, which
concern the choice of actions for each structure. The importance of having both actions is easily
understandable, even more so than in the first strategy. Since now we are considering the three
structures individually, their actions will also be chosen individually, with careful deliberation
regarding that structure’s goals. Looking at the graphics, we observe that an action that is
repetitively chosen by one structure is hardly chosen by another. This could only draw us to the
conclusion that neither of them is essentially better than the other, confirming our reckoning,
already disclosed in the first strategy.

When looking at the obtained results, in almost all cases there was an evident decrease in
the number of iterations (meaning less computational time) from the training set to the test set,
when using the same patient. This is already an improvement from what was observed in the
first strategy, where no consistent results were found when it came to the reduction of iterations.

As it was described before, every Q-table created in the training set was tested in all
patients, in order to conclude if there were a Q-table that could be used globally. That goal
was not achieved since there was not a Q-table with consistent reduction regarding all patients.
Looking at patients 0 or 1 in Table 5.5, the results were promising since reduction was always
visible and substantial, contrary to what had happened in the first strategy. However, we can
see that patient 3 never converged and always achieved the maximum number of iterations
permitted, which can be explained by it being a more complex case. As for patient 4, we can
observe it also achieved the maximum number of iterations permitted, except when it was tested
with its trained Q-table. This can lead to the conclusion that, for some cases, Q-tables need to
be more case-specific, meaning that it is difficult to achieve a global Q-table that can be applied
to a large number of cases. Nonetheless, these results demonstrate that it is possible to do so
since the Q-table trained with data from patient 4 consistently reduced the number of iterations
when applied to all other cases, which means that even when the Q-table is created based on a
complex case, it still presents very favorable results when applied to other simpler cases. This
patient’s Q-table was the only one presenting positive results for all patients except patient 3.

Some new conclusions can be drawn contrary to what was observed in the first strategy,
specially when looking at cases where the training and test set reach the maximum number of
iterations. For instance, regarding the bladder, the Q-table presents values for more than one
state, meaning that it does not always comply with the prescribed dose. This event did not
occur consistently during each instance of Q-table training. When it did occur, it was always
connected with situations in which the algorithm failed to find feasible solutions. In most cases,
the bladder presented no difficulty with complying with the prescribed dose regardless of the

patient being used, so we consider that overall it can still be considered the less concerning
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structure.

As for the rectum, the same as the first strategy is observed. It does not always comply
with the prescribed dose, for less than 1 Gy.

As for the test sets, a clear prevalence of action 2 (it was chosen in every iteration) for
the bladder and a mix of both actions for the PTV and rectum were observed in most patients.
While it is possible to argue that the bladder does not need Q-learning, the same assertion
cannot be made for the other structures. This is due to the absence of consistent outcomes,
which stops us from drawing wide-ranging conclusions.

This second strategy revealed itself more promising since the number of iterations decreased
in multiple patients given different Q-tables. However, we cannot overlook that a lot of test sets
concerning patients 2, 3 and 4 did not reach a feasible solution. In light of these results, one
cannot conclude that this strategy fulfilled our goal entirely. It is not possible to find a consistent
reckoning that explains in what conditions the test set will or will not converge to a feasible
solution since the results do not follow a clear train of thought. However, we cannot neglect
the positive results obtained either, given that they do represent an improvement from the first
strategy and provide us with a promising foundation for further investigation, indicating a clear
path towards potential improvements.

These results led us to the last approach tested in our study, which consisted of building our
Q-tables based on more than one patient, considering different parameters, in order to achieve a
more robust foundation that could potentially be applied to a wider range of patients exhibiting
similar clinical conditions, reaching feasible results in all of them.

The results obtained in this last approach were by far the most satisfactory. In 4 out of the
5 patients, a reduction in computational time was verified, in all three test sets. Furthermore,
it was possible to obtain fewer iterations when compared to the other approach studied within
this second strategy. Looking at patients 2 and 4, the results are even more positive since the
reduction is drastically bigger. For all Q-tables that derived from training sets used to test both
of these patients in the first approach, the reduction was either nonexistent or less meaningful,
so using cross-validation presents as the most promising method.

Looking at Table 5.6 with a closer look, one can observe that the best results were always
obtained when using the Q-table that was constructed from the maximum values obtained. This
can presumably be due to the nature of a maximum value. In our case, a maximum value simply
means that that action presented itself as the best option a greater number of times. Hence, it
can make sense that this is the Q-table that presented the best result since it is a compilation
of all the best courses of action. However, even when looking at the average and minimum
Q-tables’ results, we can still observe that they all present better results than when using a
Q-table built only from the training set of one patient.

Calculating Q-tables based on multiple patients created more accurate and complete ones
and led us to the conclusion that it is of good reasoning to build them based on a more robust
batch that displays the same conditions. The use of the leave-one-out cross-validation method for
the test sets proved to be a highly effective approach in ensuring both robust and trustworthy
results. This method capacity to systematically exclude one patient during testing not only

contributed to the reliability of the outcomes but also increased the credibility of the results.
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By employing this approach, the research was able to yield results that exhibit a high level of
consistency, which can be regarded as a solid foundation for drawing meaningful conclusions.

Overall, the results obtained verify that Q-learning can be used as a tool to optimize
treatment planning in RT. In our study, only five patients were used, and while using the
cross-validation method, only four patients were used to create our Q-tables. This leads us to
the assumption that if a bigger database was used, better results would probably be obtained.
Nevertheless, these outcomes represent significant accomplishments, as reduction was observed
even when using a small dataset.

In conclusion, from the results gathered, we can already state that our second strategy is
more promising since it presented more accurate and feasible results, which were overall positive.
Considering specific objectives for each structure will always mean better accuracy, which should
always be one of the main concerns. Nevertheless, combining that with computational time
reduction is not always easy or even possible. Overall, it is very important to keep in mind
that there are a lot of variables that can influence the quality of the treatment plan. While the
results show progress, they also highlight the need for more refinement and improvement in our

ongoing pursuit of quality performance, so the possibility for advancement remains.
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Conclusion

This study focuses on Q-learning and its potential benefits in Radiotherapy (RT). RT
remains one of the most used techniques for cancer treatment, therefore the search for innovation
and refinement in RT techniques and technologies is still a constant pursuit. Researchers and
medical professionals continuously seek novel strategies to enhance the precision, effectiveness
and safety of radiotherapy.

This study tries to create a more automated approach that would improve plan accuracy
while reducing susceptibility to human errors, all in a significantly reduced time frame. To that
end, two main strategies whose goal was to achieve feasible treatment plans were conducted
using Q-learning as a new tool.

Q-learning holds a lot of potential for RT. To our knowledge, it had never been used as an
instrument in RT. Since it has the ability to learn and develop with the environment, we saw
a great window of opportunity in using it for an already developed fuzzy inference system that
builds treatment plans.

In summary, our study revolved around two main objectives: validating the potential ad-
vantages of employing Q-learning in radiotherapy, in a manner that resulted in feasible plans,
and assessing whether this approach achieved such results while concurrently decreasing com-
putational time.

After testing the two strategies and considering the two approaches directed in the second
strategy, we can conclude that Q-learning yields potential benefits for treatment planning and
can be used in order to reduce computational time. Although our results were not 100% positive
in any approach, 80% of our results in the last approach, which utilized cross-validation, were
positive. Given that our database consisted of only 5 patients and this approach tested 3 different
sets on each patient, and only one patient revealed no improvement, we consider this to be an
optimistic and fruitful result, as discussed in Chapter 6.

Our second strategy was motivated by the results obtained from the first strategy. There-
fore, we consider that further investigation could lead to better and more robust approaches,
having our approach as a foundation.

This study aims to improve RT in the near future, creating plans that exhibit high accuracy
in delivering radiation to the tumor whilst sparing the organs at risk, all in a quicker and more
efficient way. Through these efforts, we aspire to positively impact RT treatments, thereby
contributing to the improved well-being of cancer patients. Given that cancer remains one of the
most pressing global causes of mortality, this pursuit remains crucial and of utmost importance.

It is important to identify the obstacles to this work as well as the approaches used. Our
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study only takes into consideration three structures, which are the most relevant ones. Nonethe-
less, that can lead to less accurate results, given that all structures are interrelated. Furthermore,
only 5 patients were used, which leads to little data variance. Altogether, these factors can in-
fluence the results obtained, specially regarding the cases where feasible plans were not reached.

As for future work, as already discussed in Chapter 6, there are a lot of factors that can be
looked into. Our study was conducted on prostate cancer patients and our results suggest that
this approach should also be tested in other types of cancer. Applying this work to all types of
cancer would be a huge step in the RT field, potentially yielding significant advancements.

It is vital to mention that creating structure-specific goals is not the only possible approach
for improving our work and reaching better results regarding Q-learning. Q-learning was used
solely to choose between actions. Therefore, exploring those actions could be an interesting
angle for future work. Searching for actions that lead to faster convergence, better and more
demanding results, and using more than just two actions are all valid points. These can be
explored since our actions and corresponding bounds were chosen based on a trial-and-error
procedure alone. It could be interesting to test this approach with other bounds, obtained using
a different procedure that is less prone to errors.

Another possible future study is related to the structures that are being considered. In our
case, we rule out some structures that are normally also taken into consideration, such as the
left and right femoral heads and the overall body. Using more structures means creating more
Q-tables, which will automatically contribute to an increase in computational time. Although
considering them in the algorithm can make it slower, it is possible to create more accurate
results. However, compromise is difficult to obtain, and increasing the number of structures can
make it even more so, at least considering our FIS approach. Furthermore, more structures and

consequent Q-tables mean more margin for errors and wrong assumptions.
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