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Abstract

High-Dose-Rate brachytherapy is a critical component in the treatment of locally advanced
cervical cancer. While automated treatment planning systems, such as BRIGHT, have
demonstrated the ability to generate high-quality plans, their clinical adoption is hindered by
the complexity of their configuration. Deploying such a system in a new hospital requires
the manual definition of a clinical protocol that accurately reflects the local institution’s
specific standard of care. This ”cold start” problem is time-consuming for both doctors and
researchers.

This thesis proposes a novel framework for the Automated Discovery of Clinical Proto-
cols. By formulating the protocol configuration as a bi-level optimization problem, we em-
ploy the Real-Valued Gene-pool Optimal Mixing Evolutionary Algorithm to autonomously
extract implicit expert knowledge from a repository of historical clinical plans. The system
evolves a set of protocol parameters that, when fed into BRIGHT, reproduce radiation dose
distributions as preferred by human experts.

We validate this approach using anonymized patient data from Virginia Commonwealth
University. Through a series of experiments with incrementally increasing complexity,
ranging from optimizing simple dose thresholds to evolving the definitions of dosimetric
metrics, we demonstrate that the proposed framework can successfully identify protocols
that generate treatment plans that are quantitatively similar to the clinical ground truth. This
research serves as a proof-of-concept, offering a pathway to rapidly deploy automated plan-
ning systems while ensuring alignment with local clinical expertise.
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Chapter 1

Introduction

Cancer remains one of the most fatal diseases of recent times, causing many deaths every
year. Among diseases affecting women, cervical cancer is particularly prominent. Ac-
cording to the International Agency for Research on Cancer (IARC), it ranks as the fourth
most common cancer in women globally, with an estimated 660,000 new cases and 350,000
deaths in 2022 [1]. Moreover, it is estimated that a million children became maternal or-
phans in 2020 because their mother died from cancer that year (15% of prevalent maternal
orphans)[2], with close to one half of these orphans the result of maternal deaths from either
female breast or cervical cancer.

This research focuses on the treatment of this second type, cervical cancer. The standard
of care for locally advanced cervical cancer involves a combination of External Beam Ra-
diation Therapy (EBRT), chemotherapy, and High-Dose-Rate (HDR) Brachytherapy [3, 4].
While EBRT targets the tumor and elective nodal volumes from outside the body, HDR
brachytherapy allows for a highly localized ”boost” of radiation. By placing a radioactive
source (typically Iridium-192) directly into or adjacent to the tumor using specialized ap-
plicators, clinicians can deliver an aggressive dose to the targeted cancerous region while
achieving a rapid dose fall-off that minimizes the radiation exposure to the surrounding
tissue and healthy organs [5].

However, realizing the full potential of this high-dose precision requires exact planning.
As clinical understanding deepens and imaging evolves from 2D X-rays to 3D MRI/CT-
guided techniques [6, 7], the definition of an optimal treatment has become increasingly
stringent. This higher level of insight demands methodologies that are not only more precise
but also consistent in adhering to complex dose restrictions, a task that pushes the limits of
manual optimization. Furthermore, the speed of the planning process is critical. Because
internal organs are dynamic, significant movement can occur between the moment of image
acquisition and the delivery of radiation. The longer the planning phase lasts, the greater
the anatomical discrepancy caused by organ motion, which inevitably introduces error into
the treatment [8].

To address these dual challenges of required precision and temporal urgency, the field
of medical physics has turned to automated treatment planning. In recent years, a new tool,
BRIGHT [9], has gained attention for its success in leveraging evolutionary algorithms to
explore the multi-objective search space of treatment plans.
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1. INTRODUCTION

However, despite these technological advancements, the transition from manual to au-
tomated planning introduces a new set of challenges that slow its clinical adoption.

1.1 Problem Statement

While automated treatment planning systems (TPS) like BRIGHT have demonstrated the
capability to generate mathematically superior plans, their clinical deployment faces a sig-
nificant translation barrier: the system configuration. Integrating these solutions into a new
clinical environment is not immediate, and it requires a lengthy onboarding phase to align
the algorithm with the specific planning philosophy of the hospital.

This extensive setup is necessary because optimization algorithms do not possess clini-
cal intuition, and they strictly minimize a mathematical objective function. Simply relying
on international guidelines, such as EMBRACE-II [10], offers a starting point but are insuf-
ficient for direct algorithmic configuration for two reasons:

1. Clinical practice involves complex, often unwritten trade-offs between target cov-
erage and organ sparing that vary significantly between institutions and individual
experts [11, 12].

2. Translating a physician’s subjective preferences into the numerical constraints re-
quired by a TPS is a complex and unintuitive task. Currently, this requires a group of
doctors and researchers to perform a manual ”trial-and-error” tuning process (adjust-
ing protocol parameters, re-optimizing, and reviewing results), which can take weeks
or months of discussion to set a satisfactory baseline for a new hospital [13].

To overcome these challenges, the field of radiotherapy has explored Knowledge-Based
Planning (KBP) [14, 15, 16]. KBP typically uses statistical models or machine learning on
prior plans to predict dose distributions (e.g., Dose-Volume Histograms) for new patients.
These predictions guide the optimization process. While effective, standard KBP often
focuses on predicting outcomes (the dose) rather than optimizing the instructions (protocol
parameters) that drive planning.

This thesis proposes a novel evolutionary alternative. Instead of using predictive models
or large training databases to estimate dose, we introduce an Automated Protocol Discovery
framework. We use the Gene-pool Optimal Mixing Evolutionary Algorithm (GOMEA) to
treat protocol configuration as an optimization problem. This approach ’reverse-engineers’
explicit clinical objectives from historical expert data. It allows us to autonomously ’learn’
the local standard of care to be used by BRIGHT without manual tuning. By automating this
calibration, the framework has the potential to offload weeks of manual work of profession-
als to autonomous computation, thereby streamlining the onboarding of new institutions.
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1.1. Problem Statement

1.1.1 The Bi-Level Planning Problem

The generation of a brachytherapy treatment plan can be viewed as a complex optimization
task governed by a set of instructions known as a Clinical Protocol.

The Clinical Protocol and DVIs:

The protocol is essentially a collection of constraints that the optimization algorithm must
satisfy. In clinical practice, these are quantified using Dose-Volume Indices (DVIs). A
DVI is a metric that relates a specific radiation dose to a volume of tissue or vice versa.
For example, a common coverage aim is D90% > 7.0 Gy, which requires that 90% of the
tumor volume receives at least 7.0 Gray of radiation. Conversely, a sparing aim such as
V65% < 2.0 cm3 restricts the volume of a healthy organ receiving high radiation.

The Optimization Engine, BRIGHT and GOMEA:

This research utilizes BRIGHT (BRachytherapy via artificially Intelligent GOMEA-Heuristic
based Treatment planning), a treatment planning system that employs the GOMEA algo-
rithm. GOMEA is a model-based evolutionary algorithm that excels at solving optimization
problems where variables are highly interdependent.

The Bi-Level Optimization Challenge:

The core problem addressed in this research is that BRIGHT requires a strictly defined pro-
tocol (inputs) to generate a high-quality Pareto front of treatment plans (outputs). However,
determining the optimal protocol parameters that result in a clinically acceptable plan is not
straightforward.

Therefore, we formulate the selection of protocol parameters as a bi-level optimization
problem:

• The Inner Loop (BRIGHT): Optimizes the dwell times of the radiation source to
maximize plan quality based on a specific protocol.

• The Outer Loop (Proposed Framework): Optimizes the protocol parameters them-
selves (the DVIs and their thresholds) to minimize the difference between the gener-
ated plans and historical expert plans.

This hierarchical structure allows us to ”reverse-engineer” the implicit knowledge of
clinical experts, effectively automating the configuration of the planning system.

3



1. INTRODUCTION

1.2 Research Questions

The goal of this thesis is to investigate whether the ’art’ of treatment planning can be for-
malized as a learnable parameter space that encodes clinical intent. Therefore, the Main
Research Question is the following:

MRQ: Can the implicit expert knowledge within accepted clinical plans be extracted
via evolutionary optimization to reconstruct valid institution-specific protocols automati-
cally?

To answer this, we decompose the problem into four specific experiments, correspond-
ing to the incremental complexity of the search space and the computational resources re-
quired.

First, let us investigate the problem to understand how the bi-level optimization behaves.
We know that using a stochastic algorithm like an EA to evaluate the fitness of our candidate
solutions will cause the search space of the problem to be noisy, where equal evaluations
of the same protocol may yield different results. To determine if our framework is a logical
approach to this problem, we must understand the topology of the search space. Thus, the
first research question explores the search space and how modifying the evaluation of solu-
tions might influence the speed of convergence:

RQ1: How do fitness landscape smoothing techniques (such as stochastic averaging)
and objective function shaping (such as gradient steepening) affect the search space and
the convergence velocity and robustness of the evolutionary search?

Second, we must establish the feasibility of the approach. Before attempting to learn
complex metric definitions, we must verify if the evolutionary algorithm can optimize sim-
ple numerical thresholds (the aims) to reproduce expert results within a fixed protocol struc-
ture. This leads to the second research question, which investigates both the capability of
the search algorithm to minimize geometric error and whether the similarity metric can lead
to clinical acceptability:

RQ2: Can an evolutionary search strategy identify protocol aims that minimize the
difference between generated and clinically approved treatment plans, and does this con-
vergence translate to clinically valid treatment plans?

Third, we address the limitations of rigid protocol structures. The previous optimiza-
tion only tunes the aim values, but expert protocols might benefit from varying what they
optimize for (the metric of the DVI). The third research question investigates the impact of
expanding the search space to include the evolution of the metric definitions themselves:

4



1.3. Outline of the Thesis

RQ3: How does increasing the complexity of the optimization, by introducing the evo-
lution of complete DVIs, affect the convergence behavior of the evolutionary algorithm and
the quality of the resulting solutions?

Finally, we address the issue of scalability. A fully automated discovery system must
evolve a complete protocol, which means including at least one constraint per region of in-
terest. RQ4 investigates the system’s performance in this high-dimensional setting, specif-
ically analyzing how additional resources can be leveraged to overcome the computation-
versus-precision trade-off inherent of this stochastic optimization:

RQ4: Does the framework scale effectively to high-dimensional, unconstrained proto-
col discovery, and to what extent does massive parallelization mitigate the stochastic noise
when evaluating more complex genotypes?

1.3 Outline of the Thesis

The remainder of this thesis is structured as follows. Chapter 2 presents the necessary
medical and algorithmic context. It details the principles of HDR Brachytherapy, the RV-
GOMEA framework, and BRIGHT. Chapter 3 defines the methodology for automated pro-
tocol discovery. It details the optimization problem and the functions used to quantify plan
similarity. Chapter 4 describes the experimental design used to validate the framework.
Chapter 5 presents the experimental results. Chapter 6 discusses the limitations and pro-
poses directions for future research. Chapter 7 concludes the thesis and recapitulates the
contributions.
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Chapter 2

Background and Related Work

This chapter establishes the theoretical and clinical foundations necessary to understand the
protocol discovery framework proposed in this thesis. We first provide an overview of cer-
vical cancer treatment and the specifics of HDR brachytherapy, focusing on the definition
of clinical protocols and plan evaluation. Subsequently, we introduce Evolutionary Algo-
rithms, specifically detailing (MO)RV-GOMEA and its implementation within the BRIGHT
treatment planning system.

2.1 HDR Brachytherapy Treatment

High-dose-rate brachytherapy refers to a type of brachytherapy in which a highly radioactive
source is placed very close to the cancer cells for a short period of time with the objective
of killing the cancerous cells. To introduce the radioactive source, a set of needles and
catheters is inserted into the soft tissue of the patient with the use of an applicator. These
catheters are hollow and facilitate the precise access of the radiation source to the tumour
[17, 18]. The radioactive source is then moved through multiple dwell positions inside the
catheters, where it is held stationary for a prescribed time, the dwell time, to apply the
specified amounts of radiation to the target volumes. The treatment plan defined by the
clinical experts is what determines the radiation time at each dwell position.

The goal is to deliver the prescribed dose of radiation to the target volumes, which in-
clude the entire uterine cervix and any residual tumor present at the time of treatment [19],
while minimizing the dose to surrounding healthy tissues and Organs at Risk (OARs). This
fundamental trade-off is the core challenge of treatment planning.

To create a patient-specific treatment plan, detailed anatomical information is acquired
through medical imaging after the applicator has been inserted. While historical techniques
relied on 2D X-ray imaging, modern brachytherapy is guided by 3D imaging, primarily
from CT and MRI scans, which allows for a much more precise delineation of the targets
and OARs. [6]
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2.2. Treatment Plan and Evaluation

2.2 Treatment Plan and Evaluation

Physically, a brachytherapy treatment plan is defined by a set of dwell times. These dwell
times are the fundamental instructions delivered to the treatment unit. Their magnitude and
position determine the 3D spatial distribution of the radiation dose deposited in the patient
[18].

However, determining these times is not the starting point, but the result of the plan-
ning process. In modern Inverse Planning, the workflow is reversed: the clinician defines
the desired dose distribution first, and an optimization algorithm calculates the necessary
dwell times to achieve it. Thus, while dwell times are the physical input for the treatment
machine, they are the output of the optimization system.

To drive this optimization, the clinical intent must be formalized into a Clinical Protocol.
The protocol consists of a set of objectives that distinguish a high-quality plan from an
unacceptable one. Mathematically, it limits the feasible search space by balancing multiple
objectives that we classify into two competing goals: maximizing the radiation dose to the
tumor and minimizing the dose to the OARs, such as the bladder, rectum, and sigmoid.

Within the clinical protocol, these conflicting goals are quantified using DVIs. Each
DVI serves as a structured rule for plan acceptance, defined by four components: The ROI
that it is applied to, the metric, the operator, and the target goal or aim.

The metric determines the physical quantity being measured (either of dose or of vol-
ume). The operator establishes the clinical intent, distinguishing between coverage aims
(which set a minimum lower bound to ensure the tumor receives enough radiation) and
sparing aims (which set a maximum upper bound to protect healthy tissue). Finally, the aim
defines the specific numerical threshold that the plan should satisfy.

Based on the metric used, these indices are classified into two types:

• Dosimetric indices (DV ): These limit the dose received by a specific percentage of
a structure’s volume. For example, a coverage aim for a volume O of Do

90% > 95%
requires that 90% of the volume receives at least 95% of the prescribed dose.

• Volumetric indices (VD): These limit the absolute volume of a structure that receives
a certain dose. For example, a sparing aim for a volume O of V o

60% < 2.0cm3 requires
that the volume receiving 60% of the prescribed radiation dose should stay below 2
cubic centimeters.

The evolution of these protocols has been driven by decades of international research,
particularly through the GEC-ESTRO GYN network [10]. This collaborative effort re-
sulted in standardized, evidence-based guidelines for image-guided adaptive brachytherapy
(IGABT), culminating in large-scale clinical studies, such as EMBRACE I and EMBRACE
II. The EMBRACE II study, in particular, establishes a benchmark protocol with detailed
dose prescription aims and limits for both tumor targets (GTV, CTV HR) and multiple
OARs, including the bladder and rectum. The DVIs from the EMBRACE II protocol are
summarized in Table 2.1.
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While highly detailed protocols like EMBRACE II have significantly advanced the stan-
dard of care, manually creating a plan that satisfies their many competing objectives remains
a complex process. This challenge has motivated the development of automated treatment
planning systems that use artificial intelligence to navigate these trade-offs [20].

Table 2.1: Planning aims and constraints according to the EMBRACE-II protocol [10].
Note: Doses have been converted from EQD2 to fractional dose to maintain consistency
with the rest of this thesis.

Target CTVHR D90% CTVHR D98% GTVres D98% CTVIR D98% Point A

Planning Aims > 7.8 Gy > 5.8 Gy > 8.3 Gy > 3.5 Gy > 4.1 Gy
< 8.3 Gy

Limits > 7.1 Gy – > 7.8 Gy – –

OAR Bladder D2cm3 Rectum D2cm3 Recto-vaginal Sigmoid D2cm3 Bowel D2cm3

point Dpoint

Planning Aims < 5.5 Gy < 4.0 Gy < 4.0 Gy < 4.5 Gy < 4.5 Gy
Limits < 6.3 Gy < 6.3 Gy < 6.3 Gy < 6.3 Gy < 6.3 Gy

2.2.1 Clinical evaluation of the treatment plan

When evaluating these plans, the Dose-Volume Histogram (DVH) serves as the main tool
for clinical experts to assess the quality of a treatment plan and ensure compliance with the
protocol [21]. The DVH condenses the complex 3D dose distribution into a 2D cumulative
radiation graph, where the x-axis represents the radiation dose (typically in Gy or percent-
age of the prescribed dose) and the y-axis represents the volume of the structure receiving
at least that dose (typically in cm3 or percentage of the volume).

By visually inspecting these curves, clinical experts can assess the trade-off between
target coverage and organ sparing, allowing the professional to verify that objectives such
as DCTVHR

90% > 95% are satisfied. An ideal plan exhibits a ”square” shoulder for target vol-
umes (indicating high, uniform coverage), and a rapid fall-off near the origin for OARs to
minimize toxicity. An example of DVH is illustrated in Figure 2.2.

2.3 Evolutionary Algorithms

While the DVH provides a good metric for evaluating the quality of a plan, it offers no
mechanism for generating one. There is a disconnect between the clinical intent (visualized
as a DVH) and the machine parameters (dwell times) required to achieve it. This is due to
the physics of brachytherapy: radiation is cumulative, meaning a change in a single dwell
time simultaneously affects multiple adjacent structures. This physical coupling transforms
the planning process into a non-convex optimization problem with a vast search space. In
this landscape, traditional gradient-based methods often get trapped in local optima.
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To solve this inverse problem effectively, we turn to Evolutionary Algorithms (EAs).
EAs have proven particularly robust in navigating such complex, non-linear search spaces
[22]. As a class of metaheuristics grounded in evolutionary computation, EAs mimic bi-
ological processes, such as selection, crossover, and mutation, to iteratively evolve high-
quality solutions [23]. The algorithm operates not on a single solution, but on a population
of individuals, where each individual can, for example, represent a unique treatment plan
defined by its specific genotype (the set of dwell times) [24].

In each generation, an evaluation function quantifies the quality of each solution through
a metric called fitness. A selection mechanism then enforces the principle of ”survival of
the fittest,” giving individuals with higher fitness a greater probability of passing their genes
to the next generation [25, 26, 27, 28]. Through crossover (recombination), the genes of
selected parents are combined to explore new regions of the search space [29]. Furthermore,
to prevent the permanent loss of specific gene values and avoid premature convergence
to local optima, a mutation operation is applied. This introduces a small probability of
random variation, stimulating exploration beyond the initial genetic information present in
the population or revisiting solutions that might have been discarded prematurely [30, 31].

Classical EAs are often viewed as black-box optimizers that make no assumptions about
the underlying mathematical properties of the problem. However, optimization problems
can be categorized based on the availability of domain knowledge: White-Box (full knowl-
edge), Black-Box (no knowledge), and Grey-Box Optimization (GBO), where limited struc-
ture is known [32, 33]. Fortunately, our treatment planning problem includes information
that allows us to define it as GBO problem, enabling more efficient evaluations. The specific
mechanics of how this is achieved will be explained in the following section.

2.4 Real-Valued Gene-pool Optimal Mixing Evolutionary
Algorithm

To improve upon standard EAs, this research utilizes the Real-Valued Gene-pool Optimal
Mixing Evolutionary Algorithm (RV-GOMEA). Unlike ”blind” operators that swap vari-
ables randomly, RV-GOMEA exploits the linkage structure (the dependencies between vari-
ables) to perform targeted variation [34, 35].

Central to RV-GOMEA is the Family of Subsets (FOS), denoted as F. The FOS is a
collection of subsets of variable indices that are deemed dependent on each other. This
structure is learned dynamically from the population (often as a Linkage Tree) or prede-
fined [36, 37]. The FOS can be represented as a hierarchical clustering structure (detailed
in Section 3.4.1, Figure 3.1), where leaves represent individual variables and higher nodes
group interdependent variables together.

The high-level procedure of RV-GOMEA is outlined in Algorithm 1. In each genera-
tion, the algorithm performs the following steps: Selection (a subset of the best solutions
(size ⌊τn⌋) from the population P to form a selection pool S), Model Learning (for every
subset of variables F j in the FOS, the algorithm estimates a Maximum-Likelihood multi-
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variate normal distribution N (µ̂µµF j
, Σ̂ΣΣF j) based on the parameters in S), and Variation (new

solutions are generated using the Gene-pool Optimal Mixing (GOM) operator).
The variation mechanism is the GOM operator (Algorithm 2). Unlike standard crossover,

GOM iterates through each solution in the population (the ”parent”) and attempts to improve
it by modifying small subsets of variables at a time, defined by the FOS.

To function effectively in continuous domains, RV-GOMEA integrates two key mech-
anisms from the AMaLGaM framework to guide the sampling process: Adaptive Variance
Scaling and Anticipated Mean Shift [38].

• Adaptive Variance Scaling (AVS): To counteract the variance-diminishing effect of
selection, the estimated covariance matrix Σ̂ΣΣF j is scaled by a distribution multiplier,
denoted as cMultiplier

F j
. This factor is adapted dynamically based on whether improve-

ments are being found, expanding the search variance when strictly following the
distribution leads to stagnation.

• Anticipated Mean Shift (AMS): To accelerate convergence along slopes in the search
space, AMS shifts the mean of the sampling distribution in the direction the popula-
tion is moving. This shift is denoted by the vector µ̂µµShift. In the algorithm, δAMS

represents the scaling factor applied to this mean shift.

Summarizing Algorithm 2, the variation for a single parent solution Pi is as follows:
First, before modifying the variables in the current FOS subset F j, the current state of Pi is
saved into a backup vector b (Line 5). This allows the algorithm to revert changes if they
are detrimental. Then, new values yyy are sampled from the normal distribution N , using the
covariance matrix scaled by the AVS multiplier (Line 7). After that, the best portion of the
population are shifted by δAMSµ̂µµShift (Line 8-9). Finally, the new values are inserted into Pi,
and the solution is evaluated. If the objective value improves, the change is kept.

Note that if the objective value worsens, the solution is usually reverted to the backup
state b. However, to prevent getting stuck in local optima, there is a small probability
(paccept = 0.05) that a worsening move is accepted (Lines 12-16).

2.4.1 Multi-Objective Optimization

While RV-GOMEA handles the continuous nature of the variables, the problem of design-
ing a treatment plan is inherently multi-objective, requiring a balance between maximizing
tumor coverage and minimizing OARs’ sparing. To address this, BRIGHT uses the Multi-
Objective version of RV-GOMEA, MO-RV-GOMEA [39].

Rather than aggregating all clinical goals into a single fitness value, MO-RV-GOMEA
identifies a set of solutions that represent optimal trade-offs, collectively referred to as the
Pareto front. A solution is considered to dominate another if it is superior in at least one
objective and not inferior in any other. The Pareto front comprises all non-dominated solu-
tions. By applying these dominance concepts, MO-RV-GOMEA maintains a diverse pop-
ulation that comprehensively covers the spectrum of possible trade-off compromises. As a
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result, instead of a single output, researchers are provided with a Pareto approximation front
with a range of valid options [40].

Algorithm 1 The basic structure of RV-GOMEA.
1: function RV-GOMEA
2: P← Initial population, evaluated
3: pop-NIS← t← 0
4: for Pi ∈ P do NIS(Pi)← 0
5: while not terminated do
6: S← The best ⌊τn⌋ solutions in P /* τ = 0.35 [35]*/
7: F← Learn FOS from S /* Unless FOS is fixed.*/
8: for F j ∈ F do
9: Estimate N (µ̂µµF j

(t), Σ̂ΣΣF j(t)) with maximum-likelihood based on S
10: µ̂µµShift

F j
(t)← µ̂µµF j

(t)− µ̂µµF j
(t−1) /* Skipped in the initial

generation*/

11: for i ∈ {0, . . . ,nelitist−1} do Pi← ith best solution in P
12: generateNewSolutions 2
13: t← t +1

11
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Algorithm 2 Generating new solutions, GOM in RV-GOMEA.

1: function GENERATENEWSOLUTIONS

2: for i ∈ {nelitist, . . . ,n−1} do improved(Pi)← False
3: for F j ∈ F do /* In a random order.*/
4: for i ∈ {nelitist, . . . ,n−1} do
5: for u ∈ F j do b[u]← Pi[u] /* Save current values to ’b’ to allow

reversion.*/
6: fb← fPi /* Save current fitness*/

7: yyy←N
(

µ̂µµF j
,cMultiplier

F j
Σ̂ΣΣF j

)
/* Use AVS multiplier c*/

8: if i < nelitist + ⌊1
2 τn⌋ then

9: yyy← yyy+ cMultiplier
F j

δAMSµ̂µµShift
F j

/* Apply AMS to accelerate
search*/

10: for u ∈ F j do Pi[u]← yyy[u] /* Insert new values into solution*/
11: fPi ← f (Pi)
12: if fPi < fb then
13: improved(Pi)← True
14: else if U(0,1)> paccept then
15: for u ∈ F j do Pi[u]← b[u] /* If no improvement, restore from

backup ’b’*/
16: fPi ← fb

17: AdaptMultiplier
(

cMultiplier
F j

)
/* Adapts c based on the improvements*/

18: for i ∈ {nelitist, . . . ,nelitist + ⌊1
2 τn⌋−1} do

19: b← Pi; fb← fPi

20: Pi← Pi +δAMSµ̂µµShift

21: fPi ← f (Pi)
22: if fPi < fb then
23: improved(Pi)← True
24: else if U(0,1)> paccept then
25: Pi← b
26: fPi ← fb

27: for i ∈ {nelitist, . . . ,n−1} do
28: if improved(Pi) then NIS(Pi) = 0
29: else NIS(Pi)← NIS(Pi)+1
30: if NIS(Pi)> NISMAX then
31: ForcedImprovements(Pi) /* [36] with pseudocode in [35]*/
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2.5 BRIGHT

The theoretical framework culminates in the development of BRIGHT (BRachytherapy via
artificially Intelligent GOMEA-Heuristic based Treatment planning). BRIGHT represents
the clinical implementation of the algorithmic principles described in Section 2.4. It is
an inverse treatment planning system that utilizes MO-RV-GOMEA applied to the multi-
objective problem definition of HDR brachytherapy planning. Unlike manual planning,
where a clinician must iteratively adjust parameters by trial and error, BRIGHT directly
optimizes the dwell times to automatically generate high-quality dose distributions.

The core innovation of BRIGHT lies in its formulation of the planning problem. While
clinical protocols contain dozens of specific constraints, BRIGHT simplifies this into a bi-
objective optimization task [9]. It balances the two conflicting goals of brachytherapy:
maximizing radiation coverage of tumor targets versus minimizing exposure to healthy tis-
sue. To quantify these opposing forces, BRIGHT aggregates the various clinical aims into
two unified objectives using a ”weighted worst-case” approach: the wegihted least coverage
index (LCIw) and the Least Sparing Index (LSIw). For a plan p are computed as the sum
over either every coverage or sparing aim a as:

LCIw(p) = ∑
a∈coverage aims

wa(δ(DVIa))

LCIw(p) = ∑
a∈coverage aims

wa(δ(DVIa))
(2.1)

To determine how close a DVI is to the desired clinical aims, BRIGHT first calculates
the normalized deviation for each DVI. These values are normalized between -1 and 1 which
is essential because clinical protocols usually define constraints in conflicting units (e.g., Gy
for dose vs. % for volume) [9].

For coverage aims (maximizing dose/volume) δnorm
c is computed as:

δ
norm
c (V o

d ) = (V o
d −V o,aim

d ) / (100.0−V o,aim
d ) (2.2)

δ
norm
c (Do

v) = (Do
v−Do,aim

v ) / (0.85×Do,aim
v ) (2.3)

For sparing aims (minimizing dose/volume) δnorm
s is calculated by:

δ
norm
s (V o

d ) = (V o,aim
d −V o

d ) / V o,aim
d (2.4)

δ
norm
s (Do

v) = (Do,aim
v −Do

v) / Do,aim
v (2.5)

Then, the weighted worst-case aggregation does not simply take the single worst value.
Instead, it employs a dynamic weighting strategy to optimize the ”weakest links” while still
improving other values.

The normalized delta DVIs are sorted in the order of most violated to least violated and
assigned a weight wo(δ) to each DVI [9].

Finally, for the grouped objective O with weights wi
o for a treatment plan P is calculated

as:
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O(P) = ∑
δnorm

o ∈O
wo(δ

norm
o ) (2.6)

In this formulation, a positive δnorm value indicates that the specific clinical aim has
been met, while a negative value indicates a violation. Consequently, BRIGHT seeks to
maximize both LCIw and LSIw. Of particular clinical interest is the ”Golden Corner,” the
region of the Pareto approximation front where both LCI > 0 and LSI > 0. As illustrated
in Figure 2.1, the ’Golden Corner’ is the upper-right quadrant where both LCI and LSI are
positive. Plans located in this region satisfy every aim defined in the clinical protocol, rep-
resenting the ideal solution space. Then, the clinician can select the most appropriate plan
for the patient from that region or the surrounding space, assuming the compromise if they
consider it pertinent.

Currently, BRIGHT has successfully bridged the gap from research to clinic and is being
used at Amsterdam UMC for the treatment of prostate cancer using HDR brachytherapy
[41].

Figure 2.1: Pareto approximation front of generated plans on the coverage-sparing space
with the ”golden corner” marked in yellow, as shown in the BRIGHT application.
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Figure 2.2: Dose-Volume Histogram plotting the radiation at the different ROIs, as shown
in the BRIGHT application.
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Chapter 3

Development of a Clinical Protocol
(Methodology)

This chapter details the methodology for the automated discovery of clinical protocols. We
first formalize the bi-level optimization problem, in which an outer evolutionary loop tunes
protocol parameters to minimize the difference in radiation between generated and clinically
approved treatment plans, and the inner loop generates treatment plans and evaluates the
results.

Subsequently, we describe the specific algorithmic implementation and the experimen-
tal framework used to validate our hypotheses.

3.1 Problem Formulation

The fundamental premise of this research is that the ”implicit knowledge” of the standard
of care of a medical institution is encoded within its historical data of treated patients.
Therefore, instead of manually tuning parameters to achieve a desired output, we invert the
workflow: we use the desired outputs (historical plans) to solve for the input parameters
(the protocol) that produced them.

We can formulate this as a minimization problem.

Let D = {p1
cli, . . . , pN

cli} be a dataset of N historical cases, where pi represents the patient
anatomy and pi

j the treatment plan for that anatomy, cli refers to the clinically approved
treatment plan, the ”ground truth”. For generated plans, j is the plan number and i is the
patient ID.

We define the treatment planning system BRIGHT as a stochastic function B that maps
a clinical protocol x and patient anatomy pi to a generated Pareto approximation front F i

gen:

F i
gen = B(pi,x)

The protocol x is formalized as a vector of decision variables θ ∈ Rd , representing
the numerical aims and weights of the Dose-Volume Indices (as defined in Section 2.2).
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The optimization goal is to find the optimal protocol configuration x∗ that minimizes the
difference between the generated fronts Fgen and the clinical reference plans across the
population.

x∗ = argmin
x

1
N

n

∑
i=1

L(B(pi,x), pi
cli)

Where L is the loss function quantifying the difference between the generated front and
the expert plan. The specific formulations of this loss function (L) correspond to the Closest
Plan Similarity and Average Front Similarity metrics, which are detailed in the following
section.

3.1.1 Loss Function

To quantify the similarity between the treatment plans in the generated front Fgen and the
clinical plan pi

cli, we randomly sample a set of radiation positions S in the space of each
of the ROIs V and calculate the distance between any two individual plans using the Mean
Squared Error (MSE) of the dose D at each point in S as in equation 3.1.

dist(pi
j, pi

cli) =
1
|V |

1
|S| ∑v∈V

∑
s∈S

(Di
j(v,s)−Di

cli(v,s))
2 (3.1)

In this research, we investigated two distinct hypotheses for what best constitutes a
”similar” front, leading to two different loss functions.

Loss Function 1: Closest Plan Similarity (CPS)

This formulation hypothesizes that a good protocol must be capable of generating at least
one plan that closely matches the expert’s choice. The error for a patient pi is therefore the
distance of the closest plan on the generated front to the clinical plan.

L(CPS)
i (B(pi,x),xi

cli) = min
x j∈Fi,gen

(dist(pi
j, pi

cli)) (3.2)

The overall objective is to minimize the average of this loss over all patients. Therefore, we
define the fitness objective as:

minimize
x

F(CPS)(x) =
1
|N| ∑i∈N

L(CPS)
i (B(pi,x),xi

cli) (3.3)

Loss Function 2: Average Front Similarity (AFS)

This alternative formulation hypothesizes that a good protocol should produce a front where
the entire set of trade-off solutions is, on average, located near the expert’s choice. This
measures the overall quality and location of the front. The error for patient i is the average
distance of all plans on the generated front to the clinical plan.
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L(AFS)
i (B(pi,x),xi

cli) =
1

|Fi,gen| ∑
xi, j∈Fi,gen

dist(pi
j, pi

cli) (3.4)

The overall objective is to minimize the average of this loss over all patients. Therefore, we
define the fitness objective as:

minimize
x

F(AFS)(x) =
1
|N| ∑i∈N

L(AFS)
i (B(pi,x),xi

cli) (3.5)

In the initial evaluation experiments of this thesis, we will determine which fitness cal-
culation method is more suitable for this use case.

3.2 BRIGHT Configuration

In the proposed bi-level optimization framework, BRIGHT functions as the evaluation
engine for the outer loop. To generate a Pareto approximation front of treatment plans,
BRIGHT requires two distinct categories of inputs: Static hyperparameters that control the
resolution and computational cost of the underlying optimization process. Specifically, the
number of Dose Calculation Points (DCPs), the allowed runtime per run, and the clinical
protocol x, which defines the DVIs that guide the search.

In this research, the hyperparameters are fixed to ensure consistent fitness evaluations,
while the protocol x serves as the variable input encoded within the genotype of the outer
evolutionary algorithm. The evaluated output of a BRIGHT run against the clinical ground
truth (F(CPS)(x) or F(AFS)(x)) constitutes the fitness value used to drive the evolution of the
population.

The following subsections detail the calibration mini experiment used to determine the
optimal number of DCPs (Section 3.2.1) and the fixed protocol structures used to constrain
the search space (Section 3.2.2).

3.2.1 Dose Calculation Points and Runtime

To determine the optimal number of DCPs for the experiments, four scenarios with varying
DCP densities were evaluated. These scenarios were tested against a group including an
atypical patient extra who required a higher coverage, forcing the clinical treatment plans to
be set near the LCI limit for the baseline protocol. This setup was designed to be sensitive
to the DCP sampling, creating a risk of clinical plans being marked as infeasible, being too
far from the golden corner (less than -0.25 lci or lsi), due to the random selection of points.

The objective was to assess the consistency of the results across the different DCP sam-
ple sizes while keeping all other variables constant. The experiment was run twice and
consisted of 10 runs of 10 evaluations for 7 different patients (700 BRIGHT runs with dif-
ferent seeds). The evaluated scenarios were as follows:
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1. 30,000 DCPs (5,000 per ROI)

2. 60,000 DCPs (10,000 per ROI)

3. 120,000 DCPs (20,000 per ROI)

4. 300,000 DCPs (50,000 per ROI)

The selection of the BRIGHT running time was 15s or 30s for the different scenarios,
based on [42]. The results of this evaluation are summarized in Table 3.1.

Table 3.1: Number of evaluations where the clinical plan is considered too far from the
golden corner (lower is better).

First Run (7 Patients) Second Run (Again 7 Patients)

DCPs Problematic
Runs

Problematic
Evaluations

Problematic
Runs

Problematic
Evaluations

30,000 (15 s) 10/10 35/700 10/10 33/700
60,000 (30 s) 7/10 16/700 10/10 26/700
120,000 (30 s) 8/10 13/700 6/10 8/700
300,000 (30 s) 3/10 3/700 2/10 3/700

3.2.2 Protocol parameters

Several protocol parameters were standardized to ensure the focus of this study remained on
the established research questions. This simplification was necessary to manage experimen-
tal complexity and isolate the effects of the variables under investigation. The parameters
held constant were: Nominal prescribed dose, DVI limits, number of DVIs per ROI, and set
of optimization objectives.

• Nominal Prescribed Dose: The prescribed dose was fixed at 7.0 Gy per fraction.
Varying this value would only create a series of proportionally scaled plans (e.g.,
simultaneously decreasing the nominal dose and increasing DVI coverage targets
proportionally), which would not add any additional value to the research and just
confuse clinicians who are used to this prescribed dose level for HDR brachytherapy.

• DVI Limits: To reduce the size of the genotypes, the limits for each DVI were fixed
proportionally. This is a hard constraint set on BRIGHT, slightly lower for coverage
aims and slightly higher for sparing aims, to allow for some more flexibility in the
exploration. The limit for coverage DVIs was set to 10% lower than the target aim,
and the limit for sparing DVIs was set to 150% higher than the OAR aim, as devia-
tions beyond these magnitudes typically result in clinically unacceptable plans. This
approach standardizes the acceptable deviation from the DVI targets.
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• Number of DVIs per ROI: The protocol was limited to a single DVI per ROI. While
utilising multiple objectives for a single volume has proven valuable in the manual
design of treatment plans, incorporating it here would have significantly increased the
complexity of these initial experiments. Consequently, exploring multi-DVI protocols
is proposed as a potential avenue for future work.

• Optimization Objectives: Finally, the number of optimisation objectives was limited
to the LCIw and the LSIw. While adding a third objective can be beneficial [43], it
was deemed to introduce unnecessary complexity for the scope of this research.

3.3 Manual Protocol

To derive a protocol that accurately reflects specific institutional expertise, we established
a collaboration with the medical physics team at Virginia Commonwealth University, who
actively treat patients with cervical cancer. This collaboration aimed to capture the specific,
often implicit, preferences used in their daily clinical practice.

The formulation of this protocol was the result of a multi-stage process involving mu-
tual familiarization and iterative feedback. Initially, the BRIGHT planning system was
demonstrated to the clinical experts to establish a shared understanding of the optimization
engine’s capabilities and limitations. Following this, we engaged in a series of knowledge-
exchange sessions to bridge the gap between the researchers’ algorithmic perspective and
the doctors’ clinical intent.

We tested the system using a set of historical patient cases. The medical team reviewed
the generated plans, identifying discrepancies between the automated output and their pre-
ferred dose distributions. Through this iterative tuning process, we synthesized the specific
set of objectives and constraints that replicated their planning style. This derived configura-
tion is designated as the Baseline Protocol and is explicitly defined in Table 3.2.

Table 3.2: The Baseline Protocol derived from discussions with medical professionals.

Coverage DVIs DCTVHR
90 DPTV

90

Planning Aims > 94 % > 80 %
Limits > 85 % > 72 %

Sparing DVIs DBladder
65 DRectum

65 DSigmoid
65 DRingNT

90

Planning Aims < 2 cm3 < 2 cm3 < 2 cm3 < 10 cm3

Limits < 3 cm3 < 3 cm3 < 3 cm3 < 10 cm3
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3.3.1 Volume Ring Normal Tissue

A critical component of the Baseline Protocol identified during these discussions is the in-
clusion of an auxiliary sparing volume, referred to as the ”Ring of Normal Tissue” (RingNT ).

In the absence of constraints on the surrounding tissue, the optimizer may allow high-
dose radiation to ”spill” into healthy areas to easily achieve target coverage. To prevent this
and enforce a margin, the RingNT is introduced. The ring is defined as a shell surrounding
the combined target volumes (CTVHR and PTV ) with a thickness of 2 mm. Additionally, to
ensure that valid OAR sparing takes precedence, any volume of this shell that overlaps with
an OAR (Bladder, Rectum, Sigmoid) is subtracted as those are more restrictive.

3.4 Implementation of the Protocol Discovery Algorithm

The solution is implemented as a direct instance of RV-GOMEA. The algorithmic procedure
is detailed in Algorithm 3.

The process is initialized by generating a population P of N random candidate protocols
(Line 1). The evolutionary cycle is driven by the GOM operator (Line 6). The Linkage
Model is detailed in Section 3.4.1. This ensures that interdependent protocol parameters
(metric and corresponding aim) are considered together.

The connection to the clinical domain is handled entirely within the fitness function f
(Lines 2 and 7). When the algorithm requires a fitness value for a candidate x, it executes
the EvaluateFitness routine. This routine performs the k stochastic BRIGHT runs on the
training dataset D and computes the aggregate loss F(x) as defined in Equations 3.3 and
3.5. If the resulting loss is lower than that of the parent, the offspring is accepted into the
population immediately (Line 9), ensuring a strict improvement in solution quality.

The general GOMEA algorithm and GOM operator work as defined in [42] and can be
seen in Section 2.4.

3.4.1 Linkage Model Configuration

Since the efficiency of the GOM operator relies heavily on the quality of the linkage model.
While GOMEA typically uses a linkage learning mechanism to infer dependencies dynam-
ically, this research utilizes a fixed, pre-defined linkage tree constructed based on problem-
specific domain knowledge.

The structure of this fixed model is illustrated in Figure 3.1. A critical design choice
in this configuration is the exclusion of the univariate FOS (the set containing all indi-
vidual genes). This decision is motivated by the inherent ”atomic” nature of the proto-
col parameters in the full optimization. For instance, a single clinical objective, such as
CTVHR Dx1 > x7%, is defined by a pair of two highly correlated variables: the dose metric
x1 and the aim value x7. Modifying x1 without a corresponding adjustment to x7 is likely to
result in an ineffective constraint. Due to search space pruning strategies explained in the
following section, wrongly combined genes would end up re-initialized.
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By defining a fixed linkage tree that groups these interdependent parameters at the low-
est level (i.e., placing x1 and x7 in the same leaf subset), we force GOMEA to treat them
as an indivisible building block. This prevents the GOM operator from disrupting valid
metric-constraint pairings, thereby reducing the generation of non-viable offspring (e.g.,
for the DCTVHR we might want to explore [90, 90] and [50, 150], but not [90, 150] or [50,
90] which might fall into the discarded regions detailed in Section 3.5). Higher levels of
the tree aggregate these blocks into logical clinical categories (e.g., grouping all Coverage
aims versus Sparing aims), allowing the algorithm to swap complete objective blocks of the
protocol during crossover.

Algorithm 3 Outer loop
Input:

I: Protocol encoded individual
N: Population size
T : Termination condition
FOS: Linkage Model
Bright configuration:
D: Training data (anonymized example patients)
k: runs per patient averaged
r: runtime
dcps: Dose calculation points.

Output:
The best individual found in the population

1: P← InitializePopulation(N) ▷ Create N random individuals
2: EvaluateFitness(P, f ) ▷ Calculate fitness for each individual
3: t← 0
4: while not T do
5: for i = 1 to N do
6: oi← GeneOptimalMixing(Pi,P,FOS) ▷ Create one offspring for Pi

7: EvaluateFitness({oi}, f )
8: if f (oi)≥ f (Pi) then
9: Pi← oi ▷ Replace parent if offspring is better or equal

10: #Store the best individual
11: t← t +1
12: return best individual from P
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Complete Protocol

Coverage DVIs

CTV HR DVI PTV DVI

Sparing DVI

Bladder DVI Rectum DVI Sigmoid DVI Ring NT DVI

Figure 3.1: Diagram of the general linkage tree structure for the complete DVI experiments.

3.5 Computational challenges and Optimizations

The research methodology described in section 3.1 presents a significant computational
challenge: the prohibitive cost of the algorithm described in section 3.4.

The computational bottleneck comes from the fitness evaluations within RV-GOMEA.
The fitness evaluation of a single candidate protocol x (an individual in the EA) requires
executing BRIGHT k times for every patient for every individual of the population for every
partial evaluation of the GOM operator.

Therefore, the total number of BRIGHT simulations required is:

Total Runs = (Generations)× (Population Size N +Partial Evaluations)

× (Training Patients P)× (Stochastic Runs k)
(3.6)

where,

maxPartial Evaluations = N× (2l−1) (3.7)

This huge number of evaluations makes the number of fitness evaluations computation-
ally expensive. While BRIGHT itself is highly optimized for GPU parallelization, due to
hardware constraints, there is a limit on the number of BRIGHT runs that we can run in par-
allel. This limitation, combined with the sheer volume of runs required for the evolutionary
search, makes the ”naive” execution of this methodology computationally infeasible for a
proof-of-concept study.
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Optimization Strategies
To ensure the feasibility of the experiments, the strategy was not to optimize BRIGHT
further, but to minimize the total number of BRIGHT simulations performed by the outer
evolutionary algorithm. Four key optimizations were implemented:

1. Data-Driven Search Space Bounding: To reduce the search space, the range of
possible values for the protocol parameters was heuristically constrained using data
from the N training set plans. This process was tailored specifically for target volumes
versus OARs:

• For Target Volumes: The DVHs from all training patients were aggregated
for the specific volume O to determine the lower bound of clinically-achieved
values (e.g., the lowest D90%). The search range for the corresponding objective
was then set to the lower bound of the aggregated DVH with a 25% margin*:
[DV Ho,lb×0.75,DV Ho,lb×1.25].

• For Organs at Risk: The DVHs were similarly aggregated to determine the
upper bound of clinically-achieved values (e.g., the highest V65%). The search
range for the corresponding objective was set to the upper bound of the aggre-
gated DVH with a 50% margin*: [0,DV Ho,ub×1.50].

* These margins were set heuristically based on the results for Section 5.2.1 Figure
5.1.

This optimization is based on the assumption that the optimal protocol x∗ will define
objectives reasonably close to those already achieved by expert clinicians, allowing
the EA to focus its search on a smaller region of the parameter space.

2. Rejection by Clinical Plan Feasibility: This optimization uses the central hypothe-
sis: the expert’s clinical plans (pcli) are high-quality, feasible solutions. A candidate
protocol x defines the objectives used to calculate BRIGHT’s LCI and LSI scores
(as defined in Section 2.5). A validation step was introduced to check if pcli would
fail the candidate protocol x. For each patient, the LCI(pcli) and LSI(pcli) scores
were calculated using the DVIs from x. If LCI(pcli) < −0.25 or LSI(xcli) < −0.25,
it signifies that the expert’s own plan would be too far from the golden corner and
considered unacceptable by the candidate protocol x. Such protocols were deemed
”overly restrictive” and were immediately assigned a worst-possible (invalid) fitness
score, saving all N× k simulation runs.

3. Limited Stochastic Averaging: A pragmatic trade-off was made between the ac-
curacy of the fitness estimate and the available computational time. The number of
repeated runs for the fitness calculation was limited to k = 2 per patient. While a
higher k would provide an easier-to-navigate search space, k = 2 was deemed a suf-
ficient compromise. It helps to smooth minor variations in front generation without
rendering the experiments infeasible, which is acceptable for this proof-of-concept
investigation.
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4. Termination Criteria: To balance search efficiency with computational feasibility, a
dual termination strategy was employed.

a) Adaptive Early Stopping: The primary criterion uses a convergence-based
heuristic. The evolutionary run is terminated if no improvement is observed
in the population’s best-found solution for n consecutive generations. Based
on preliminary convergence observations, this threshold was set to n = 2, effec-
tively preventing the algorithm from expending resources on a stagnated search.

b) Maximum Computational Budget: As a safeguard, a hard upper limit on the
total time the experiment can run. This ensures that in cases of slow conver-
gence, the experiment stays feasible.

The algorithm terminates when the first of these two conditions is met.
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Chapter 4

Experiments

This chapter details the experimental framework used to evaluate the automated protocol
discovery method proposed in Chapter 3. We begin by describing the clinical dataset,
which serves as the ground truth for our research. Then, we outline the progression of
four experiments, incrementally increasing the complexity of the genotype representation
and formulating hypotheses on how it will affect the results.

4.1 Design of Experiments

4.1.1 Dataset

The dataset used in this research consists of anonymized clinical data from 7 patients who
underwent brachytherapy for cervical cancer at Virginia Commonwealth University (VCU).
The dataset was partitioned into:

• A training set of 6 patients, used to guide the evolutionary optimization algorithm and
draw initial conclusions from the progressively more complex experiments.

• A validation patient, randomly selected before the study, held out and used exclu-
sively for the final evaluation of the optimized protocol, for an unbiased assessment
of its generalization capabilities.

For each patient case, the dataset includes:

• The 3D patient geometry derived from CT scans, which show the applicator catheters
in place.

• The pre-defined dwell positions for the radiation source within the catheters.

• A set of delineated 3D structures, including: the Clinical Target Volume - High Risk
(CTVHR) and Planning Target Volume (PTV ), and the relevant OARs, the bladder,
rectum, and sigmoid.

26



4.1. Design of Experiments

• The clinically-approved treatment plan, specified as a vector of dwell times. As pre-
viously mentioned, this plan represents the ”ground truth” for this study, as it was
created by a medical physicist and deemed safe and effective for treatment.

Given the sample size, this research should be considered a proof-of-concept. The pri-
mary objective is to establish the feasibility and potential of using an evolutionary algorithm
to automate the development of a clinical protocol for BRIGHT, rather than to produce a
protocol that can create improved treatment plans.

4.1.2 Protocol Representation and Genotype Encoding

As defined in Section 3, a clinical protocol x consists of a collection of inequalities, where
each inequality represents a DVI imposed on a specific ROI as defined in Section 2.2.

Our optimization approach explores the protocol space by evolving different parts of
the DVI. We distinguish between two types of parameters:

1. Right-Hand Side (RHS): The Aim and Limit of the DVI (e.g., optimizing the 2cm3

threshold).

2. Left-Hand Side (LHS): The type and quantity of the Metric (e.g., optimizing the 65%
isodose level).

The genotype of an individual in the evolutionary algorithm is represented as a real-
valued vector g⃗ ∈Rd . Each gene gi in this vector corresponds to a specific parameter of the
protocol. The dimensionality d and the specific mapping of genes to protocol parameters
vary across the experiments to test the impact of representational freedom (Hypothesis 2).
The specific encoding schemes for the structured (RHS-only), partial (Single or Double
DVI), and unconstrained (Full Protocol) experiments are detailed in Sections 4.3, 4.4, 4.5,
respectively.
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4.2 Search Space Exploration Experiment

Before proceeding to protocol optimization, it is crucial to understand the search space to
better analyze the results from the experiments described in the following Sections.

4.2.1 Objective

The objective of this experiment is to perform a comprehensive landscape analysis by iso-
lating a single DVI for the CTVHR volume. By systematically mapping the fitness values
across a grid of possible metric-aim combinations, we will be able to visualize the ”noise”
introduced by BRIGHT and determine the computational resources required to mitigate it.
Furthermore, we investigate the impact of manipulating the fitness function via normaliza-
tion to potentially accelerate the search process.

This experiment is guided by RQ1, which we have split into two specific research ques-
tions:

Research Question 1.1 (Stochastic Mitigation)

Does increasing the computational cost per evaluation, the number of averaging runs
k per patient, yield a smoother fitness landscape?

Research Question 1.2 (Convergence Velocity)

Can the convergence rate of the automated discovery process be accelerated by intro-
ducing a normalization factor that artificially steepens the fitness gradient in regions
distant from the clinical ground truth?

4.2.2 Hypotheses

The main factor in this experiment is the stochastic nature of the fitness function. We postu-
late the hypothesis (H1) that applying specific landscape smoothing and shaping techniques
will provide a sufficiently stable signal for the evolutionary algorithm to converge, despite
the noise of the inner loop. To expand on this, we propose the following specific hypotheses
for each research question:

• Hypothesis 1.1 - Variance Reduction via Averaging: We hypothesize that the fit-
ness landscape constructed using a low number of averaging runs (k = 2) will exhibit
significantly more noise, characterized by spurious local optima that may mislead
the search. In contrast, increasing the averaging to k = 10 or higher is expected to
smooth the noise, revealing the region where the optimal should be and facilitating a
more reliable navigation for the optimizer.

• Hypothesis 1.2 - Gradient Steepening via Normalization: We hypothesize that the
introduction of a normalization factor will improve convergence speed. By penalizing
protocols that generate plans far from the region of interest, the normalization factor
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is expected to worsen the fitness scores of ”uninteresting” areas of the search space.
This should theoretically create a steeper descent gradient, effectively ”pushing” the
population members toward the clinically viable region more rapidly than a non-
normalized objective function.

4.2.3 Experimental Configuration

To rigorously characterize the topology and noise of the search space, we designed a grid-
search experiment isolating the effects of a single DVI for CTVHR. In this configuration, the
DVIs for the PTV and all OARs were held constant at their baseline protocol values (xbase)
3.3 to prevent effects from objective dependencies.

The search space was defined as a two-dimensional plane formed by varying the metric
and the aim of the CTVHR DVI. The sampling grid was constructed with a uniform step size
of 2% along both axes:

• Metric Parameter (Volume): Sampled within the range [7%,99%]* of the ROI.

• Aim Value (Dose): Sampled within the range [1%,249%]* of the nominal prescribed
dose (7.0 Gy).

* The radiation limit was set at 250% as an extreme value that we don’t expect as a result of
the optimization. Then the volume starts at 7%, which is the value of the aggregated DVH
at 250% of dose.

To accurately quantify the variance introduced by the underlying randomized optimiza-
tion in BRIGHT, we performed k = 50 independent planning runs for each discrete coor-
dinate pair sampled within this grid. This way we can compare three averaging scenarios:
k = 2, k = 10, k = 50.

Then, to investigate the impact of gradient steepening (Hypothesis 1.2), we introduced
a normalization factor to the objective function. This factor penalizes DVIs that include low
values (i.e., near-zero dose or volume), theoretically accelerating convergence by steering
the search away from uninteresting regions. The normalized fitness function for coverage
DVIs is defined as:

F(AFS)
norm = F(AFS)+

1
xvol

100
∗ xdose

100

(4.1)

where the fitness corresponds to the calculated AFS metric, and xvol and xdose represent
the percentage values of the metric and aim parameters, respectively.
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4.3 Initial Evaluation Experiment

4.3.1 Objective

The objective of this experiment is to establish the feasibility of the RV-GOMEA-based
optimization framework by applying it to a constrained, well-defined problem: the opti-
mization of protocol aims (RHS) within a fixed structure. As previously mentioned, this
initial test serves as a validation of both the algorithm’s ability to navigate the search space
and the utility of the proposed Average Front Similarity (F(AFS)) fitness function defined in
Equation 3.4. The optimized protocols for this experiment will be referred as xE1

This experiment is guided by RQ2, which we have split into two more specific research
questions:

Research Question 2.1 (Algorithmic Convergence)

Can the RV-GOMEA-based algorithm minimize the F(AFS) error by optimizing the
six aims of a fixed-structure protocol, achieving a fitness score superior to that of the
pre-defined clinical Baseline Protocol?

Research Question 2.2 (Metric Validation)

Does minimizing the F(AFS) objective function correlate with clinical relevance?
Specifically, does the optimized protocol x∗E1 generate treatment plans that are quan-
titatively and qualitatively similar to the expert-approved clinical plans?

4.3.2 Hypotheses

The premise of this experiment is that an evolutionary algorithm can extract implicit expert
knowledge from a dataset of approved clinical plans to discover a single, generalized pro-
tocol x∗E1. We hypothesize (H2) that when applied to unseen patient cases, this discovered
structured protocol will enable BRIGHT to automatically generate treatment plans that are
quantifiably similar to those created by human experts.

Specifically, we propose the following specific hypotheses for each research question.

• Hypothesis 2.1 - Convergence in a Structured Protocol: We hypothesize that the
EA will successfully converge to a region of the search space with low error, iden-
tifying a protocol vector x∗E1 that generates treatment plans with quantifiable higher
similarity to the clinical ground truth than those produced by the baseline protocol.
This expectation is because of the following two factors:

1. The fixed protocol structure restricts the optimization to 6 dimensions, reduc-
ing the search complexity sufficiently for the algorithm to navigate within the
limited computational budget.
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2. Since the baseline protocol values lie within the search bounds, the algorithm
should, at a minimum, rediscover these values, expecting at least a performance
equal to that of the baseline protocol.

• Hypothesis 2.2 - Clinical Alignment: We expect that the optimized parameter values
in x∗E1 will align closely with the baseline protocol. By enforcing clinically relevant
metrics from the start (rather than allowing the algorithm to explore arbitrary propor-
tional isodoses), we constrain the search to a clinically interpretable subspace, which
we hypothesize will lead to parameters that mirror established expert consensus.

4.3.3 Experimental Configuration

Genotype Encoding

The fixed structure of the clinical protocol is the following: The metrics for the targets
are fixed to D90%, and the metrics for the OARs are fixed to V65% and V90%, based on the
baseline protocol described in Section 3.3. Therefore, the optimization task of the aims for
these metrics is as follows.

The genotype is a 6-dimensional real-valued vector, xE1 = (x1,x2,x3,x4,x5,x6), where
each gene maps directly to a specific aim:

DCTVHR
90% > x1%

DPTV
90% > x2%

V Bladder
65% < x3 cm3

V Rectum
65% < x4 cm3

V Sigmoid
65% < x5 cm3

V RingNT
90% < x6 cm3

Population Size and Runtime

To determine the size of the population for these experimental runs, we used the univariate
formula 4.2 [34].

Population Size≈ 10
√

Genotype Size (4.2)

10
√

6≈ 25

The experimental runs were set to run for a maximum of 1 month (≈ 720h).

Algorithm Configuration

The outer loop uses RV-GOMEA to evolve the protocol population. The inner loop uses
BRIGHT to evaluate the fitness of each candidate protocol. The configurations are detailed
in Table 4.1.
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Table 4.1: Parameter values for the Initial Evaluation Experiment. Optimization algorithm
(Outer loop). Fitness function (Inner loop, BRIGHT).

Parameter Value

Outer Loop: RV-GOMEA (Protocol Search)

Training data 6 patients
Population Size 25 4.2
Linkage Model Univariate

Termination criteria Runtime ≤ 720 h

Inner Loop: BRIGHT (Fitness Evaluations)

Total runs 12 (2 × 6 patients)

Performance Metrics

The experiment results are evaluated during the optimization process, and on the outcome:

1. Optimization Process Metrics: The evolutionary run is guided by the AFS objective
function 3.4. AFS was chosen for this initial experiment as a result of small observations
where using CPS would consistently set the clinical plan on the edge of the Pareto approx-
imation front, resulting in fewer plans close to the clinical plan in the lsi vs lci space. AFS
was chosen because it evaluates the entire Pareto front, rewarding protocols that consistently
produce good trade-off solutions and generalizing much better to unseen patients rather than
a single plan that happens to be close to the ground truth.

The fitness/loss of the individuals generated by the EA will be the main metric for ana-
lyzing the process. This will be visualized by plotting the ”Best-so-far” fitness, the fitness
of the individual with the lowest F(AFS) discovered up to and including each generation.
This fitness value doesn’t necessarily point directly to the best individual of the population
due to the inherent noise, yet it is a good indicator that the solution falls within the set of
better solutions worth investigating.

2. Final Protocol Quality Metrics: The output of the experiment is the final, optimized
6-dimensional protocol vector, x∗E1 (the best-so-far individual from the final generation).
The quality of x∗E1 is assessed in two ways:

• Qualitative Analysis of the Protocol: The optimized parameter vector x∗E1 will be
compared against the baseline values. This analysis will assess whether the algo-
rithm’s solution is similar to the expert-derived one or if it discovered a very distinct
set of aim values.

• Qualitative Analysis of the generated plans: The protocol’s ability to generate high-
quality treatment plans. Plans generated using x∗E1 will be compared to plans gener-
ated with the baseline protocol to asses if there is a noticeable improvement past the
numerical fitness value.
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4.4 Partial Protocol Optimizations

4.4.1 Objective

The objective of this experiment is to evaluate the performance and robustness of the evolu-
tionary algorithm in a higher-dimensional, more flexible search space. Unlike in the initial
investigation, in which we optimized protocol aim values within a pre-defined structure, the
investigation of simultaneously optimizing the metric definition and the aim values should
give us a better insight into the complete protocol optimization, as we are more likely to get
stuck on metrics irrelevant to clinical practice. The optimized protocols for this experiment
will be referred as xE2

By allowing the algorithm to evolve what to measure in addition to what limit to enforce,
we aim to determine whether the EA can autonomously discover clinically relevant DVIs.
This experiment is guided by RQ3:

Research Question 3

How does increasing the complexity of the genotype, allowing the evolution of met-
ric definitions, affect the convergence behavior of the EA and the quality of the
resulting solutions?

To systematically isolate the effects of this increased complexity and validate the find-
ings from the search space research in Section 4.2 regarding fitness landscape topology, the
investigation is divided into three incremental sub-experiments:

• CTVHR optimization: Optimization of the metric definition (xvol) and aim value
(xdose) for the CTVHR. To validate the impact of search-space steepening (Hypothesis
1.2), this sub-experiment is performed twice: once with the standard F(AFS) fitness
function and once with the normalized one F(AFS)

norm .

• PTV optimization: Analogous optimization isolated to a single DVI for PTV , also
comparing the normalized versus non-normalized fitness functions.

• CTVHR + PTV optimization: Simultaneous optimization of the metric definitions
and aim values for both the CTVHR and PTV (4 dimensions total). This final stage
utilizes only the fitness function configuration (F(AFS) or F(AFS)

norm ) that demonstrated
superior convergence behavior in the previous experiments.

4.4.2 Hypotheses

We propose the hypothesis (H3) that the quality of the discovered protocol is positively
correlated with the flexibility allowed in the genotype. Specifically, we postulate that an op-
timization of both metric definitions and aim values will yield a superior solution compared
to optimizing aim values alone, despite the increased complexity of the search space.

To analyze the impact of this complete DVI optimization, we propose the following
specific hypotheses.
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• Hypothesis 3.1 - Search Space Complexity: As the dimensionality and interdepen-
dency of the search space increase from the isolated cases to the combined case, the
optimization task will become more difficult. We expect this to manifest as slower
convergence rates, requiring a greater number of generations to reach a stable fitness
plateau compared to the lower-dimensional baselines.

• Hypothesis 3.2 - Solution Variance: The individuals generated in the combined ex-
periment are expected to exhibit greater variance across independent runs compared
to the initial ones. This is attributed to the expanded search space, which likely con-
tains multiple distinct local optima (different metric-value combinations) that satisfy
the clinical criteria equally well.

• Hypothesis 3.3 - Clinical Plausibility: Despite the increased complexity, we hy-
pothesize that the EA will robustly identify clinically plausible parameters. Specifi-
cally, we expect the optimized metrics to converge near standard clinical indices (e.g.,
D90%), demonstrating that the algorithm can ”rediscover” established clinical wisdom
without any explicit hard-coding.

4.4.3 Experimental Configuration

This experiment builds upon the findings of the search space investigation. Based on the
”funneling” effect observed in the search space analysis (Section 5.2.2), we explicitly test
the hypothesis that penalizing trivial solutions accelerates convergence by using both F(AFS)

and F(AFS)
norm fitness functions.

Genotype Encoding

The genotype encodes the parameters to be optimized, while all inactive constraints (in-
cluding all OARs) are held constant at their baseline values.

1. CTVHR optimization:

• Genotype: xE2a = (x1,x2)

• Mapping: DCTVHR
x1% > x2%

• Comparison: Non-normalized fitness function (F(AFS)) vs. normalized fitness
function (F(AFS)

norm )

2. PTV optimization:

• Genotype: xE2b = (x1,x2)

• Mapping: DPTV
x1% > x2%

• Comparison: Non-normalized fitness function (F(AFS)) vs. normalized fitness
function (F(AFS)

norm )

3. CTVHR +PTV (Complete Targets) optimization:
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• Genotype: xE2c = (x1,x2,x3,x4)

• Mapping: DCTVHR
x1% > x3% and DPTV

x2% > x4%

• Only non-normalized fitness function. Explained in Section 5.4.

Population Size and Runtime

To determine the size of the population for these experimental runs, we used the multivariate
formula 4.3 [34].

Population Size≈ 3×Genotype Size1.5 +17 (4.3)

3×21.5 +17≈ 25

3×41.5 +17 = 41

The experimental runs were set to run for a maximum of 1 week each (≈ 160h).

Algorithm Configuration

The evolutionary settings are summarized in Table 4.2. Note that, due to computational
constraints, this experiment ran for only a few days to ensure it could be repeated several
times.

Table 4.2: Parameter values for Experiment 3. Optimization algorithm (Outer loop). Fitness
function (Inner loop, BRIGHT).

Parameter Value

Outer Loop: RV-GOMEA (Protocol Search)

Training data 6 patients
Population Size 25 / 41 4.3
Linkage Model Described in Section 3.4.1

Termination criteria Runtime ≤ 160 h
Repetitions 6

Inner Loop: BRIGHT Configuration (Fitness Evaluations)

Total runs 12 (2 × 6 patients)

Performance Metrics

Consistent with previous experiments, performance is assessed at both the process and out-
come levels. However, given the expanded search space and the additional comparison of
this experiment (Normalized vs. Non-normalized), that additional comparison is consid-
ered:
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1. Optimization Process Metrics: We track the generation-mean and best-so-far fitness
trajectories to quantify the ”speed” of evolution between using F(AFS) or F(AFS)

norm (in the
single DVI experiments), serving to validate the search space steepening effect (Hypothesis
1.2).

For a fair comparison, the normalization penalty factor has been removed from the final
fitness values shown in the plot.

The plots used to evaluate the results are:

• Generation-mean fitness: The average F(AFS) error of all individuals in the population
at each generation.

• Best-so-far fitness: The lowest F(AFS) error found in the population at or until each
generation.

2. Final Protocol Quality Metrics: The output of the experiment is evaluated not just
on performance, but also on clinical plausibility and search space characteristics:

• Qualitative Analysis of the Protocol: The optimized parameter vector x∗E2 will be
compared on the different scenarios to determine how it varies on the different runs,
as well as compared to the baseline protocol.

• Qualitative Analysis of the generated plans: The protocol’s ability to generate high-
quality treatment plans. Plans generated using x∗E2c will be compared to plans gener-
ated with the baseline protocol to assess if there is a noticeable improvement.

4.5 Complete Protocol Optimization

4.5.1 Objective

The objective of this final experiment is to assess the scalability of the optimization ap-
proach on the complete, unconstrained protocol discovery problem. This involves the si-
multaneous optimization of both the metric definitions and the aim values for all six DVIs
(two target volumes and four OARs), resulting in a 12-dimensional search space.

Furthermore, this experiment investigates the relationship between computational power,
landscape smoothness, and convergence velocity. By leveraging massive parallelization, we
aim to determine if increasing the stochastic averaging factor (k) (thereby smoothing the fit-
ness landscape as previously observed in 4.2) enables the EA to navigate this complex space
more efficiently. The complete unconstrained set of protocol parameters optimized on this
experiment will be referred to as (xE3).

This experiment is guided by RQ4, which we have split into two research questions:
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Research Question 4.1 (Feasibility & Cohesion)

Can GOMEA successfully navigate the 12-dimensional search space to discover a
clinical protocol that produces treatment plans similar enough to the plans made by
experts?

Research Question 4.2 (Search Space Smoothing Results)

Does mitigating the stochastic noise of the fitness function through high-throughput
parallelization (increasing averaging runs from k = 2 to k = 16) result in faster con-
vergence and superior final solution quality?

4.5.2 Hypotheses

This final experiment addresses the scalability of the proposed framework. We postulate
the hypothesis (H4) that the RV-GOMEA framework, specifically its GOM operator, scales
positively to high-dimensional search spaces. However, we can mitigate the additional over-
head by providing sufficient parallelization.

To evaluate this scalability and the impact of computational resources, we propose the
following specific hypotheses.

• Hypothesis 4.1 - Dimensionality Challenge: We hypothesize that the significant
increase in dimensionality (from 4 variables in the previous experiment to 12) will
present a substantial challenge for the resource-constrained scenario (k = 2), poten-
tially getting trapped in a local optimum.

• Hypothesis 4.2 - Acceleration via Smoothing: Based on the landscape analysis, we
hypothesize that the ”High-Compute” scenario (k = 16) will allow the EA to converge
in fewer generations and avoid the local optima traps predicted in H4.1. Justifying
the increased computational resource usage.

4.5.3 Experimental Configuration

Genotype Encoding

The genotype is a 12-dimensional real-valued vector xE3 = (x1, . . . ,x12). Each pair of pa-
rameters (xi,xi+6) defines a complete DVI for one of the six ROIs. The mapping is defined
as follows:
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4. EXPERIMENTS

DCTVHR
x1% > x7%

DPTV
x2% > x8%

V Bladder
x3% < x9 cm3

V Rectum
x4% < x10 cm3

V Sigmoid
x5% < x11 cm3

V RingNT
x6% < x12 cm3

Computational Scenarios

To address Research Question 4.2, the experiment is executed under two distinct computa-
tional configurations:

1. Scenario A (Standard Compute): The baseline configuration using 3 GPUs.

• Averaging: k = 2 runs per patient (12 total simulations per fitness evaluation).

• Rationale: Represents a resource-constrained environment and more represen-
tative comparison to previous experiments.

2. Scenario B (High-Performance Compute): An accelerated configuration using 48
GPUs.

• Averaging: k = 16* runs per patient (96 total simulations per fitness evaluation).

• Rationale: Utilizing massive parallelization to reduce fitness noise. Expected to
converge in less generations.

* The k value was selected to fully utilize the computational resources provided. We do not
necessarily expect a huge difference between k = 10 and k = 16.

Population Size and Runtime

To determine the size of the population for these experimental runs, we used the multivariate
formula 4.3:

3×121.5 +17≈ 142

The experimental runs were set to run for a maximum of 2 months (≈ 1400h).

Algorithm Configuration

The evolutionary settings are summarized in Table 4.3.
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4.5. Complete Protocol Optimization

Table 4.3: Parameter values for the complete protocol experiment. Optimization algorithm
(Outer loop). Fitness function (Inner loop, BRIGHT).

Parameter Value

Outer Loop: RV-GOMEA (Protocol Search)

Training data 6 patients
Population Size 142
Linkage Model Described in Section 3.4.1

Termination criteria Runtime ≤ 1400 h

Inner Loop: BRIGHT Configuration (Fitness Evaluations)

Total runs 12 / 96 (2 or 16 × 6 patients)

Performance Metrics

To assess the scalability of the proposed framework and the clinical validity of the fully
evolved protocols, performance is evaluated across three distinct aspects: optimization pro-
cess, final protocol quality, and clinical acceptability.

1. Optimization Process Metrics: Consistent with the previous experiments, the pri-
mary quantitative indicators of success remain the evolutionary process metrics:

• Generation-mean fitness: The average F(AFS) error of all individuals in the pop-
ulation at each generation.

• Best-so-far fitness: The lowest F(AFS) error found in the population at or until
each generation.

2. Final Protocol Quality Metrics:

• Quantitative Generalization: The measure of clinical utility remains the pro-
tocol’s generalization capability. The best-performing individual x∗E3 is applied
to the different patients, and the resulting Pareto fronts and treatment plans are
evaluated. The results of the treatment plans generated will be expanded in
Appendix 7.

• Qualitative Metric Analysis: We assess whether the EA autonomously con-
verges close to standard clinical indices.

3. Clinical Expert Assessment: A senior medical physicist from VCU, blinded to the
origin of the plan where possible, will perform a detailed review of the treatment plan
generated by the optimized protocol x∗E3 for the validation patient.
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4.6 Experimental Setup

Finally, mention that the experiments were performed on a Linux server. The hardware
comprised a dual-socket configuration with two Intel Xeon Bronze 3206R CPUs, making
a total of 16 physical cores available at a base clock speed of 1.90GHz. For hardware
acceleration, the server was equipped with three NVIDIA RTX A5000 GPUs, each with
24 GB of dedicated memory. Both the evolutionary search process and the clinical plan
evaluations were GPU-accelerated using the CUDA 11.7 toolkit.

The algorithmic framework was developed in Python 3.12. The core evolutionary opti-
mization was driven by our implementation of GOMEA, and the generation and evaluation
of candidate plans was done with the latest version of BRIGHT.
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Chapter 5

Results

Following the experimental design and methodology detailed in Chapters 3 and 4, this chap-
ter presents the findings derived from the different experiments.

We begin by explaining the thresholds that will act as a point of reference for the fol-
lowing experiments. Next, in Section 5.2 we present the analysis of the problem, observing
the impact of stochasticity and evaluating the efficacy of the proposed normalization strate-
gies. After that, in Section 5.3 we address the initial evaluation, assessing the algorithm’s
ability to optimize the aim values within a fixed protocol structure. Subsequently, Sections
5.4 and 5.5 present the outcomes of the partial and full protocol optimizations, testing the
system’s capacity to handle increased representational freedom. Finally, we present the
insights obtained from discussing the results with a clinical expert.

Throughout this analysis, we revisit the research questions and hypotheses presented
on previous chapters. We evaluate whether the obtained data support the hypotheses and
discuss the fitness evolution and dose distribution improvements.

5.1 Baseline Protocol Performance

To evaluate the performance of the baseline protocol, we ran BRIGHT 100 times for all the
patients in the training set and we reported the mean fitness over the 100 runs, as well as the
best fitness value to be used as thresholds to indicate how our algorithm performed during
each experiment. The results will be visualized on the plots for the following experiments.

5.2 Search Space Investigation Results

This experiment aims to characterize the fitness landscape of the CTVHR objective, specif-
ically focusing on the trade-off between computational cost (averaging runs k) and land-
scape smoothness (H1.1), as well as the potential for gradient steepening via normalization
(H1.2).

It is important to note that the plots focus on the clinically relevant subset of the search
space. Two regions of the parameter grid were omitted from the analysis for the following
reasons: First, the upper-right region of the DVH, representing DVIs that combine high-
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volume metrics with high-dose aims, consistently yielded infeasible treatment plans. Sec-
ond, the lower-left region represented trivial constraints. These ”loose” DVIs exerted little
optimization pressure on the planning software.

5.2.1 Impact of Stochastic Averaging

The topology of the fitness search space under varying levels of stochastic averaging (k = 2,
k = 10, and k = 50) is presented in Figure 5.1. Each heatmap shows the fitness value F(AFS)

across the DVH.
In the k = 10 and k = 50 plots (Figures 5.1b and 5.1c), a high-fitness region is clearly

identifiable near [94,90] (corresponding to the DVI DCTVHR
90% < 94%). In contrast, in the k = 2

scenario, this region is still there but much more difficult to identify.
This confirms that even with low averaging, the global optimum is there. However, the

texture of the landscape varies significantly:

• At k = 2 (Figure 5.1a): The landscape shows substantial noise. This creates numerous
local optima, which poses a risk that the evolutionary algorithm will become trapped
or oscillate between them.

• At k = 10 (Figure 5.1b): The landscape becomes remarkably smoother. The noise is
mostly averaged out, revealing a clearer gradient.

• At k = 50 (Figure 5.1c): The landscape becomes slightly smoother than the previous
scenario, demonstrating that additional computation efforts help, but the improve-
ments get significantly lower.

While increasing k results in a cleaner signal, the computational cost scales linearly with
k. The transition from k = 2 to k = 50 represents a 25-fold increase in runtime. The results
suggest that, while k = 2 is noisy, it might still be good enough. Therefore, considering the
already expensive fitness function, this is the averaging that will be used in Section 5.3 and
Section 5.4.

(a) k = 2 (b) k = 10 (c) k = 50

Figure 5.1: Heatmap representation of the fitness space for the DVH possible values for the
CTVHR with different levels of averaging.
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5.2.2 Impact of Fitness Normalization

The effect of the normalization factor on the search gradient is depicted in Figure 5.2, which
compares the non-normalized fitness landscape against the normalized version (using k= 10
for both to ensure clarity).

The non-normalized scenario shows a relatively flat plateau in regions far from the re-
gion surrounding the baseline protocol DVI (e.g., in very low-volume settings). In contrast,
the normalized landscape shows a steeper gradient, particularly pronounced at the bottom-
right of the DVH.

These results seem to support H1.2. The normalization factor effectively penalizes clin-
ically irrelevant regions (where xvol or xdose are near zero), artificially creating a stronger
selection pressure that guides the population toward the region we want to explore without
hard-coded constraints. This steepening should accelerate the early phases of the evolu-
tionary search. The quantitative validation of this convergence speedup is presented in the
optimization results of the partial optimization experiment (see Section 5.4).

(a) without normalization factor (b) with normalization factor

Figure 5.2: Heatmap representation of the fitness space for the DVH possible values for the
CTVHR with and without normalized fitness values.

Answering RQ1.1, the increased averaging works, as hypothesized, well with the prob-
lem, and it will be noticeable in Section 5.5. RQ1.2 will be discussed in the following
section.
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5.3 Initial Evaluation Results

The optimization performance is visualized in Figure 5.3, which tracks the fitness improve-
ment of the objective function F(AFS) across three independent runs of the algorithm. The
results report the elite solution found in each generation.

Notably, even within the first generation, all three runs identified at least one protocol
that resulted in a front of treatment plans superior to the baseline. Subsequent generations
demonstrate the efficacy of the selection mechanism, which produced incrementally better
plans. Despite the limited number of generations, the algorithm successfully navigated the
search space, thereby validating H1.1.

Shifting our focus now to the best protocol obtained. Even if the optimization might
still have room for improvement, as there are no signs of convergence, observing plans
generated with this protocol should already show more similarity.

The protocol DVIs are the following:

DCTVHR
90% > 110.9%

DPTV
90% > 94.5%

V Bladder
65% < 2.02 cm3

V Rectum
65% < 2.75 cm3

V Sigmoid
65% < 2.74 cm3

V RingNT
90% < 3.04 cm3

The resulting aims look more restrictive than the baseline protocol (Table 3.2). How-
ever, this is not a problem if it allows BRIGHT to generate plans with the same coverage
and a more similar dose distribution. As we mentioned in H2.2, the resulting aims look
reasonably similar to what the clinical experts would define.

To assess the impact of these parameters, we examined the dose distribution similarity
for one of the patients. It is important to note that because the optimization minimizes an
aggregate loss across the entire patient set, improvements may not be present for every pa-
tient. However, given the improved fitness score, some gains in plan similarity are expected
for a subset of the patients.

Figure 5.4 presents a qualitative comparison for one of the patients. The figure dis-
plays the clinically approved plan (left) alongside the optimized plan (right), both plans
selected with the same DCTVHR

90 coverage. The central panel illustrates the radiation differ-
ences, where green denotes areas of increased irradiation in the optimized plan and purple
denotes decreased irradiation. Consequently, regions with lower color saturation indicate
higher similarity in dose distribution.

Inspection of these comparison plots confirms that the optimized protocol produces
treatment plans more similar to the clinically approved plan.

Note: For the lateral views, ROIs are delineated as follows: CTVHR (blue), PTV (red),
Bladder (yellow), Rectum (brown), and Sigmoid (green). Isodose lines correspond to 50%
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5.3. Initial Evaluation Results

(green), 75% (yellow), 100% (red), and 150% (blue) of the planned dose.

Further exploration of individual treatment plans will be done in Section 5.5.
Answering RQ2.1 and RQ2.2, the algorithm optimized the structured protocol as we

expected, and the obtained aims are of clinical relevance and easily interpretable by clinical
experts.

Figure 5.3: Optimization of Aim values using the same protocol structure as the base-
line protocol. Fitness values of the best-so-far through generations of 3 experimental runs.
(lower is better)
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(a) Patient 6, CT slice 28.

(b) Patient 6, CT slice 30.

Figure 5.4: Dose distribution comparison of two treatment plans for the same patient. Clin-
ical plan (left), Optimized plan (right), Radiation comparison (middle). Baseline protocol
(top), Protocol with the lowest error (bottom). (Less color in the middle plot is better)
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5.4 Partial Optimization Results

The results for the single-DVI protocol optimizations are summarized in Figure 5.5. These
plots illustrate the evolution of the single DVI experiments (CTVHR and PTV ), comparing
performance under both normalized and non-normalized fitness formulations.

Figure 5.5a shows the average population fitness at each generation. These findings
contradict the expectations outlined in Section 5.2.2. Contrary to H1.2, the runs utilizing
the normalized fitness function failed to demonstrate a faster convergence rate compared
to the non-normalized runs. Consequently, answering RQ1.2, the normalization factor
was deemed ineffective for this specific problem. Based on these observations, the non-
normalized fitness function was selected for subsequent experiments.

A detailed examination of the convergence trajectories for each population in each sce-
nario (provided in the Appendix 7) reveals that all execution runs converged to a region
proximal to the baseline protocol values. This is supported by the DVIs presented in Sec-
tion 5.4.1, summarized in Table 5.1. The DVIs resemble the ones in the baseline protocol.
Therefore, we can conclude that the resulting DVIs represent clinically intuitive aims con-
sistent with standard practice. This indicates that the optimization successfully avoided
convergence toward proportional yet clinically irrelevant DVIs, regardless of whether the
normalization factor was used.

Regarding the elite solutions discovered presented in Figure 5.5b, improvements over
the baseline protocol are observable but marginal compared to the gains achieved in the
previous experiment. This reduced performance is likely due to the more limited search
space. By limiting the protocol to explore DVI candidates for only a single volume, the
optimization is unable to balance competing objectives. Specifically, the aim for one target
volume may be dominated by the fixed DVI of the other.

This is supported by the results in Figure 5.6. When the search space is expanded
to include both coverage DVIs (DCTVHR and DPTV ), the optimization yields a solution ap-
proaching the fitness levels comparable to the optimization in Section 5.3.

5.4.1 Analysis of the Generated Treatment Plans

From all the individuals explored, it is hard to tell which one is the best one. This is be-
cause, even if the huge number of DCPs is a good estimate, when comparing thousands of
individuals, the chosen seed can have a big impact on the evaluation of a solution. However,
for practical reasons we can be certain that the protocol that obtained the best fitness is at
least within the subset of solutions that are feasible, and close to the best.

First, let’s take a look at the DVI values generated, which are shown in Table 5.1. We
can see the values for CTVHR and PTV come quite close to the baseline protocol.

Now, looking at the protocol that achieved the best fitness:

DCTVHR
92.8% > 105.6%

DPTV
92.7% > 86.12%
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(a) Population’s average fitness at each generation (b) Best-so-far individual at each generation

Figure 5.5: Optimization of a single DVI (CTVHR or PTV ) using F(AFS) or F(AFS)
norm (lower is

better)

Table 5.1: Summary of the obtained DVIs across 6 runs of each scenario.

Experiment Best DVIs

CTVHR without normalization DCTVHR 89.12%±2.13% > 100.37%±6.87%
CTVHR with normalization DCTVHR 90.27%±3.65% > 100.35%±6.10%
PTV without normalization DPTV 87.26%±10.06% > 81.43%±9.56%

PTV with normalization DPTV 88.75%±6.80% > 82.69%±4.66%
CTVHR +PTV DCTVHR 91.70%±1.13% > 108.21%±3.50%

DPTV 90.38%±2.43% > 93.06%±6.94%

Baseline Protocol DVIs DCTVHR 90% > 94%
DPTV 90% > 80%

The target aims are more restrictive than those of the baseline protocol. Regardless,
BRIGHT manages to generate treatment plans with the same DCTVHR

90 that we will compare
for one of the patients. Additionally, looking at the generated Pareto approximation front
for one of the patients in Figure 5.8, we can see how the algorithm tries to place the front
as close to the clinical plan as possible and it never falling on the extremes, thus giving
more margin for the clinical experts to go higher or lower on coverage, just focusing on
maintaining the trade-off.

Figure 5.8 shows a comparison of dose distributions between the baseline protocol and
a protocol with modified target aims corresponding to those last presented. What we ob-
served through multiple CT scan slices is that the difference with the baseline protocol is
very hard to notice. This might be due to the sparing aims being more forgiving that the
intent during planning of the clinical treatment plan. A more comprehensive analysis of
dose distributions will be done on the next experiment where the sparing aims will be a lot
more restrictive.
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Figure 5.6: Optimization of two DVIs (CTVHR +PTV ) using F(AFS) vs. single-DIV opti-
mizations. Best-so-far individual at each generation (lower is better)

Addressing the aforementioned hypotheses, H3.1 seems correct since the average pop-
ulation fitness struggles more to reach the threshold level than in the previous experiment.
However, this is not an issue since the elite solutions are of more relevance for our research.
About H3.2, it was surprisingly incorrect. Observing the Table 5.1, it can be seen that the
combined experiment of DCTVHR and DPTV had lower variance than the single-DVI exper-
iments (Figure 5.6). We attribute that result to the low sample size of experimental runs.
Finally, Table 5.1 confirms H3.3, resulting in a positive answer to the RQ3. The resulting
DVIs did not fall into irrelevant proportional values, but instead were very similar to the
structured protocol ones.
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Figure 5.7: Pareto approximation front for one of the patients generated by BRIGHT using
the best protocol optimizing CTVHR + PTV . The blue star represents the clinical treatment
plan.

Figure 5.8: Patient 3, CT slice 40. Clinical plan (left), Optimized plan (right), Radiation
comparison (middle). Baseline protocol (top), CTVHR + PTV protocol with the lowest error
(bottom).
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5.5 Complete Protocol Optimization

This experiment extends the optimization to include both metric definitions and aim values
for all six DVIs simultaneously. The results are analyzed to evaluate the scalability of the
framework (RQ 4.1) and the impact of parallelization on search efficiency (RQ 4.2).

The evolutionary trajectories for both the resource-constrained (k = 2) and parallelized
(k = 16) scenarios are visualized in Figure 5.9.

Figure 5.9a reveals critical insights regarding the optimization process. Initially, the
comprehensive optimization starts with a worse average fitness compared to the single-DVI
experiments. This is expected, as the algorithm initializes from a random sampling of a
significantly broader search space (12 dimensions), whereas the previous experiment op-
timized a single parameter while holding the rest of the protocol fixed. However, within
seven generations, the population achieves an average fitness comparable to the single-DVI
results, surpassing the elite individual of the previous experiment in less than six genera-
tions.

The expansion to 12 dimensions exponentially increases the volume of the search space.
Consequently, the limited number of generations permitted by the computational budget was
insufficient to concentrate the majority of the population into the region of better fitness
than the baseline threshold. The continued downward trend of the average fitness curve
at the point of termination suggests that the algorithm had not yet converged. Instead, the
experiment was terminated while the search was still active due to the time constraints.
Supporting H4.1.

The trajectory of the elite individuals, illustrated in Figure 5.9b, demonstrates the frame-
work’s efficacy. In both scenarios, the algorithm found protocol configurations that outper-
formed both the clinical baseline and the single-DVI results. This confirms that even within
a high-dimensional, noisy search space, the automated framework is capable of finding clin-
ically superior protocols. Quantitatively, the resulting plans show greater similarity to the
clinical ground truth than those generated by the manually tuned baseline.

5.5.1 Impact of Computational Scaling (k = 2 vs. k = 16)

To address RQ4.2 and H4.2, we compare the performance of the resource-constrained sce-
nario (k = 2) with that of the massively parallelized scenario (k = 16).

As observed in Figure 5.9, the k = 16 scenario achieved superior fitness values in fewer
generations compared to the k = 2 scenario. The increased averaging factor significantly
smoothed the fitness landscape (as predicted in Section 5.2.1).

However, it is critical to acknowledge the trade-off between generational efficiency and
computational cost. While the k = 16 runs converged faster in terms of generations, the
computational cost per evaluation was eight times higher. Consequently, on fixed hardware,
the total wall-clock time required to reach a specific fitness threshold would not necessar-
ily decrease. Nevertheless, this result demonstrates the potential of parallelization: given
sufficient hardware resources (e.g., a larger GPU cluster), increasing the stochastic aver-
aging factor (k) provides a reliable pathway to accelerate convergence in complex, high-
dimensional protocol optimizations.
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(a) Population’s average fitness at each generation (b) Best-so-far individual at each generation

Figure 5.9: Optimization of the complete protocol for k = 2 and k = 16 (lower is better)

5.5.2 Analysis of the Generated Treatment Plans (k = 16)

Figure 5.10 shows the qualitative improvement in dose distribution through the generations.
As protocols with better fitness are selected, the deviation from the clinical plan diminishes.
By generation 6, the dose difference map displays significantly reduced color saturation, in-
dicating a much higher similarity between the optimized and clinical doses at each sampled
point. This suggests that the evolved protocol captures the complex trade-offs inherent in
clinical practice more effectively than the baseline.

Visualizing these trade-offs across the entire geometry of the patient is challenging in a
single summary figure. A comprehensive set of representative CT slices for all patients is
provided in the Appendix 7.

52



5.5. Complete Protocol Optimization

(a) Generation 1

(b) Generation 2

(c) Generation 4

(d) Generation 6

Figure 5.10: Dose distribution and difference in radiation to the clinical plan for the best
protocol at each generation for one patient. (Patient 3, CT Slice 37) (Less color on the left
plot is better)
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5.6 Automated Protocol Generation Results - Clinical
Assessment

To validate the clinical utility of the automated protocol discovery framework, a qualitative
assessment was conducted involving the aforementioned medical physicist. This assessment
focused on the treatment plans generated by the optimized protocol x∗E3 for the validation
patient.

The expert reviewed the Pareto approximation front generated by BRIGHT. The as-
sessment focused on three key dimensions: clinical validity, the significance of dosimetric
variance, and the operational utility of the system.

5.6.1 Clinical Validity and Generalization

The primary objective of this research was to generate a protocol capable of producing
plans indistinguishable from the local standard of care. The expert review confirmed that
the plans generated for the validation patient were clinically acceptable. Specifically, the
expert noted that plans exhibiting coverage levels similar to the clinical ground truth could
have been approved for patient treatment without modification.

Furthermore, the expert evaluated multiple treatment plans from the approximately 200
plans on the Pareto front. The assessment indicated that all generated plans fell within the
range of validity for that specific patient geometry. This suggests that the discovered pro-
tocol x∗E3 successfully achieved our goal and further confirms H4.2 regarding the system’s
ability to generalize to unseen anatomies.

5.6.2 Clinical Relevance of Dosimetric Variance

A quantitative view of the generated front showed a variance of approximately 10% in target
coverage between the extreme ends of the Pareto front. While this mathematical variance
might look significant, the clinical expert emphasized that it must be contextualized within
the physical realities of brachytherapy delivery.

The discrepancy between the planned dose distribution (based on the planning CT) and
the delivered dose is often dominated by organ motion during the time between them. Con-
sequently, minor deviations in generated plans are frequently smaller than the physical
uncertainties inherent in the treatment delivery. This insight suggests that the automated
protocol is sufficiently robust (it achieves a level of precision where further mathematical
optimization doesn’t yield any clinical benefits).

5.6.3 Operational Utility and Limitations

The assessment highlighted a dichotomy between the system’s efficiency and its usability.
On the positive side, the expert highlighted the system’s ability to rapidly generate high-
quality plans that align with the oncologist’s preferences. This directly addresses the ”cold
start” problem described in Chapter 1, demonstrating that the framework can significantly
accelerate the configuration phase for new institutions.
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However, the assessment also revealed a limitation regarding the output format. While
BRIGHT provides a comprehensive set of trade-off solutions, the expert noted that present-
ing 200-300 options can lead to decision paralysis. In a time-constrained clinical environ-
ment, clinical experts often prefer a smaller selection of ”best” options rather than a vast
Pareto front.

Finally, the expert remarked that because the ”optimal” dose for curing a specific patient
while minimizing toxicity is not fully known, the system focuses on replicating historical
practices ”what the doctor usually does” rather than discovering a biologically superior plan.
While the proposed framework succeeds in its goal of automating the replication of clinical
protocols, it does not necessarily challenge or improve upon the existing standard of care.
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Chapter 6

Discussion and Future Work

The experimental results presented in Chapter 5 demonstrated that the proposed bi-level op-
timization framework is capable of autonomously discovering clinical protocols that repli-
cate expert planning styles. Specifically, the system successfully evolved parameters that
generated treatment plans similar to the clinical ground truth. However, translating a proof-
of-concept into a robust clinical tool requires a critical examination of the system’s current
boundaries. This chapter interprets these findings within the context of the study’s con-
straints. Section 6.1 discusses the limitations encountered and Section 6.2 outlines potential
avenues for future research.

6.1 Discussion

Computational Constraints vs. Stochastic Noise

A big challenge of this research was the prohibitive computational cost due to the expensive
fitness function. Because BRIGHT is a stochastic planning system, minimal noise eval-
uations require averaging over many runs. However, hardware limitations restricted most
experiments to k = 2. Although RV-GOMEA was able to navigate this noisy landscape, the
presence of stochastic noise likely hindered convergence speed and the precision of final
solutions. Additionally, for the results to be significant, the experiments would have to be
repeated more times and run for more generations than it was feasible within the context of
this thesis.

Dataset Size and Overfitting

The optimization process was based on a relatively small training set of six patients. Al-
though validation on the held-out patient indicated promising generalization, a larger and
more diverse dataset is necessary. We couldn’t even test strategies like k-folds, great for
small datasets, since they were unfeasible within the constraints of this study. Therefore,
there remains a risk that the discovered protocol is partially overfit to specific anatomical
geometries.
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Inter-Observer Variability and Ground Truth

Another challenge in this research is the reliance on a single clinical plan per patient as the
”ground truth”. In clinical practice, treatment planning is partly subjective; two expert clin-
icians within the same institution may produce distinguishable plans for the same patient,
both of which are clinically acceptable. Optimizing the protocol to minimize the distance
to a specific historical plan introduces the risk of overfitting to an individual doctor’s pref-
erences or to particular biases and minor inconsistencies present in that case.

A valid concern is that the algorithm may learn and propagate individual ”faults” rather
than capturing the robust standard of care of the institution. However, since this optimiza-
tion would not be the final setup of the automated TPS but just one step of the process, this
would not be a big concern.

6.2 Future work

To advance this proof-of-concept into a usable tool, future research should focus on in-
creasing the robustness of the fitness evaluation, studying the flexibility of the protocol
representation, and increasing the computational scale.

Evolution of Protocol Structure via Genetic Programming

The current approach assumes a fixed number of objectives, with one per region of interest.
A more advanced methodology would employ Genetic Programming (GP) to evolve the
protocol’s structure. Rather than optimizing parameters for a fixed set of six aims, a GP-
based approach could dynamically add or remove aims, potentially revealing that a specific
target requires multiple distinct DVIs for adequate coverage. This would transition the
system from parameter tuning to genuine protocol architecture discovery.

Scalability via High-Performance Computing

Utilizing a larger GPU cluster would enable higher stochastic averaging (k ≥ 50) without
increasing wall-clock time. This would smooth the fitness landscape and likely allow the
algorithm to converge in a few generations with greater precision.

Multi-Institutional Validation

Finally, testing the framework on datasets from multiple institutions with distinct planning
styles would validate its ability to learn these local treatment styles. This would confirm
its utility as a general-purpose tool for accelerating the deployment of automated planning
systems to more hospitals.
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Chapter 7

Conclusion

This thesis tested the feasibility of automating the discovery of clinical protocols for HDR
brachytherapy treatment planning. By formulating the protocol configuration as a bi-level
optimization problem and solving it using RV-GOMEA, this research aimed to streamline
the onboarding of the BRIGHT treatment planning system at new medical institutions, re-
ducing the manual labor required to introduce this technology.

We performed an analysis of the protocol discovery problem by progressively increasing
the complexity of the search space. To make it feasible, a set of pruning strategies was im-
plemented and validated to reduce the computational cost by reducing the number of fitness
evaluations with minimal hard-coded rules. This approach ensures that the automated dis-
covery process remains doctor-specific and data-centric, avoiding bias from preconceived
notions of standard protocol values.

Based on the experimental results, the RV-GOMEA-based framework successfully iden-
tified protocol parameters that generated treatment plans quantitatively similar to, and sub-
jectively as valid as, expert clinical plans. This confirms the fundamental hypothesis that
implicit expert knowledge can be extracted and encoded into a clinical protocol using EAs.
Additionally, we demonstrated that increasing the genotype flexibility by optimizing met-
ric definitions alongside aim values yields superior results, finding protocols that allowed
BRIGHT to generate treatment plans more similar to the ground truth compared to optimiz-
ing aim values alone.

Finally, this thesis addressed clinical applicability through collaboration with a domain
expert. The generated protocols and resulting treatment plans were evaluated in consultation
with an expert medical physicist. This qualitative feedback was useful for validating that
the optimized protocols translated into clinically acceptable treatment plans, ensuring the
research remained grounded in clinical practice.

Collectively, these contributions provide a robust proof-of-concept for the automated
discovery of usable clinical protocols for the BRIGHT treatment planning system and an-
swer the main research question. The evolutionary approach demonstrated potential to ease
the initial involvement required for manual parameter tuning, increase clinician confidence
by linking automated plans to historical expert data, and accelerate the adoption of auto-
mated planning tools in new clinical environments.
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Kee, C. Durdux, and C. Haie-Méder, “Radiotherapy of cervical cancer,” Can-
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Evolutions of Single-DVI Experiment

Evolution through 8 generations for all runs of a single DVI experiment: CTV HR without
normalization factor, CTV HR with normalization factor, PTV without normalization factor,
PTV with normalization factor.

The region of the search space with a better fitness according to the search-space ex-
ploration is represented in blue. Notice that all 4 scenarios have different heatmaps as the
fitness landscape is different.

The black dots represent the individuals in the populations that start randomly sampled
and end up converging.

CTVHR not normalized

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 1: Evolution of the single DVI experiment, CTVHR without normalization factor, run
1
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EVOLUTIONS OF SINGLE-DVI EXPERIMENT

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 2: Evolution of the single DVI experiment, CTVHR without normalization factor, run
2

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 3: Evolution of the single DVI experiment, CTVHR without normalization factor, run
3
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CTVHR not normalized

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 4: Evolution of the single DVI experiment, CTVHR without normalization factor, run
4

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 5: Evolution of the single DVI experiment, CTVHR without normalization factor, run
5
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EVOLUTIONS OF SINGLE-DVI EXPERIMENT

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 6: Evolution of the single DVI experiment, CTVHR without normalization factor, run
6

CTVHR normalized

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 7: Evolution of the single DVI experiment, CTVHR with normalization factor, run 1
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PTV not normalized

PTV not normalized

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 8: Evolution of the single DVI experiment, PTV without normalization factor, run 1

PTV normalized

(a) Generation 1 (b) Generation 2 (c) Generation 3 (d) Generation 4

(e) Generation 5 (f) Generation 6 (g) Generation 7 (h) Generation 8

Figure 9: Evolution of the single DVI experiment, PTV with normalization factor, run 1
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Comparison of generated treatment
plans for single DVI optimized
protocols with and without the

normalization factor

To generate the boxplots, we ran BRIGHT 100 times for each scenario and took the plan
that had the closest radiation around the Ring of normal tissue. Then reported the distance
from the clinical plan (dotted line).
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Single DVI Optimization for the CTVHR volume.

Single DVI Optimization for the CTVHR volume.

(a) CTV HR (b) PTV (c) Bladder

(d) CTV HR (e) PTV (f) Bladder

(g) Rectum (h) Sigmoid

(i) Rectum (j) Sigmoid

Figure 10: Generated plans for the single DVI optimization for the CTVHR without normal-
ization (upper) vs with normalization factor (lower) for the validation patient.
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COMPARISON OF GENERATED TREATMENT PLANS FOR SINGLE DVI OPTIMIZED

PROTOCOLS WITH AND WITHOUT THE NORMALIZATION FACTOR

Single DVI Optimization for the PTV volume.

(a) CTV HR (b) PTV (c) Bladder

(d) CTV HR (e) PTV (f) Bladder

(g) Rectum (h) Sigmoid

(i) Rectum (j) Sigmoid

Figure 11: Generated plans for the single DVI optimization for the PTV without normal-
ization (upper) vs with normalization factor (lower) for the validation patient.
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Dose distributions

This Appendix shows the dose distributions for 5 different CT slides for each patient using
the protocols that showed improvement. Therefore, we analyzed the best protocol from
generations 1, 2, 4, and 6.

The colored lines on the right picture correspond to the isodose lines for: 50%, 75%,
100%, and 150% of the nominal radiation dose (7 Gy per fraction). The colored regions
indicate the ROI: CTVHR (blue), PTV (red), Bladder (yellow), Sigmoid (green), Rectum
(brown).

The color-shaded areas in the left picture depict differences in radiation with respect to
the clinical treatment plan. Green means greater radiation, and purple indicates lower. For
this research, either worsens the plan. Thus, less color means better.

All images were taken from BRIGHT.
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DOSE DISTRIBUTIONS

Figure 12: Patient 1, CT Slice 34
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Figure 13: Patient 1, CT Slice 36
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DOSE DISTRIBUTIONS

Figure 14: Patient 1, CT Slice 38
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Figure 15: Patient 1, CT Slice 40
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DOSE DISTRIBUTIONS

Figure 16: Patient 1, CT Slice 45
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Figure 17: Patient 2, CT Slice 23
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DOSE DISTRIBUTIONS

Figure 18: Patient 2, CT Slice 25
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Figure 19: Patient 2, CT Slice 27
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DOSE DISTRIBUTIONS

Figure 20: Patient 2, CT Slice 29
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Figure 21: Patient 2, CT Slice 33
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DOSE DISTRIBUTIONS

Figure 22: Patient 3, CT Slice 26
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Figure 23: Patient 3, CT Slice 29
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DOSE DISTRIBUTIONS

Figure 24: Patient 3, CT Slice 35
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Figure 25: Patient 3, CT Slice 37
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DOSE DISTRIBUTIONS

Figure 26: Patient 3, CT Slice 40

88



Figure 27: Patient 4, CT Slice 32
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DOSE DISTRIBUTIONS

Figure 28: Patient 4, CT Slice 34
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Figure 29: Patient 4, CT Slice 36
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DOSE DISTRIBUTIONS

Figure 30: Patient 4, CT Slice 38
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Figure 31: Patient 4, CT Slice 41
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DOSE DISTRIBUTIONS

Figure 32: Patient 5, CT Slice 21
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Figure 33: Patient 5, CT Slice 23
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DOSE DISTRIBUTIONS

Figure 34: Patient 5, CT Slice 25

96



Figure 35: Patient 5, CT Slice 27
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DOSE DISTRIBUTIONS

Figure 36: Patient 5, CT Slice 30
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Figure 37: Patient 6, CT Slice 26
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DOSE DISTRIBUTIONS

Figure 38: Patient 6, CT Slice 28
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Figure 39: Patient 6, CT Slice 30
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DOSE DISTRIBUTIONS

Figure 40: Patient 6, CT Slice 33
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Figure 41: Patient 6, CT Slice 36
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DOSE DISTRIBUTIONS

Figure 42: Validation Patient, CT Slice 15
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Figure 43: Validation Patient, CT Slice 17
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DOSE DISTRIBUTIONS

Figure 44: Validation Patient, CT Slice 19

106



Figure 45: Validation Patient, CT Slice 22
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DOSE DISTRIBUTIONS

Figure 46: Validation Patient, CT Slice 24
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