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In High-Dose-Rate BrachyTherapy (HDR-BT), a form of internal radiotherapy, the time

to construct a treatment plan is desired to be as short as possible. To reduce the treat-

ment planning time, a shift from manual to automatic treatment planning has been

made over the past decades. Speci�cally, automatic treatment planning for HDR-BT

is aimed to output treatment plans that satisfy a clinical protocol and are produced

within a limited time frame. An optimization algorithm that is particularly well-suited

for performing such a task is the Multi-Objective Real-Valued Gene pool Optimal Mixing

Evolutionary Algorithm (MO-RV-GOMEA). Recent applications of MO-RV-GOMEA to

prostate HDR-BT treatment planning have been shown to produce high-quality treat-

ment plans e�ciently. However, the application to cervical HDR-BT treatment planning

has exempli�ed the need to further decrease the run-time required by MO-RV-GOMEA

to produce a clinically viable treatment plan solution (evaluated by the so-called golden

corner). We propose an ensembled Feedforward Neural Network model with Exponential

search and Interpolation output correction (eFNN+ExpInt) to generate a set of treat-

ment plan solutions that can be used to initialize MO-RV-GOMEA. The eFNN+ExpInt

model’s main purpose is to resemble a proof-of-concept initialization that can reduce the

required MO-RV-GOMEA optimization time toward clinically viable treatment plans.

Our results show that the required MO-RV-GOMEA optimization time to reach a clin-

ically viable plan is signi�cantly reduced for the majority of tested patients by the use

of eFNN+ExpInt initialization. Speci�cally, the required average runtime (over 25 pa-

tient fractions) to reach the golden corner was 10.662 seconds for eFNN initialization,

9.297 seconds for eFNN+ExpInt initialization and 11.156 seconds for Heuristic+ExpInt

initialization as opposed to 21.597 seconds for the current initialization benchmark. A

warm start initialization such as eFNN+ExpInt can enable MO-RV-GOMEA to converge

faster to a clinically viable solution and can open opportunities for more sophisticated

and time-costly patient treatment planning solutions.
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Chapter 1

Introduction

According to the most recent data from the World Health Organization, cervical cancer

was registered as the 4th most commonly diagnosed type of cancer in women1 and the

number of new incidences is estimated to rise by 46 % by 20452. Continuous improvement

of current radiation treatment methods is therefore as relevant as ever and extensive

e�orts in this �eld are made to improve survival rate and quality of life for diagnosed

patients. High-dose rate brachytherapy (HDR-BT) is one of the developed treatment

methods in which the radiation source is directly placed in, or close to, the cancerous

tissue. In comparison to conventional external beam radiation therapy (EBRT), HDR-

BT allows for a more localized radiation dose delivery. In cervical cancer HDR-BT

treatment, radiation is delivered using an applicator, needles, or a combination of both

by using a hardware device as shown in Figure 1.1.

Figure 1.1: Oncentra Venezia Elekta - HDR-BT applicator and needles

1https://gco.iarc.who.int/today/en/dataviz/pie?mode=cancer&types=0&sexes=0&
populations=900

2https://gco.iarc.who.int/tomorrow/en/dataviz/tables?mode=cancer&group_populations=1

1
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The applicator consists of a tandem tube that is inserted within the uterine cavity and

a pair of ovoids that are placed within the vaginal cavity. Depending on the patient's

anatomy, additional interstitial needles are inserted through the applicator to obtain

more radiation coverage if necessary. Both the applicator and needles contain so-called

dwell positions through which the radiation is delivered. When designing a HDR-BT

treatment plan using catheters (applicator and/or interstitial needles), the goal is to

optimize the dwell time for each dwell position i.e. how many seconds the radioactive

source is held stationary at that particular dwell position. The radioactive source is

guided through the catheters and stopped at the dwell position with the use of an after-

loader.

Figure 1.2: Sample Visualization of an inserted HDR-BT implant

In clinical practice, a patient approved for cervix HDR-BT treatment will undergo med-

ical imaging (MRI or CT scan) for pre-planning. At this stage, the insertion positions

of the applicator and optional needles are determined. After insertion, a second round

of medical imaging is performed. The positions of both the catheters are reconstructed,

and the Clinical Target Volumes (CTVs) and Organs At Risk (OARs) are delineated

manually by the clinician.

The main target volumes for cervical HDR-BT are the high-risk clinical target volume
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(CTVHR ), intermediate-risk clinical target volume ( CTVIR ) and the gross tumor vol-

ume residue (GTVres ). The main OARs in cervical HDR-BT are the bladder, rectum,

sigmoid, bowel and ICRU 3 rectovaginal point. For an exemplary �gure of the target

volume and dwell positions, kindly refer to Figure 1.2.

After delineation, a custom-designed treatment plan can be made. The design of a

treatment plan should adhere to a clinical protocol, which describes a set of rules a

treatment plan should follow. The global protocol standard for cervical cancer HDR-BT

is de�ned as the EMBRACE-II protocol 4, which can be translated to 2 main objectives:

a coverage objective and a sparing objective. The coverage objective aims to maximize

the delivered dosage in the CTVs or to maximize the CTV receiving a dosage. The

sparing objective aims to minimize the dosage delivered to OAR volumes or to minimize

the OAR volume receiving a dosage. These objectives are constructed upon dose volume

indicators (DVIs), which describe in more detail the e�ect of a dwell time con�guration

on a particular region of interest.

Currently, a treatment plan is made manually by the clinician by iteratively adjust-

ing the dwell times of a plan using interactive software until the plan �ts all the de-

sired requirements. Because this manual planning process is time-consuming, inverse

planning algorithms have been developed over the years to automate this procedure.

One such inverse planning method is BRIGHT (BRachytherapy via arti�cially Intelli-

gent GOMEA-Heuristic-based Treatment planning). BRIGHT uses the Multi-Objective

Real-Valued Gene-pool Optimal Mixing Evolutionary Algorithm (MO-RV-GOMEA)[1]

to solve a multi-objective problem formulation for HDR-BT. It does so e�ciently by

utilizing GPU-parallelization [2] and partial evaluations [3]. MO-RV-GOMEA and its

integration in BRIGHT have been demonstrated successfully in optimizing HDR-BT

prostate treatment plans[4{6], and has led to clinical adoption for prostate cancer treat-

ment [7].

To investigate if this success can also be achieved for di�erent types of cancer, the ap-

plication of MO-RV-GOMEA optimization to cervical HDR-BT treatment planning is

currently being researched. This has resulted in work suggesting that the EMBRACE-II

protocol is to be complemented with additional aims to reach more clinically desirable

treatment plan solutions [8]. More recently, a formalization of these additional aims rep-

resented as a third objective was introduced [9]. Adding additional aims and objectives

can improve the quality of a treatment plan but could contribute to a more complex

optimization task. This could potentially lead to an increase in runtime required by

MO-RV-GOMEA to generate a treatment plan that meets the protocol requirements.

3https://www.icru.org/
4https://www.embracestudy.dk/Public/Default.aspx?main=1&sub=3&embrace=embrace
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In the context of our project, a treatment plan solution is considered to meet the mini-

mal clinical requirements if it is evaluated inside the so-called 'golden corner', which is

more precisely formulated in section 2.3. Since HDR-BT treatment planning is to be

performed within a limited time frame, a solution is deemed necessary to reduce the

optimization time required by MO-RV-GOMEA such that the additional/future aims

can be incorporated without violating time constraints.

One component of MO-RV-GOMEA for HDR-BT that has not yet been subjected to

extensive research is the initialization of candidate treatment plans. Currently, an ini-

tialized treatment plan is built on the heuristic of setting dwell times within a range

of [0.0, 0.5] seconds in the needles and a range of [0.5,2.0] seconds in the applicator.

This results in an initialization of treatment plans that evaluate far outside the golden

corner. Since every patient's treatment implies di�erent optimization considerations and

the initialization is an essential part of MO-RV-GOMEA, it is desirable to �nd initial

treatment plans that are more tailored to �t both the patient and MO-RV-GOMEA.

Current advances in Machine Learning (ML) for treatment planning have addressed the

relevance of using historical treatment data for future planning purposes. Moreover,

machine learning predictions at inference only take limited time and therefore have the

potential to dramatically reduce treatment planning time.

Since the implementation of MO-RV-GOMEA for cervical brachytherapy, a range of

retrospectively optimized treatment plans has been collected. This data o�ers the possi-

bility to use a (supervised) ML approach towards modeling the treatment plans. Instead

of starting from a heuristic, there is now a possibility to 'learn' from previously generated

treatment plans. Therefore, in this thesis, we aim to design such a learned initialization

for MO-RV-GOMEA that reduces the runtime required to reach a clinically viable plan

for cervical cancer brachytherapy treatment. We refer to this newly designed initializa-

tion as a 'warm-start' initialization. Clinically viable is de�ned as reaching the golden

corner. Speci�cally, we aim to answer the following research question:

Does warm-start initialization reduce the optimization time required for

MO-RV-GOMEA to reach a clinically viable treatment plan solution in cervical cancer

HDR-BT treatment planning?

The �rst objective in determining a robust warm-start initialization is de�ning the input

of our predictive model. We will use historical treatment data and brachytherapy litera-

ture from the cervical HDR-BT domain to identify important features for prediction. By

using sequential backward selection and data analysis, a set of features is determined.

The second objective is to de�ne a feedforward neural network architecture via grid

search that can output a complete treatment plan for a patient fraction by predicting
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one dwell time at a time. Subsequently, our third objective is to correct the eFNN model

predictions by using exponential search and interpolation such that MO-RV-GOMEA is

provided with a consistent starting point. Finally, to answer our main research question,

multiple warm-start initialization schemes are designed and bench-marked against the

currently implemented cold-start initialization for MO-RV-GOMEA.

This thesis is structured as follows. Chapter 2 contains a literature review that includes

an overview of the current optimization methods used for HDR brachytherapy and key

aspects of MO-RV-GOMEA and EA initialization. Subsequently, ML-based optimiza-

tion for radiotherapy planning is discussed and brought into scope with the proposed

research project. Chapter 3 contains an overview of the methods implemented, including

a complete view of the pipeline designed for this project. Chapter 4 is split by experi-

mental setup and reports on the main results. Chapter 5 provides a discussion on the

methods and results and chapter 6 includes the conclusion and future work suggestions.



Chapter 2

Literature review

Over the past decade, major e�orts have been made to optimize clinical treatment plans

for (cervical) cancer. Solely within the scope of optimizing radiation HDR-BT plans

a wide variety of optimization methods are proposed. We aim to provide a compact

overview of the currently published HDR-BT model approaches and discuss the poten-

tial and challenges of combining MO-RV-GOMEA with machine learning initialization.

Section 2.1 contains an overview of di�erent objective models and section 2.2 provides an

analysis of current machine learning approaches for radiation therapy treatment plan-

ning. This is followed up by information on MO-RV-GOMEA and its application to

HDR-BT in section 2.3. Section 2.4 elaborates on current EA initialization paradigms

and the cold start initialization currently implemented for MO-RV-GOMEA cervical

HDR-BT treatment planning. In section 2.5 a brief summary is given of the current

work and challenges our application entails.

2.1 Current objective formulations and model types

According to review material from the past decade [10, 11], quantitative models ap-

plied to HDR-BT problems have been researched since the beginning of the 90's [12].

Concerning their objectives, an important distinction to make is whether the model is

optimizing dwell times or catheter placement, or a combination of both. Even though

catheter placement is a crucial component in HDR-BT, we will only focus on dwell time

optimization and distinguish between applied methods where the catheter position is

given as-is. For maintaining structure in this section, we distinguish between di�erent

model paradigms as proposed in [11].

A general framework for optimizing treatment plans consists of the objective function(s)

subjected to additional constraints. The objective function(s) is/are based on a desired

6
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outcome of coverage and sparing indices backed up by a clinical protocol. Although

radiology treatment planning will always contain a multi-objective trade-o� between

coverage and sparing, the problem is regularly simpli�ed to a single objective function.

One way to model this is by using a linear penalty model (LPM), �rst introduced in

[13], in which a penalty is calculated for a dose point if the dosage is outside a desired

range. The summed penalty for a certain structure, e.g. a CTV, is then calculated

with the aim to minimize the cumulated penalty. Common optimization methods used

in LPMs are LP-solvers [14, 15] or simulated annealing [13, 16]. Closely related to

LPMs, are quadratic penalty models (QPMs). Unlike LPMs, QPMs have a quadratic

penalty objective function. This results in quantitatively larger penalty values for out-

lying dwell time setups. Example solvers used for dwell time optimization in QPMs are

the Broyden{Fletcher{Goldfarb{Shanno algorithm [17, 18] (note, only unconstrained

optimization) or interior-point solvers [19, 20]. Although LPMs and QPMs allow for

real-value optimization of dwell times, dwell time solutions were proven to be heteroge-

neous on occasion [21]. This poses the potential problem of hotspots, [15] where some

dwell positions in the catheter have substantially larger dwell times than neighboring

dwell positions. As the catheter is placed in the dynamic anatomy of a patient, there is

a possibility that a hotspot might shift outside the target area and potentially do harm

to a patient. To overcome this risk, research was done on adding additional constraints

that contribute to more homogeneous dwell times [22{24]. Current work often refers to

this concept as the dwell time modulation restriction (DTMR)

A second downside of penalty models is that the optimized objectives do not directly

represent the clinical viability. The penalty objective might be well optimized, but

dose indices for protocol-mentioned OARs and CTVs could still indicate the plan is not

suitable for practical application [25]. Dose-volume models (DVM) consider a di�erent

optimization objective, more closely related to the clinical protocol indices. In DVMs,

the objective formulation is de�ned as a mixed integer problem where the goal is to

maximize the number of dose points obtaining a prescription dosage (or minimize the

number of dose points obtaining the maximum dosage). E.g., if 9 out of 10 dose points in

a CTV receive the prescribed (100%) dosage,V CT V
100 would equal 90%. A disadvantage

of DVMs lies in the discretization of dosage goals. For example, a single objective DVM

might easily reach 100% coverage with a certain dosage, while 100% coverage could also

be reached with less dosage (and potentially spare a patient's OAR's better). Example

implementation of DVM's use simulated annealing [26, 27] or a linear solver such as

CPLEX [28]. A more precise method is the mean-tail-dose model (MTD) for which

the goal is to minimize the mean outlier dosages for both lower (coverage) and upper

(sparing) bounds. E.g. in a coverage objective situation, if 10% of our dose points have

a mean dosage of 4Gy and the protocol prescription states 5Gy, the resulting aim is then
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to increase the mean dosage of the lowest 10% dose points. As the objective of MTDs

is formulated linearly (no separate penalty function however), current work uses linear

solvers such as CPLEX [29] or Gurobi [30].

The aforementioned applications of LPMs, QPMs, DVMs and MTDs all handle prob-

lems that are formulated as single objective functions. Adding additional constraints or

accumulating terms in a single objective function can result in better plans. However,

this will impose further complexity in explaining how the quality of a treatment plan

is measured since this is based on a single outcome value. A resolution to increase ex-

plainability lies in adhering to the multi-objective nature of HDR-BT. For example, by

de�ning a coverage vs. sparing trade-o� by separating the objective function into two

parts. For solving such a multi-objective problem formulation, Evolutionary Algorithms

(EAs) have proven to be particularly well-suited [4, 31, 32]. Another advantage of EAs

is that they provide a range of possible solutions at each iteration, meaning a medical

expert in practice can have a choice between plans with di�erent objective trade-o�s.

In this thesis, we focus on and build upon MO-RV-GOMEA[1], a proven-in-practice EA

for bi-objective HDR-BT. For a detailed description of the implementation, kindly refer

to sections 2.3-2.4 and chapter 3.

2.2 Machine learning for radiotherapy treatment planning

An extensive range of modeling approaches for brachytherapy treatment optimization

exist. However, methods using machine learning have not until recent been adopted.

Few scienti�c contributions have discussed machine learning applications to (cervical)

HDR-BT treatment planning. We therefore include external beam radiation therapy

(EBRT) in our overview as it contains insightful model choices relative to our approach.

Supervised ML-driven treatment planning needs historical (or synthetic) data to learn

an output representation for a treatment plan. One way to do so is by predicting dose

volume histograms (DVH) using segmented images of CTVs and OARs. This method

makes use of a U-net[33], which is a convolutional neural network originally designed for

image segmentation. It was shown that a U-net can also be applied in dose-volume pre-

diction for EBRT applications (DoseNet [34]). However, U-net applications for HDR-BT

pose a more complex problem in comparison to EBRT applications, since the catheters

are also to be segmented. During training, a U-net model inputs the historical treatment

DVH, segmented catheters and segmented OARs/CTVs. At inference, a U-net model

is inputted with only the segmented catheters and OARs/CTVs. The U-net output is a

2D or 3D prediction of the DVH. An example of a U-net applied to HDR-BT treatment

exists[35], where an additional transformation is purposed to handle the high gradient
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properties of radiation dose near the applicator. These high gradients can dominate the

loss function during training, potentially leading to the neglection of important DVIs

further away from the applicator. This insight is also adopted in the choice of our pro-

posed (Huber)-loss function in section 3, e.g. by assuring that few high-peak dwell times

will not dominate the loss performance for a (still relatively good) treatment plan.

Another example of U-net DVH predictions for HDR-BT is RapidBrachyDL [36]. Rapid-

BrachyDL is a deep CNN model that complements a U-net with 2 components. One

component is a 2-layer CNN pre-trained on Monte Carlo-simulated data, proposed as

a smart initialization that handles dwell point information. The second component is

a FiLM generator [37] that conditions the U-net to predict a DVH that adheres to the

patient geometry input. In contrast to the U-net architecture that uses only a genera-

tor loss, a generative adversarial network (GAN) as proposed in [38] uses an additional

discriminator loss to train on EBRT plans. Closely related is TP-GAN [39], which

was recently introduced to reduce the overall treatment planning time in low-dose-rate

brachytherapy for prostate cancer. TP-GAN is a concrete example of an ML-based

solution that explicitly mentions the reduction of planning time. However, it uses a

�xed-needle template, which is not directly applicable to the dynamic catheter setting

in our cervical HDR-BT approach.

DVH predictions can also be obtained by using an input structure that uses informa-

tive features instead of (segmented) images [40]. For this method, a regression model

is proposed to predict a DVH kernel according to 3D distance features. The regression

model is based on proven ERBT implementations and only contains features regarding

the CTV's and OAR's. Though this method o�ers robustness as it can handle di�er-

ent types of catheters, the results are only shown for intracavitary cervical HDR-BT

treatment with 1 catheter.

Despite DVH prediction shows clinical potential, it introduces a practical problem. Its

representation is still to be converted to a treatment planning structure that is inter-

pretable by the radiation equipment. More speci�cally, dwell times are still to be set

at dwell point locations such that they are in line with a DVH prediction. This dis-

advantage is not present in machine learning that directly optimizes dwell times. One

model approach that closely mimics the manual planning procedure can be achieved

using deep reinforcement learning as proposed in [41]. This approach (referred to as

ITPN) aims to maximize its objective value function by adjusting dwell time states by

either increasing, decreasing or keeping the dwell times the same. Although no explicit

speed-ups in planning time were reported, ITPN showed an improvement in multiple

sparing objectives.
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2.3 MO-RV-GOMEA for HDR-BT

In HDR-BT treatment planning, the goal is to generate a treatment plan that meets

the protocol aims and is generated within a limited time frame. Although protocol aims

can be encapsulated into one objective function, the optimization problem of HDR-

BT is inherently multi-objective due to the sparing/coverage trade-o� involved. The

Multi-Objective Real-Valued Gene-Pool Optimal Mixing Evolutionary Algorithm (MO-

RV-GOMEA)[1] is particularly well at handling such an optimization problem. A key

characteristic of dwell time optimization for HDR-BT is the strong underlying depen-

dencies between dwell positions. Dwell positions close to each other have a higher

dependency than two distanced dwell positions. MO-RV-GOMEA uses a linkage tree

(LT) [42] to model these dependencies. The linkage tree is created using bottom-up

hierarchical clustering, starting with a univariate set of individual variables (in our case,

dwell positions) and ends up with a joint set of all variables. All the nodes and leaves

in the LT form a family of subsets (FOS). For each subset in the FOS with a size> 5, a

multivariate Gaussian distribution is created which is used to sample from when apply-

ing the Gene-pool Optimal Mixing operator (GOM)[43]. If partial variation results in a

better solution (in our case, a treatment plan), the mixing operation is performed other-

wise the current solution is kept. This process is repeated for several generations, where

in each generation a set of the best solutions is updated (elitist archive). To account

for the large number of evaluations needed by the GOM-operator, partial evaluations

[3] are used to e�ciently re-evaluate solutions.

Objective DVIs are calculated based on dose calculation (DC) points, of which the lo-

cations are sampled within regions of interest and set before EA optimization. When

changes are made to the dwell times of a treatment plan, only the changed dwell times

cause a change in the objective DVI result. Thus, only partial evaluations of the com-

plete treatment plan solution are necessary to update the complete coverage/sparing

objective value. In recent years, MO-RV-GOMEA runtime has been further accelerated

using program parallelization and GPUs [44, 45]. In addition to the GOM-operator and

partial evaluations, 3 algorithms are implemented within MO-RV-GOMEA that further

improve the output solutions. These operators are all implemented at cluster-level, at

which each cluster represents a sub-range of treatment plan solutions based on their

sparing/coverage trade-o�. For each cluster, adaptive variance scaling is applied during

optimization to account for the variance-diminishing e�ect of (EA) selection operations.

Additionally, adaptive mean shifting is applied to steer the optimization more toward

the direction of greatest improvements. Finally, a forced improvement procedure is ap-

plied. This procedure is used to steer solutions, that have not yielded a non-dominated
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Volume Use Coverage Criteria Sparing Criteria Added Aims
CTVHR Target D90% > 7:8Gy (> 7:1Gy) D90% < 8:3Gy V100% > 99:9%

D98% > 5:8Gy - -
CTV IR Target D98% > 3:5Gy - V50% > 99:9%
GTV RES Target D98% > 8:3Gy (> 7:8Gy) - -
Bladder OAR - D2cm3 < 5:5Gy (< 6:3Gy) -
Rectum OAR - D2cm3 < 4:0Gy (< 6:3Gy) -
Sigmoid OAR - D2cm3 < 4:5Gy (< 6:3Gy) -
Bowel OAR - D2cm3 < 4:5Gy (< 6:3Gy) -
Recto-vaginal point OAR - Dpoint < 4:0Gy (< 6:3Gy) -
Mid-CTV IR Target - - V100% < 25%
Mid-normal-tissue OAR - - V100% < 0:1%
Top-normal-tissue OAR - - V100% < 0:2%
Core-CTVHR Target - - V200% > 99:5%

Table 2.1: Complete set of HDR-BT aims for cervical cancer treatment (radiation
dose limits are given between brackets)

solution for a pre-determined number of generations, more toward current elitist solu-

tions. In BRIGHT (and in this thesis project), the forced improvement procedure is not

applied.

The objective functions for cervical HDR-BT, presented in this thesis, are based on

the EMBRACE-II protocol[46], additional aims that are proposed in [9] and one newly

introduced Core-CTVHR that is purposed for additional coverage in the center of the

CTVHR . Since this combination of aims is currently under research at Leiden University

Medical Center (LUMC), we refer to it as the LUMC protocol. DVI's in the LUMC

protocol are stated in three di�erent formulations. The �rst formulation states the

minimum dosage received by the most irradiated subvolume, i.e.D90% > 5:6Gy for

CTVHR states that 90% of the most irradiated subvolume of theCTVHR should at

least receive 5.6 grays. A second formulation isDpoint < ::Gy , where one reference

point is used instead of a subvolume. The �nal formulation denotes how much dosage a

subvolume of a CTV or OAR should receive. E.g.V CT VHR
100% > 90% states that 90% of the

CTVHR volume should at least receive 100% of the prescribed dosage. All percentages

describe the fraction of the planned dosage, which is set at 7 Gy for cervical cancer

HDR-BT. Kindly refer to Table 2.1 for an overview of the LUMC protocol for cervical

cancer HDR-BT.

The coverage, sparing and additional objectives for a treatment plant are formulated

respectively as the Least Coverage Index (LCI w(t)), Least Sparing Index (LSI w(t)) and

Least Added Index (LAI w(t)) denoted in equations 2.1, 2.2, 2.3.
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LCI w(t) = wc(� c(D
CT VHR
98% )) + wc(� c(D

CT VHR
90% )) (2.1)

+ wc(� c(D
CT VIR
98% )) + wc(� c(D

GT VRES
98% ))

LSI w(t) = ws(� s(D CT VHR
90% )) + ws(� s(D Bladder

2cm3 )) (2.2)

+ ws(� s(D Rectum
2cm3 )) + ws(� s(D ICRU-Rectovaginal

point ))

+ ws(� s(D Sigmoid
2cm3 )) + ws(� s(D Bowel

2cm3 ))

LAI w(t) = wa(� a(V CT VHR
100% )) + wa(� a(V CT VIR

50% ))

+ wa(� a(V Mid � CT VIR
100% )) + wa(� a(V Mid-normal-tissue

100% )) (2.3)

+ wa(� a(V Top-normal-tissue
100% )) + wa(� a(V Core-CT VHR

100% ))

Key components in this formulation are as follows. � c (coverage), � s (sparing) and � a

(added) denote functions for the normalized di�erences between the volume/dose index

and their corresponding aims. wc (coverage),ws (sparing) and wa (added) are weights

that are set to provide order in how much attention an aim should get. The least

violated aim obtains the smallest weight w, the second to least violated aim receives

an exponentially larger weight and so forth. Using the weighted scheme, the most

violated aim receives the most attention. If the most violated aim is not improved

further, optimization can continue on less violated aims that have smaller weights. For

a detailed description of the objective functions and how they are calculated, we refer

to [9] and the included supplementary material.

Before the weighted scheme was introduced, the LCI(t) and LSI(t) performance were

described as the most violated DVI [5]. For example, by de�ning a least sparing index

with n DVI's: LSI (t) = min f � (DV I 1); � (DV I 2); ::� (DV I n )g. A similar example can

be applied to the LCI and LAI. To determine whether a plan adheres to the clinical

protocol, the unweighted version is considered su�cient. More precisely, all protocol

aims are reached if a solution satis�esLCI (t) > 0, LSI (t) > 0 and LAI (t) > 0.

In this thesis, we primarily evaluate plans on the LCI(t) and LSI(t) conditions as they

are still the most used method to describe the quality of a treatment plan. When these

conditions are met, we de�ne a treatment plan solution to be located in the so-called 2-D

'Golden Corner' (GC). Treatment plans in- or outside the golden corner are commonly

visualized as part of an approximation front of treatment plans as exempli�ed in Figure

2.1.



Literature Review 13

Figure 2.1: Sample Approximation Front

Besides the main objectives, 2 additional constraints are implemented to adhere to more

clinically desirable treatment plan compositions. One is the DTMR, which regulates

the di�erence in dwell time between most-closely neighbored dwell points (in terms of

Euclidian distance). This is set to be maximal m(t) = 2
5+ t for a dwell time t. A second

constraint describes that only 40% of the total given dwell time should originate from

the needle dwell points.

2.4 (MO-RV-GOM)EA initialization

How EAs are initialized has an arguable e�ect on their optimization process. For EA ini-

tialization we can distinguish between whether we model the initialization application-

speci�c or apply a generic approach. If a generic approach is applied, the main ob-

jective is to generate a population of candidate solutions that provide an unbiased,

uniform starting point. More speci�cally, this means we do not make any assump-

tions about the initial con�guration regarding its decision variables beforehand. In

this case, one can either use stochastic or deterministic methods to generate an ini-

tial population[47]. Widely used stochastic initializations are Pseudo-Random-Number-

Generators (PRNGs) such as the Mersenne Twister [48] or Chaotic-Number-Generators

(CNGs) that apply a chaotic map iteratively to generate values. Furthermore, deter-

ministic methods such as Halton [49], Sobol [50] or Orthogonal sampling [51] are also

widely adopted for EA initialization purposes.

Although extensive research is done on the e�ect of initializations in [52{54], there is

no single method that outperforms other methods in general. Some EAs are more sen-

sitive to initialization schemes whereas other EA's might not be so much. Yet most

importantly, the aforementioned comparative studies address that well-performing ini-

tializations contain some dependency between the initialization and the applied problem.
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Hence, it suggests that exploiting domain-speci�c knowledge of the problem is highly

relevant. One way of incorporating that knowledge is by using heuristics. For example,

[55] discusses initialization strategies for a job scheduling problem such as ordering jobs

by the expected number of operations a job has.

Another way of incorporating domain-speci�c knowledge is by using a machine learning

(ML) model. One example of ML initialization for genetic algorithms (GA) is the Case-

Injected Genetic AlgoRithm (CIGAR [56]). CIGAR keeps track of past problem-solving

attempts and periodically injects itself with intermediate solutions that are similar to

previously solved problems. Another example is the hybrid genetic algorithm proposed

in [57], applied to a power economic dispatching problem. A Hop�eld neural network,

trained on previous optimization solutions, was used to generate a part of the initial

population. As ML-initialization for EAs shows potential for solving real-life problems

more e�ciently, we will further extend this concept for the initialization of HDR-BT

treatment plans.

Algorithm 1: Cold Start Initialization
// initial population Pinit size n; treatment planx size m; LowerBound Init Applica-
tor LB app; UpperBound Init Applicator UBapp; LowerBound Init Needles LB needles;
UpperBound Init NeedlesUBneedles;

1 Pinit = fg ;
2 LB app  0:5;
3 UBapp  2:0;
4 LB needles  0:0;
5 UBneedles  0:5;
6 for i 2 f 0; 1; ::; n � 1g do
7 x = fg ;
8 for j 2 f 0; 1; ::; m � 1g do
9 dwellpoint  GetDwellPointInformation ();

10 z � U (0; 1) ;
11 if dwellpoint is needle dwellpointthen
12 dwelltime  LB needles + ( UBneedles � LB needles) � z ;

13 else
14 dwelltime  LB app + ( UBapp � LB app) � z ;

15 x  x [ f dwelltime g ;

16 Pinit  P init [ f xg ;

MO-RV-GOMEA is well suited for HDR-BT treatment plan optimization. However,

its initialization of candidate treatment solutions is still based upon the heuristic of

setting the dwell times within a pre-de�ned range multiplied with uniform noise. More

speci�cally, the current initialization is denoted in Algorithm 1. We will refer to this

initialization as the 'cold start' initialization throughout this thesis. For cold start
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initialization, lower and upper bound ranges for the dwell times are set to be [0.5, 2.0]

in the applicators and [0.0, 0.5] in the interstitial needles.

2.5 Summary & challenges

Our overview shows that extensive e�orts are made to de�ne a good objective function for

HDR-BT inverse treatment planning. Various optimization methods exist of which GA's

and speci�cally MO-RV-GOMEA proved well for solving the problem multi-objectively.

ML applications have not been adopted widely yet for HDR-BT, but their use has the

potential to decrease runtime dramatically. Thus, investigating a synergy between MO-

RV-GOMEA and an ML-based treatment plan initialization is deemed relevant.

The cold start initialization is currently evaluated as a high-sparing plan with small uni-

formly sampled variations between candidate solutions. This is not a problem in terms

of e�ectivity, since MO-RV-GOMEA is well-equipped to exploit the small variations

that result in better performance. It can however pose problems in terms of e�ciency.

Starting from small dwell times with little variation could require MO-RV-GOMEA

to perform many steps before converging to a clinically desirable treatment solution.

An improved initialization should therefore aim to create candidate solutions that are

closer to the the target solutions and provide some variation which MO-RV-GOMEA

can exploit e�ciently.

Our approach uses solely retrospectively optimized treatment plan data generated by

MO-RV-GOMEA. One reason to use this particular data, instead of using the manually

designed treatment plan data from the clinic, is that we aim to create a plan that is

speci�cally designed as input to MO-RV-GOMEA. A second reason is the e�ortless nav-

igation that is possible through generated MO-RV-GOMEA plans. Instead of building

upon a single, manually designed, treatment plan with a given sparing and coverage

performance, we can choose from a range of treatment plans and pick the plan with the

most desirable coverage/sparing trade-o� to train our model on. Thirdly, manually cre-

ated/adjusted treatment plans can involve some bias, e.g. plans produced by di�erent

radiation oncologists can di�er slightly, which one would ideally avoid when training a

predictive model.

Using automatically generated data poses challenges however, since MO-RV-GOMEA

treatment plans do not directly encompass the intuition of a medical expert in contrast

to historical manually-created data. For example, a radiation oncologist can have strong

argumentation on why certain adjustments in the treatment plan are necessary, which

could be translated in features to train the model on. For MO-RV-GOMEA plans,
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however, translating the reason behind changes in the plan is a di�erent task. E.g.

after recombination, a plan can be improved in quality. Extracting information on such

a change and then deducing a feature from it is seemingly less trivial. Additionally,

the HDR-BT treatment planning optimization problem is multi-modal. There exist

multiple solutions for a clinically acceptable plan, which makes identifying any pattern

in the generated treatment plans less straightforward.



Chapter 3

Methods

3.1 Pre-processing & Feature Engineering

The data used in this project originates from 2016 to 2020 and contains a total of 119

patients with multiple fractions per patient. Patient-fraction information is extracted

from DICOM 1-formatted RT-struct and RT-plan �les. The RT-struct �les represent pri-

marily OAR and CTV contours, whereas the RT-plan �les de�ne information about the

applicator and needles. Target treatment plans are generated by using the BRIGHT[7]

software solution which incorporates MO-RV-GOMEA for brachytherapy. The target

treatment data was generated using the LUMC protocol excluding the Core-CTVHR

dose indicator. Since BRIGHT outputs an approximation front of non-dominated treat-

ment plan solutions, we select the most balanced plan in terms of coverage and sparing,

the so-called 'L-plan', for modeling. Selecting the treatment L-plan is formalized as:

L-Plan = argmax
t 2 treatment plans

f min f LCI (t); LSI (t)gg (3.1)

Each selected treatment plan consists of dwell times that are corrected for the radioactive

source strength at the date and time of the treatment. To account for the varying

radioactive source strength, we inverse-transform the dwell times to dwell weights using

a conversion factor.

Features are extracted from the DICOM data and are constructed on a dwell point level.

For a visualization of the data extraction, preprocessing and eFNN training pipeline,

kindly refer to Figure 3.1. In practice, rt-plan and rt-struct �les encompass more target

and risk markers than described by the protocol. Nevertheless, since we aim for a gen-

eralizable approach we will omit any markers that are not consistently given for each

1https://www.dicomstandard.org/

17



Methods 18

patient. If either the DICOM data or BRIGHT data is incomplete for a patient frac-

tion, we remove the patient fraction from the dataset. For an overview of the designed

features refer to Table 3.1. Refer to A for an exploratory analysis of the patient data.

Feature
Category

Feature Feature con�guration for x Feature Type

A Catheter Type - Z
A No. Neighbors In Radius x x 2 f 5:0; 7:5; 10:0; 12:5g Z
A Centroid Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R

A Closest Contour Distance x
x 2 f CTVHR ; CTVIR ; GTVRES ;
Bladder; Rectum; Bowel; Sigmoid g

R

A Furthest Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Is Inside ROI Samples Count x x 2 f CTVHR ; CTVIR ; GTVRES g Z
A Superior Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Inferior Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Lateral Left Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Lateral Right Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Anterior Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
A Posterior Contour Distance x x 2 f CTVHR ; CTVIR ; GTVRES g R
B Right Neighbor1 x x 2 f Features Category Ag Feature Category A Type
B Right Neighbor2 x x 2 f Features Category Ag Feature Category A Type
B Right Neighbor3 x x 2 f Features Category Ag Feature Category A Type
B Left Neighbor1 x x 2 f Features Category Ag Feature Category A Type
B Left Neighbor2 x x 2 f Features Category Ag Feature Category A Type
B Left Neighbor3 x x 2 f Features Category Ag Feature Category A Type

Table 3.1: Dwell-point level features

Figure 3.1: Data pre-processing and training pipeline

We de�ne 3 catheter types to distinguish in which hardware module the dwell position

is located. That is, either in the tandem (value = 1), ovoids(value = 2) or needles (value
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= 3). The cold start initialization is based on a clinical heuristic to avoid major use of

the needles if possible, therefore a feature to distinguish the catheter type is assumed

to be relevant. Modelling the catheter surroundings of a dwell point is done by the

No. Neighbors In Radius feature. The 3-dimensional Euclidean distances in millimeters

between one dwell point and all other dwell points are calculated, followed by a count

of the number of neighboring dwell points that are within the speci�ed radius. Using

di�erent radii, we can map dwell point surroundings on di�erent scales.

All the distance features are based on the medical intuition behind manual treatment

planning and the workings of the radiotherapy hardware. For example, a dwell point

close to the centroid of a target volume is assumed to have a higher dwell weight than

a dwell point that is further away from a target volume. Similarly, a dwell point close

to the contour of a target volume is assumed to need a higher dwell weight than a dwell

point further away from a target volume. In the case of sparing OARs, a dwell point

closer to the OARs should have a lower dwell weight than dwell points further away.

Additionally, we add 6 anatomical direction distances to the CTV contours to create

a more precise picture of the dwell point positions inside or outside of the CTV. To

determine whether a dwell point is inside (1) or outside (0) a CTV or OAR, we apply

a bounding box check and the ray-casting algorithm [58]. The bounding box is created

based on the minimal and maximal contour bounds of the OAR/CTV contours. If a

dwell point is outside the 3-D bounding box, we can save time and return a zero. If the

dwell point is inside the bounding box, we apply the ray casting algorithm for each 2-D

contour slice and return either a 0 if the point is outside or a 1 if the point is inside the

OAR/CTV. The Is Inside CTV Samples Count feature makes use of this by sampling

50 reference points within a speci�ed radius and returning the sum of samples that are

inside the CTV. Since the CTVs generally di�er in size, di�erent radii parameters are

set. We apply a radius of 2.5 mm for theGTVRES , 7.5 mm for HR CT V and 10 mm

for IR CT V . The radii parameters are the result of manual tuning, which was done by

looking at the resulting Is Inside CTV Samples Count feature for di�erent radii settings.

Since the GTVRES , IR CT V and HR CT V are of di�erent sizes, a di�erent radius per

target volume was considered more informative for the Is Inside CTV Samples Count

feature.

To include whether a dwell point is inside or outside a CTV, we multiply the distance

features by -1 if the dwell point is outside and +1 if the dwell point is inside the speci�ed

CTV. By using this method, we can exclude an Is Inside CTV feature and include this

information directly in the distance features.

The aforementioned reasoning only considers single dwell points. However, multiple

dwell points have a cumulative e�ect on, for instance, an OAR. To provide our model
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with some spatial awareness of this e�ect, neighbor features (type B features) are con-

sidered, in addition to the features of the current dwell point, as model input. In other

words, this results in 6 additional sets of type A features. The Next and Prev Neighbor

features are determined on a catheter level, which means that for each unique catheter

ID (e.g. tandem 1 or ovoid 2) only the neighbors for that catheter ID are considered.

If the dwell point is positioned on the far left or far right of the speci�ed catheter, it

will have only neighbors in either the right or left direction. A dwell point in the center

of the catheter will have both right and left-direction neighbors. Non-existing neighbor

features are set to zero and existing neighbor features are set according to the feature-A

output of that particular neighbor.

As the �nal step for pre-processing, min-max normalization per patient fraction is ap-

plied to all features except the catheter type.

Not all features in Table 3.1 are deemed necessary as input to our model in the �nal

framework. Many combinations of the proposed features are possible and each com-

bination can yield a di�erent eFNN performance. Therefore, redundant features are

identi�ed by performing a sequential backward selection experiment in Appendix B.

As a result, we excludethe following features from the �nal feature set: the GTVres

and HR CT V anatomical distances, the Sigmoid Closest Contour Distance, the neighbor

features for the Is Inside Samples CountGTVres and the IR CT V Centroid Distance.

3.2 FNN Model

We aim to solve the regression task of predicting individual real-valued dwell weights.

A feedforward neural network (FNN) is particularly suitable for this purpose. Since

FNNs can be designed in all sorts of ways, a systematic analysis of FNN architectures

and hyperparameters ought to be important. We accomplish this by performing a grid

search experiment which can be referred to in Appendix C.

From the grid search experiment, we deduct a FNN architecture (Model # 2 in Appendix

C) as denoted in Figure 3.2. In the backpropagation process, we apply AdamW with a

learning rate of 1e� 5 and a weight decay of 0.01. Other parameters for AdamW include

the � -range set at (0.9, 0.999) and a stability� of 1e� 8. After the �nal output neuron,

the predicted dwell weight is processed through a Softplus function of which we set the

� parameter to 1. The Softplus activation is a smooth approximation of the ReLU

function and constrains the output dwell weight to be positive.

Prediction performance is evaluated using mean Huberloss with an input parameter�

set to 1. Huberloss combines the absolute di�erence with the mean squared error. This
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Figure 3.2: FNN architecture

combination is particularly useful if we do not want the outliers in our data to dominate

the loss, which can result in unstable training given our imbalanced CV-splitted datasets.

Errors on outliers, of which the absolute di�erence is larger than� , are penalized linearly.

Whereas errors within an absolute di�erence lower than� are penalized quadratically.

By making use of a 5-fold cross-validation principle, we essentially create an ensemble of

5 FNN models (eFNN), each trained and validated on di�erent sets of patient fractions.

Since many di�erent treatment plans exists with a similar coverage and sparing trade-o�,

an ensemble of 5 models aligns better to the multimodal nature of the problem compared

to using only one model prediction.

3.3 Exponential Search & Interpolation Correction

After the eFNN outputs 5 treatment plans, an indication of the plan quality is not

available yet. Although a low Huberloss can indicate a close resemblance to the target

plan, it is not guaranteed that the plan quality will be close or equal to the target

solution. Therefore, it is deemed necessary to evaluate how good the plan actually is

and potentially adjust plans that are still far away from the desired plan quality. We aim

to accomplish this by performing iterative BRIGHT re-evaluations through Exponential

search and Interpolation (ExpInt) correction.
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Figure 3.3: Pipeline at-inference

To provide a general framework description, we denote the number of models (and

the number of original, eFNN-produced treatment plans) asn. n equals the number

of cross-validation splits, which in our case equals 5. At inference, an ensemble ofn

FNNs predicts n HDR-BT treatment plans as denoted in Figure 3.3. To identify the

correspondingLCI (t) and LSI (t) for each of the treatment plans, a re-evaluation step

is performed using the BRIGHT software solution. Once evaluated, a treatment plan

is located in one of the three sections as shown in Figure 3.4. A treatment plan in

area A has stronger sparing properties whereas a treatment plan in area C has stronger

coverage properties. If a treatment plan is located in area B, it has a more balanced

sparing/coverage trade-o�. For a warm-start solution, we aim to input MO-RV-GOMEA

with a range of balanced treatment plans that all lie between the sparing and coverage

line (ideally, inside the golden corner). This is done by performing a (bi)-directional

exponential search conditioned on the starting quality of the eFNN-predicted treatment

plans. For an overview of the ExpInt procedure, refer to Algorithm 2.

If a treatment plan is located in area A, we perform one search in the direction of Area

C crossing �rst the sparing line, followed by the coverage line. If a treatment plan is

located in area C, we perform one search in the direction of Area A crossing �rst the

coverage line, followed by the sparing line. If a treatment plan is located in area B,

we perform two searches in opposite directions. The exponential searches return lower

and upper bounds, to which we apply interpolation to get a range of treatment plans

between the lower (sparing) and upper (coverage) bounds. How many treatment plans

are interpolated between the two bounds is de�ned by an interpolation parameter, which

we set to 25 (including the bounds). Subsequently, all resulting treatment plans that
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Figure 3.4: Evaluation categories treatment plan

Algorithm 2: Exponential Search & Interpolation Correction
// Warm start input population Pwarmstart , original treatment plan x j , number of
original treatment plans n, direction factor � j , set of lower bounds LB, set of upper
bounds UB

1 Pwarmstart  fg ;
2 for j 2 f 0; 1; ::; n � 1g do
3 if x j in Area A then
4 � j  1;
5 LineToCross1  SparingLine ;
6 LineToCross2  CoverageLine;
7 LB; UB  DoubleboundExpSearch(x j ; � j ; LineToCross1; LineToCross2);

8 else if x j in Area B then
9 � j  � 1;

10 LB  SingleboundExpSearch(x j ; � j ; SparingLine );
11 � j  1;
12 UB  SingleboundExpSearch(x j ; � j ; CoverageLine);

13 else
14 � j  � 1;
15 LineToCross1  CoverageLine;
16 LineToCross2  SparingLine ;
17 LB; UB  DoubleboundExpSearch(x j ; � j ; LineToCross1; LineToCross2);

18 Pwarmstart  P warmstart [ f GetInterpolatedSolutions (LB; UB )g;
19 Pwarmstart  GetNonDominated (Pwarmstart );

20 return Pwarmstart ;

are dominated or do not lie between the sparing and coverage lines are �ltered out.

The �nal treatment plans are then given as input to MO-RV-GOMEA. Speci�cally, the

plans are inserted in the elitist archive in generation 0. The elitist archive is then �ltered

by removing treatment plans that violate any of the constraints. The �rst-generation
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population includes the �ltered elitist archive complemented by additional cold-start

treatment plans up to the determined population size.

Algorithm 3: Double-bound Exponential Search
// original treatment plan x j , step precision valuep, direction factor � j , modi�ed
treatment plan yi , number of original treatment plans n, lower bound factor lbi 2 LB ,
upper bound factor ubi 2 UB //

1 iteration  0;
2 LB  fg ;
3 UB  fg ;
4 while iteration = 0 or 9yi s.t. SearchDone(yi ) is False do
5 i = 0;
6 for k 2 f 0; 1; ::; n � 1g do
7 if j 6= k then
8 if iteration = 0 then
9 Stepsizei  0;

10 lbi  0;
11 ubi  2Stepsize i ;
12 SearchDone(yi )  False;

13 else
14 if LineEvaluation( yi ; LineToCross1) is False then
15 Stepsizei  Stepsizei + 1;
16 lbi  ubi ;
17 ubi  2Stepsize i ;

18 else if LineEvaluation( yi ; LineToCross1) is True and
LineEvaluation( yi ; LineToCross2) is False then

19 Stepsizei  Stepsizei + 1;
20 ubi  2Stepsize i ;

21 else
22 if SearchDone(yi ) is False then
23 LB  LB [ f lbi g;
24 UB  UB [ f ubi g;
25 SearchDone(yi )  T rue;

26 yi  x j + � j � p � ubi jx j � xk j;
27 i  i + 1;

28 iteration  iteration + 1;

29 return LB; UB ;

Importantly, the aforementioned way of moving treatment plans through the LCI (t) and

LSI (t) plane is not directly controllable. In other words, we do not change theLCI (t)

and LSI (t) values directly but change dwell time sequences and then evaluate what

the resulting LCI (t) and LSI (t) values are. More formally, we pick a treatment plan

x j and add or subtract the dwell time di�erences between that treatment plan x j and

another treatment plan xk . To consistently accumulate/deplete all dwell times instead
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of a single dwell time, we take the absolute di�erence between the two treatment plans.

Whether addition or subtraction is applied depends on the direction of travel � j , which

is based on the initial position of a treatment plan in the LCI (t), LSI (t) plane and the

line to cross. A parameter p is introduced to add additional precision if steps of base

2 are posed too large in the �rst few iterations of the search. In our setup, we de�ne

p = 0 :1. If x j is located in Area A or C, we apply the Double-Bounded Exponential

Algorithm 4: Single-bound Exponential Search
// original treatment plan x j , step precision valuep, direction factor � j , modi�ed
treatment plan yi , number of original treatment plans n, upper bound factor ubi 2
UB //

1 iteration  0;
2 UB  fg ;
3 while iteration = 0 or 9yi s.t. SearchDone(yi ) is False do
4 i = 0;
5 for k 2 f 0; 1; ::; n � 1g do
6 if j 6= k then
7 if iteration = 0 then
8 Stepsizei  0;
9 ubi  2Stepsize i ;

10 SearchDone(yi )  False;

11 else
12 if LineEvaluation( yi ; LineToCross) is False then
13 Stepsizei  Stepsizei + 1;
14 ubi  2Stepsize i ;

15 else
16 if SearchDone(yi ) is False then
17 UB  UB [ f ubi g;
18 SearchDone(yi )  True;

19 yi  x j + � j � p � ubi jx j � xk j;
20 i  i + 1;

21 iteration  iteration + 1;

22 return UB;

Search (Algorithm 3). In the double bounded search, if a perturbed treatment planyi

has crossed the �rst line in terms of the correspondingLCI (t) and LSI (t) values, the

lower bound is identi�ed. When the second line to cross is surpassed, the upper bound

is identi�ed. If all the double-bounded searches for a treatment planx j are completed,

a set of the lower and upper bound values is returned. Ifx j is located in Area B, we

apply the Single-Bound Exponential Search (Algorithm 4) twice. Once the search has

surpassed the pre-determined line to cross, the upper bound value is identi�ed. When

all the single bounded searches for a treatment planx j are completed, a set of the upper

bound values is returned.
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3.4 Experimental Setup

To measure the individual e�ect of the eFNN model and the corrections by exponen-

tial search and interpolation, we derive the following experimental setup. We analyze 4

initializations including the cold start benchmark initialization originally implemented.

The second initialization makes sole use of the eFNN predictions and the third initializa-

tion is a combination of the eFNN predictions with applied corrections by Exponential

search and Interpolation (referred to as eFNN+ExpInt).

The fourth initialization strategy includes 5 treatment plans that are based on a recently

developed heuristic to improve upon the original cold start. After applying exponential

search and interpolation, we refer to this initialization as Heuristic+ExpInt. This re-

cently developed heuristic initialization determines the lower and upper bounds based

on the weight-To-Time conversion factor. The main motivation for using this recently

developed heuristic is that it provides a more balanced starting point in comparison to

the cold start. Moreover, it allows us to compare the exponential search and interpola-

tion method with an eFNN starting point and the best-e�ort heuristic starting point so

far developed. Kindly refer to Algorithm 5 for a formulation of the heuristic start used

for the Heuristic+ExpInt initialization Method.

For the sake of clarity in reference, we consider the eFNN, eFNN+ExpInt and Heuris-

tic+ExpInt initialization all to be 'warm-start' initializations in contrary to the original

initialization which is referred to as the 'cold-start'.

Algorithm 5: Heuristic Start Initialization
// initial population Pinit size n; treatment planx size m; weightToTime-factor wTT;
LowerBound initialization LB init ; UpperBound initialization UB init ;

1 Pinit = fg ;
2 LB init  0:85� wTT;
3 UB init  0:95� wTT;
4 for i 2 f 0; 1; ::; n � 1g do
5 x = fg ;
6 for j 2 f 0; 1; ::; m � 1g do
7 z � U (0; 1) ;
8 dwelltime  LB init + ( UB init � LB init ) � z ;
9 x  x [ f dwelltime g ;

10 Pinit  P init [ f xg ;

The most notable parameter con�gurations for MO-RV-GOMEA are a population size

of 288 and a maximum runtime of 5 minutes per patient fraction. We use 200,000 dose

calculation points during optimization for (re-)evaluation and 1,000,000 dose reference

points in the �nal evaluation.
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We identify two reference criteria to measure the convergence speed of MO-RV-GOMEA

for the given initializations. The �rst reference criterium is reached when a treatment

plan reaches the golden corner (LCI (t) > 0:0 andLSI (t) > 0:0). Since MO-RV-GOMEA

optimization does not always return a plan that is evaluated inside the golden corner, we

include a second reference criterium conditioned at (LCI (t) > � 0:2 andLSI (t) > � 0:2).

For the eFNN training, ExpInt procedure, and MO-RV-GOMEA optimization, we make

use of scripts parallelized over 1 Nvidia Titan XP and 3 Nvidia Titan X GPUs. The

codebase for this project can be accessed by navigating to this private GitHub Repos-

itory. Patient-fraction naming conventions in the GitHub repository and thesis are

anonymized and randomly numbered.
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Results

4.1 eFNN Predictions

The �nal performance of the eFNN model is determined by calculating the average

Huberloss per dwell point using a test set that contains 35 patient fractions. Refer to

Table 4.1 for a summary of the performance of each FNN model trained and evaluated on

a di�erent cross-validation split. In comparison to the average validation set performance

(see Table C.2), the test set Huberloss is approximately 4-5% higher. Note that the

Huberloss is the Huberloss of the target dwell weight (dwell time corrected by radioactive

source).

Huberloss Absolute Dwell time error (seconds)
FNN Model CV Split #1 0.730 4.660
FNN Model CV Split #2 0.737 4.720
FNN Model CV Split #3 0.728 4.624
FNN Model CV Split #4 0.729 4.672
FNN Model CV Split #5 0.732 4.609

Table 4.1: Test Set Results

To illustrate how the eFNN predicted treatment plans are composed, 4 sample patient-

fractions are denoted in Figure 4.1. We present the predicted treatment as a sequence of

dwell times, divided into sections to distinguish between needles, ovoids and the tandem.

Importantly, the �gures denote dwell times and not dwell weights. One should therefore

keep in mind that the actual radiation delivered is also dependent on the radiation source

and not solely indicated by the dwell time.

28
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(a) Patient 1 Fraction b

(b) Patient 3 Fraction a

(c) Patient 8 Fraction b

(d) Patient 16 Fraction b

Figure 4.1: eFNN dwell time prediction vs. target dwell time.

For each of the eFNN predictions (numbered by CV split), the treatment plan predictions

show to be considerably similar per patient fraction. In Figure 4.1a, the eFNN prediction
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captures a slight downward pattern in the tandem which is also observable in Figure

4.1c and 4.1d. The order of the dwell point ID's should be read as analogous to how

the implant is inserted. E.g. for the tandem, the sequence from left to right represents

the tip of the tandem up to the dwell point in the tandem closest to the applicator

base. In 4.1d, the eFNN predictions show to capture the spiking pattern in the target

plan to some extent. However, especially in the needles, the predictions show to be

o� by 15 seconds for some of these time peaks. In Figure 4.1b, the eFNN predictions

are under�tting the target treatment plan. The target treatment plan for this patient

fraction has considerably high dwell time peaks, which are not well captured by the

eFNN model. The eFNN model generally tends to predict shorter dwell times, as can

be seen in Figure 4.2 by the lower spread of outlying points under the diagonal.

Figure 4.2: Target vs. Predicted
Dwell Times - FNN Model CV Split #1

4.2 Exponential Search & Interpolation

A complete set of visualizations for the exponential search and interpolation method is

provided in this SURFdrive repository.

In Figure 4.3 an interpolation example is given for Patient 12a. The exponential search

for this patient originally started left from the sparing boundary and extended sub-

stantially beyond the coverage line. A total of 500 points are then interpolated, shown

by the blue area in Figure 4.3a. As a result of picking only the non-dominated so-

lutions between the sparing and coverage line, a fraction of the 500 points remain as
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(a) Interpolated
Solutions

(b) Interpolated Non-Dominated
Solutions Between Lines

Figure 4.3: Sample Result Interpolation Patient 12a

input for MO-RV-GOMEA optimization (Figure 4.3b). To both the eFNN and heuristic

start initialization, the Exponential search and Interpolation method is applied. A brief

overview of the average± (standard deviation) required evaluations is shown in Table

4.2 (complete results shown in Appendix E.1). On average, eFNN+ExpInt required

less exponential search evaluations than Heuristic+ExpInt. As no underlying sample

distribution is assumed, we apply a two-sided Mann Whitney-U test (� = 0.01) to sta-

tistically quantify this di�erence. With a resulting p-value of 0.002, we state that the

eFNN+ExpInt method required signi�cantly fewer exponential search evaluations than

the Heuristic+ExpInt method.

# Evaluations
Exponential Search

# Evaluations
Interpolation

Heuristic+ExpInt 193.17± (31.65) 500± (0.0)
eFNN+ExpInt 165.8± (31.82) 500± (0.0)

Table 4.2: Evaluations Exponential Search & Interpolation (n=35)

Since we always interpolate 25 points between each of the 20 lower -and upper bound

pairs, the number of evaluations for interpolation is constant at 500. The maximum

amount of exponential search evaluations required was 259 for a Heuristic+ExpInt

patient-fraction run and 233 for an eFNN start patient-fraction run. At minimum, 145

evaluations were required for a Heuristic+ExpInt patient-fraction run in comparison to

123 for an eFNN+ExpInt patient-fraction run.

Similar to the eFNN prediction visualizations, we highlight 4 patient-fraction treatment

plan con�gurations in Figure 4.4 including the output plans derived by exponential

search and interpolation. The patient fraction in Figure 4.4b shows the largest change

in dwell time sequences compared to the eFNN predictions. Given that an eFNN pre-

diction needs large adjustments is not the only indicator for a high number of required
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exponential search evaluations. As noted in Figure 4.4d, the number of evaluations ex-

ceeds that of Figure 4.4b, even though the eFNN+ExpInt dwell time sequence does not

appear to have changed as much in comparison to the eFNN sequence. This can be due

to a potentially very small di�erence between the two FNN treatment plans, resulting in

more evaluations to accumulate/deplete dwell times. Another cause can be the location

of the initial eFNN predictions in the LCI/LSI plane. If a treatment plan is evaluated in

area B at the start of exponential search, two single exponential walks have to be done

in order to �nd the bounds for interpolation. Thus, in comparison to e.g. a combined

search from Area A close to the sparing line, more evaluations could be required. This

is however not always the case given the below-average number of evaluations shown in

Figure 4.4c.

The results from the Heuristic+ExpInt procedure show a considerably di�erent dwell

time pattern in Figure 4.5. As indicated by the light-blue horizontal line, the heuristic

start sequences appear to be almost constant around a non-zero dwell time. This re-

sults in a treatment plan that already incorporates a substantial amount of coverage, in

contrast to the original cold start which uses pre-de�ned ranges of dwell times that are

generally lower. The e�ect of having a substantial amount of coverage, before running

the exponential search and interpolation, can be observed in Figure 4.5a, 4.5c and 4.5d.

For these cases, the Heuristic+ExpInt dwell times are generally lower than the Heuristic

dwell times. In comparison to the original cold start, dwell time depletion would gener-

ally not be necessary since the uniform sequence of dwell times in only the tandem and

ovoids generates a more sparing-oriented treatment plan.

Figure 4.5b shows various Heuristic+ExpInt treatment plan patterns that are all non-

dominated by each other in terms of their correspondingLCI (t) and LSI (t) values.

Although the complete set of non-dominated solutions appears noisy, it is composed of

several treatment plan sets that follow roughly the same pattern. Figure 4.4b exempli�es

how 2 of such sets of plans occur: following roughly the same pattern, but with gaps

between the lines (best visible at 
at peaks). The gaps are a direct result from the

interpolation interval which is set at a �xed stepsize distance. Additionally, one should

note that the highly 
uctuating peaks in the Exp+Int treatment plans for patient 3a

could encompass a high DTMR constraint value.
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(a) Patient Fraction Patient 1b: 689 Exponential search and Interpolation evaluations

(b) Patient Fraction Patient 3a: 733 Exponential search and Interpolation evaluations

(c) Patient Fraction Patient 8b: 633 Exponential search and Interpolation evaluations

(d) Patient Fraction Patient 16b: 740 Exponential search and Interpolation evaluations

Figure 4.4: eFNN dwell times with Exponential search & Interpolation
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