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Abstract

Cervical cancer is aignificantglobal health issueyith brachytherapyeing crucial for
treating locally advanced disead&rachytherapy involves inserting an applicator through the
vaginal cavity toescalateradiation dose to the affected areApplicator geometries vary and
impact theachievable dosdistribution.Limited criteria exist to guidapplicator selection, making
it dependent on physician experience, presenting challengekationconsistency and outcome
variability. Suboptimatreatment may increase the likelihoafchdverse effects pesteatment that
impactquality of life. Additionally, there areurrentlylimited comprehensive predictive models
for treatment toxicities based on mulhsttutional datasetsMachine learning can identify
complex relationships and generate predictive modelsthasdthist hesi s expl or ed
to enhance theervical cancer brachytherapy workfldy developing tools that assist physicians
in making more informetreatment decisions

We first developeda decisiorsupport tooffor selecting theptimal treatment applicator
including hybrid interstitial needle arrangemeblsing algorithm comparison andnalyzing
feature importancen retrospective datave identified that boosted tréased models combined
with geometric features of the target volum®vided the highegpredictive accuracy.These
models, validated through a prospectstedy, demonstrated comparable accuracy to expert
radiation oncologists, witlaccuraciesof 70% for applicator prediction and 82.5% for hybrid
interstitial needle predictiodMachine learning predictions improved oreggtrrisk dose compared
to clinical predictions, demonstrating potential dosimetric benefit.

Using a robust, muHinstitutional dataset, we developed a Bayesian netappkoacho
model late treatment toxicitieaiding in personalized and adaptive treatment strategie$iraVe
developed a customized simulated annealing framevi@rkoptimizing network structures,
integrating expert knowledge ensure generated models have a logical struttateepresent
current clinical understandinghis framework demonstratqaredictive performance comparable
to outof-box optimization methods, whifgovidinga highly interpretable network structure. We
explored potential clinical applications of these networks, including risk stratification, risk factor
identification, and cendr bias analysisThis thesis highlights novel applications of machine
learningin supporting key aspects of the brachytherapy workflow for cervical cancer, potentially
enhancing treatent quality andonsistencyreducingtreatment errors, angroviding powerful

clinical decisiorsupport tools to physicians.
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Chapter 1- Introduction

This chapter introduces some of the fundamental challenges associated with liweating
advanced cervical cancftACC), focusing on the essential role of brachytherapy. The purpose
of this chapter is to introduce the motivation for the investigations outlined thdhis, focusing
on enhancing the brachytherapy workflow through machine learning techniques. In addition, this

chapter will outline the overall thesis structure along with the content of later chapters.

1.1 Motivation

Cervical cancer representsignificant global health challenge, being tfferdost commonly
diagnosed cancer and th& leading cause of cancer deathwomen? The termLACC refers to
cancer that is bulky or has expanded into tissues near the cervix without metastasizing to distant
organs. This stage of disease is particularly critical as it requires more extensive treatment to
manage effectively. Notably, the use of a radratreatment called brachytherapy is essential for
patient survivaf'®

Brachytherapy is a type of radiation therapy that targets cancer cells with a high dose of
radiation, delivered by a radioactive source placed inside or proximal to the tdiiguapproach
is highly localized, limiting the exposure of surrounding healthy tissues to radiationmdste
commonlyusedtype of brachytherapy for treating cervical cancer is intracavitary brachytterapy,
which involves placing an applicator through the vaginal cavity to treat areas potentially affected
by cancer, such as the upper vagina, cervix, and ufeeed=igure 2.1). Further detail about
radiation therapy in general, along with the brachytherapy treatment process is proG@dapter
2. Althoughbrachytherapy for cervical cancer has been shown to play an essential role in patient
survival?® the quality of treatment is dependent on physician experience, which represents a

significant challenge potentially leading to variability in treatment outcorefoptimal



treatment may increase the likelihood that a patient will experience adverse effettegiosnt

than can impact quality of life for years following the completion of treatment. These adverse
effects are commonly referred to in literature as late tiiegcor morbidities and agecommonly
recorded outcome of treatmebBturing brachytherapy, a large amount of patient specific data is
collected, which could be used to develop comprehensive predictive tools to assist in this-decision
making process. Howey, the quantity and variety of patient, treatment, and outcome data can be
challenging to parse and model without advanced analytical techniques.

Machine learning is a branch of artificial intelligence that enables computer systems to learn
from and make decisions based on patterns present in dagéemrning these patterns and
further inferring rules from large and complex datasets, machine learning algorithms can perform
predictive tasks without being explicitly programmed with a set of rules. Clinically, machine
learning offers significant advaages over conventional statistical modelling as it can analyze
large volumes of treatment inforn@t consisting of multiple data types. Additionally, machine
learning excels at identifying complex or nlimear relationships between variables which are
commonly seen in the medical domaifihis ability to address some of the challenges with the
extensive clinical data collected during cervical cancer treatmléows for development of
meaningful tools that can aid physicians in the decisiaking process. Among the classical
machine learning methods utilized in these scenarios is the Bayesian networkcavhiohdel
the probabilityof a certain event occurrifzased on observedlated characteristicBor example,

a Bayesian network could model the probability of the grass on a lawn being wet (thdasedt)
on whether or not there are rain clouds in the sky (related characteriEhiesg networks are
adept at handling uncertainties and predicting outcomes based on incomplete &areadeans

them invaluable in settings where decismaking is complex and datiiven insights are critical.



Further details about the specific machine learning techniques employed in this thesis are outlined
in Chapter 3

The purpose of this thesis is to address various inefficieraidsintroduce datdriven
decisionsupport toolsinto the highdoserate (HDR) cervical brachytherapy workflow using
machine learning techniqueshe large quantity of data collecteplairedwith the potentially
complex and notlinear relationshipgencoded between variables influencing treatment quality
makesbrachytherapy problems wedliited formachine learning modellin&pecifically, we look
to addres$wo aspects of the workfloivthe process ddpplicator and interstitial needle selection
as well adatetoxicity modelling.

As outlined above, one major piece of equipment used in cervical brachytherapy is the
treatment applicator. There are a variety of different applicator geometries, but they broadly serve
the purpose oproviding channels fothe radioactive sourd® pass throughkuring treatmento
reach the tumuar, defining the possible locations that the radioactive source can dwell to deliver
the treatment. In addition to the base applicg®wmetry applicators may have the ability to
includearrangements dfybrid interstitial needles, providing further locations that#ttktoactive
source can dweknd improving target coveragéhe geometry of the applicator is thus directly
associated with the shape of the deliverable radiation dose, and as such the incorrect applicator
selection can negatively impact thesde delivered to the tumour and healthy tissues, potentially
reducing the effectiveness of the treatment or increasing the risk of negative side®é&ffects.
Applicator and hybrid interstitial needle selection lends itself to machine leanmaaiglling
primarily due to the proces®ing highly dependent on clinical judgement and experi€ritiee
complexity and its critical impact on patient outconmegtivates the need for predictive models as

a decisiorsupport tool for physicians



In radiation therapy, several types of side effects can occur. Late toxicities are negative health
effects arisingrom the irradiation of healthy tissueend some examples includenary or fecal
incontinence, narrowing of the vagina (stenosis), or urinary and gastrointestinal bleeding. These
effects canappear months to years after radiation therapy has ended, potentially impacting
patient 6s qu alaftertyeatneenis domplete!? Afthough spreespatterns between
thedose of radiation giveand these late effects have been identified, there are few comprehensive
models for predicting these toxicitieSxisting modelsare based primarily on single institution
dataand leverage conventional statistical techniques, which may be unable to address complexities
such as notlinear relationships and intercorrelations between influencing variables
development of a comprehensive toxicity modellargl predictionframework based on high
qudity, multi-institutional data could clarify the correlations between toxicity outcomes and
observed patient and treatment parameters.

This thesis hypothesizes that the incorporation of machine learning techniques iHDRhe
cervical brachytherapy workflow can first enhance treatment quality and consistency while
reducing treatment errors by providing decissupport for the applicator and hybrid interstitial
needle prediction process traditionally reliant solely on physigidgement. Furthermore, it
proposes a novel method for datdven modeling of late treatment toxicity through the
application of Bayesiametworks on multinstitutional datasets to develop comprehensive
predictivemodels Application of these models expectedo clarify complex relationships and
intercorrelations between treatment parameters and late toxicity outcomes, facilitating the adoption
of patientspecific, adaptive treatmestrategiesn the future For example, these models could
allow for the pretreatment prediction of which patients are at an elevated risk for a given toxicity,

allowing for more informed treatment planning and interventions to reduce radiation dose to the



affected organ to minimize this risklltimately, the machine learning framework introduced in
this study is expected to serve as a powerful decsigport tool, promoting more precise,
consistent, and highuality patient care
1.2 Organization of Thesis

This thesis is formatted as a manusebased thesis consisting efght chapters Chapter
2provides a comprehensive overview of the clinical radiotherapy process for cervical cancer
patients, with an emphasis on the detailghef institutionalbrachytherapyworkflow. Chapter
3provides an overview of the basic concepts of machine learning and optimization, with an
additional focus on Bayesiametwork techniques fotoxicity modelling. The subsequent four
chapters represent manuscript contributiolapter 4providesan overview ofthe feature
selection, algorithm comparison, and hyperparameter tuning prfoceks purpose of applicator
prediction in cervical brachytherapyhis chapter represents the necessaitial validation of
machine learning for the applicator selection probdera retrospective datas€hapter provides
the results of the implementation of this applicator selection model and an additional hybrid
interstitial needle selection model in an etkapproved prospective clinical study. @thapter 6
we outline the process of developing a simulated annebiisgd optimization algorithm for the
automatic development of Bayesianetwork structures for outcome prediction in cervical
brachytherapyThis foundational work was important to facilitate comprehensive, streamlined
modelling of multiple toxicities for further investigation€hapter 7presené a preliminary
investigation identifyingclinical insights that can be gained from the analysis of the previously
developed Bayesiametwork modeldrom Chapter 6Chapter rovides a conclusioof this PhD
researchsummarizing the impact and major findings of the work as well as outlining limitations

and future work.



1.3 Research Contributions

Chapter 4Lontent has been publishedrrontiers in Oncology? Supplementary material for
this manuscript is included idppendix A Copyright and ceauthor permissions are included in
Appendix DT Journal Permissionand Appendix ET Author PermissionsThe contributing
authors ar&ailyn StenhouseDr. Michael Roumeliotis, Philip CiunkiewicBr. Robyn Banerjee,

Dr. Svetlana Yanushkevich, amt. Philip McGeachyl conceptualized and designed the study,
prepared data and code for machine learning modelling, performed the data analysis, and prepared
the manuscript for revisions. Dr. McGeachy and Dr. Roumeliotis assisted in study
conceptualization and design, assistgth interpretation of results, and provided supervision. Dr.
Banerjee provided feedback on study desigm the perspective of a radiation oncologist using

a machine learning tool in the clini®hilip Ciunkiewicz assisted in data collectideature
extraction, preliminary machine learning modelling, and interpretation of resuls.
Yanushkevich provided additional expertise and input on the machine learning aspects of the
study. All authors provided feedback on the final manuscript.

Chapter 5content has beepublishedin Brachytherapy* Supplementary material for this
manuscript is included il\ppendix B Copyright and c@author permissions are included in
Appendix DT Journal Permissionand Appendix Ei Author PermissionsThe contributing
authors ar&ailyn StenhouseDr. Michael Roumeliotis, Philip CiunkiewicDr. Kevin Martell,

Dr. Sarah Quirk,Dr. Robyn Banerjee,Dr. Corinne Doll, Dr. Tien Pha, Dr. Svetlana
Yanushkevich, an®r. Philip McGeachy! conceptualized and designed the study, identified and
accrued eligible patients, prepared data and code for machine learning modelling, performed the
re-planning study and data analysis, and prepared the manuscript for re\isidisGeachy and

Dr. Roumeliotis assisted in study conceptualization and deagpisted withnterpretation of
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Chapter 2 - Clinical Cervical Cancer Background

This chapter provides a comprehensive background on the clinical aspeetsicdl cancer
and its treatment, discussing prevalence, anatomy, screening and diagnosis, and various treatment
modalities including surgical approaches, brachytherapy, and external beam radiation therap
(EBRT). Following this initial overview, we¢hendetail the clinical trials which have shaped the
current standard of care practices in cervical cancer treatmiéning brachytherapyAs this
research focuses on brachytherapy specifically, a thorough overview of this technique and all steps
of the treatment workflow is providedhis chapter also examines outcomes related to tumo
control and survival, as well as complications such as bladder, gastrointestinal, andlateginal

toxicitiesand discusses approaches that have been used to model these outcomes.

2.1 Cervical Cancer
2.1.1 Prevalence

Cervical cancer is the Smost diagnosed cancer in Canadian worie®lobally, cervical
cancer is the @most commonly diagnosed cancer and thide4ding cause of cancer dedath
women? Cervical cancer is a rare lotigrm outcome of persistent human papillomav{idBV)
infection, and as such its incidence and mortality are higher indod middleincome countries

where access to adequate healthcare, screening, and education is oftef®lfrited.



2.1.2 Cervix Anatomy

Cervix Anatomy

Endocervical {
canal

Cervix - Endocervix—

Ectocervix—

Figure2.1: Cervixanatomy© 2023 Terese Winslow LLC, U.S. Govt. has certain rights. (set
Appendix Fi Image Reproduction Permissioias permissions)

The cervix Figure2.1), located at the lower end of the uterus, is a cylindrical passdge 2
cm in length connecting the uterus to the vaginal canal. The ectocervix is the intravaginal structure
and is lined by squamous epithelial céfighese flat, thin cells create a protective barrier on the
cervix surface. The endocervix extends from the internal os at the junction with the uterus to the
external os, opening into the vagina. The endocervix is lined with columnar epithelial cellst AlImo
all cases of cervical carcinoma develop within the transformation zone or sgoammar

junction, where squamous and columnar epithelial cells theet.

Surrounding the cervix and the uterus, the pelvic space includes several critical structures
and organsatrisk (OARSs), depicted inFigure2.2. This includes the bladder, located anterior to
the uterus and cervix, and the rectum, located posterior to the vagina leading further to the sigmoid

colon and bowel. Other main components of the reproductive system include the fallopian tubes
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and ovaries. The uterus itself is composed of three laybesinnermost layer is theadometrium,
and the middle layer is the myometrium. The outer tissue surrounding the uterus and cervix is
known as the parametrium, consisting of connective tissue, fat, blood vessels, nerves, and
lymphatic vessels and provides significant structural support taehesiand cervix? Advanced

stage cervical cancer can expand into the parametrium.

Female Reproductive System Pelvic Exam

/Bladder

74

Vo i
Fallopian tube, ,Fallopian tube Uterus \ ” N
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. ~ i 4

4 \ - \
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e ~———Myometrium
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.
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Rectum~” \ “Cervix

Cervix— >

~Vagina

Figure2.2: Anatomy of the female reproductive system (left) and diagram the critical structures
surrounding the cervix (right® 2023 Terese Winslow LLC, U.S. Govt. has certain rights. (see
Appendix Fi Image Reproduction Permissicias permissions)

2.1.3 Screening, Diagnosis, Staging

Currently, cervical cancer is controlleshd preventedhrough a twepronged approach.
Cervical cancer is first prevented via HPV vaccination programs and regular screening for
precancerous lesions (colposcopy or PapanicolRap) (smear) is used to detedisease in the
early stage$® The greatest single risk factor for developing cervical cancer is infrequent or no
prior screening. Other risk factors include tobacco use, multiple sexual partners, early age of first

intercourse, lower socioeconomic status, and immunosuppré&Ssitatistics show a 605% drop

11



in cervical cancer incidence following the first cohort of HPV vaccinations, foreshadowing steep
reductions irthe burden of HPVassociated cancef$??In Canada, screening programs have led
to improved earlyletection, with over half of all cervical cancers diagnosed at stage | irf2017.

In asymptomatic patients, cervical cancer may be discovered as part of the routine
screening process. For patients exhibiting symptoms suggestive of cervical tanuest
commonly abnormal or heavy vaginal bleeding (>80% of caises)pelvic examination and
biopsies of visible lesions are performé@dhe diagnosis of cervical cancer is made based upon
evaluation of this biopsy, or alternatively céddife conization if no gross lesions are visi#e.
Imaging modalities are typically not used for diagnasig are not employed until the staging
process

Cervical cancer is staged according to the International Federation of Gynecology and
Obstetrics FIGO) guidelines,summarized ifTable 2.1.%° For the EMBRACE 1l clinical trial,
disease is also staged using the American Joint Committee on QameceurNodeMetastasis
(TNM) classification system, also summarized@able2.1.1*Magnetic resonance imaginglRI )
is considered the reference imaging examination for tumour assessment due to its superior soft
tissue resolution when compared to computed tomogra@hy. (n particular, the sensitivity for
parametrium, bladder, and rectum invasion is high for #Rlodal status can be assessed equally
by MRI or CT, and is important to assess as it represents one of the strongest prognostic factors
for cervical cancer patients. For detectsmgall pathological nodegé<1 cm in siz¢ CT and MRI
have low sensitivitiesand positron emission tomographyET) may serve asan alternative
imaging modality Indication for surgical nodal stagingmains unclear, howevéaparoscopic

node dissectioappears to be a safe and effective mefoodurgical staging, if employed
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Table2.1: FIGO and TNM staging of cervical cancer.

Primary Tumour

(T) Category FIGO Definition
TX - Primary tumour cannot be assessed
T0 - No evidence of primary tumour
T1 I Carcinoma confined to cervix
Tla 1A Mi croscopic, not clinicaldl
Tlal IAL O 3 mm depth
Tla2 IA2 >3mmand O 5 mm depth
Tlb B Limited to cervix uteri with > 5 mm depth
Tibl Bl O 2 c¢cm in greatest di mensi
T1b2 B2 > 2 ¢cm and O 4 cm in great
T1b3 IB3 >4 cm in greatest dimension
T2 I Extends beyond cervix, novolvement in pelvic wall or
lower 1/3 vagina
T2a IIA  Involvement of upper 2/3 of vagina, no parametrial invasic
T2al IAL No parametri al i nvol vement
T2a2 [IA2  No parametrial involvement, > 4 cmgneatest dimension
T2b [IB  Parametrial involvement
T3 1] Involvement in lower 1/3 vagina, pelvic wall, or
T3a [IA  Extension to lower 1/3 vagina
T3b IIB  Extension to pelvic wall or hydronephrosis
T4 IVA  Spread tadjacent organs (rectal or bladder involvement)
Regional Lymph
Nodge (N) Cgtegory FIGO Definition
N - Regional lymph nodes cannot be assessed
NO - No regional lymph node metastasis
N1 [IC1 Regional (pelvic) lymph node metastasis
N2 [IC2 Paraaortic lymph node metastagigpelvic lymph nodes
Distant Metastasis _
(M) Category FIGO Definition
M No distant metastasis
M IVB  Distant metastasis
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2.1.4 Prognostic Factors

A variety of prognostic factors have beeéentified for cervical cancer patients. Tumour
size, FIGO stage, and nodal involvement are particularly strong prognostic factors impacting
survival rate€82’ Additionally, histological subtype has also been identified as a prognostic factor,
with adenocarcinoma being correlated to significantly lower survival rates compared to squamous

cell carcinoma and higher distant failure rates when accounting for ditagsé?’

2.1.5 Treatment

A variety of treatment options are available for cervical cancer. Patient and tumour factors
are important considerations that impact the choice of treatment. These factors include tumour size
and stage, lymph node involvement, patient age, the desiferfility sparing treatment, and

tumour histology*28

2.1.5.1 Surgical Approaches

For early stage resectable cancers (stagéAR hysterectomy and radiation theraggsult
in equivalent tumour contrdf.If fertility sparing is desired, procedures that preserve the ovaries
and uterus can be utilized instead of a radical hysterectomy or chemoratfiforexample, a
procedure such as a radical trachelectomy removes the cervix, upper vagina, and surrounding
tissues without removal of the uterus or ovaries, sparing fertility.

Surgical treatments have benefitmpared to chemoradiatiomcludingmore effective
treatment of tumour histologies that are radioresistant and the ability to precisely stage the disease
based on postoperative findinfsAdenocarcinomas, which comprise ~25% of cervical cancer
cases, are generally treatdgically due to the low radiosensitivity of the tumour compared with
squamous cell carcinomas (~70% of cervical cancer c&s@§or some patients, chemoradiation
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may be better tolerated when compared to surgery, although the tradeoff of less severe toxicity is
met with an increased risk of secondary maligndficgombining surgical and chemoradiation
treatments should be avoided, as this combinatidensonstratetb result inworse toxicity than

chemoradiation alone without a significant clinical berféfit.

2.1.5.2 Brachytherapy

The use of brachytherapy is critical for patient outcont&sachytherapy involves the
placement of radioactive sources proximal to or within the tupemabling a targeted and highly
localized delivery of radiatiorintracavitary brachytherapy is the most commonly practiced form
of brachytherapy for the treatment of cervical cafieeith HDR brachytherapy surpassing lew
doserate (DR) brachytherapy in utilization over the past 20 y&ats*LDR brachytherapy and
HDR brachytherapy differ primarily in the duration of radiation delivery. LDR brachytherapy
delivers radiation at dose rates between2)04 Gray/hour Gy, 1 Gy = 1 J/kg, generally
administering radiation over an extended period e424ours>? Conversely, HDR brachytherapy
delivers radiation at dose ratesexcess of 1Zy/hour, reducing the treatment delivery time to
minutes allowing for outpatient treatméAt.lridium-192 is the most commonly utilized

radioisotope for HDR brachytherapy and it 6s char aTtable2¥ st i cs ar e

Table2.2: Characteristics of Iridiurl92 isotope used in HDR brachythergpy.

Isotope DecayMode Mean Photon Energy (keV) Half-Life (Days)

- b Emi ssi on
Iridium-192 Electron Capture (4%) 380 4
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Cervical HDR brachytherapy treatments use an applicator, placed through the vaginal
cavity abutting the cervixhat dictates the possible positions an internal radioactive source can
occupy for a predetermined time interval, treating the upper vagina, cervix, and'tiféiqse
2.3 depicts the equipment used in a typical cervical brachytherapy treatment. The remote
afterloader is &reatmentdevice that contains the radioactive sounce shielded vault within the
devicewhen treatment is not being delivered, minimizing exposure to radiation for brachytherapy
staff. This afterloader can be operated by staff from outside the shielded treatment bunker where
the patient is locatedutomating the motion of the radioactive source from the afterloader to the
treatment site within the patienthis functionality significantlyeduces radiation exposure risks
compared to manual radiation source placement technifjbessource guide tubes connect the
applicator to the remote afterloader, allowing the radioactive source to move into the patient during
treatment. The Iridiuri92 source is typically around the size of a grain of rite source used
institutionally is 3.5 mm in length and 0.6 mm in diametenclosed in a stainless steel capstile.

This source capsule is welded to a wire wrapped around a spool in the afterloader which is
mechanically driven through the guide tubes during treatment to smoothly and accurately position
the source into the planned dwell positions.

Due to its high dose conformity and rapid dosedéfloutside of the target region, HDR
brachytherapy is able to deliver a higher dose of radiation to the tumour volume while providing
superior normal tissue sparing when compared to external beam tee$hit} Radiation
treatments consisting of brachytherapy alone or EBRT with a subsequent brachytherapy boost to
the target volume are strongly correlated to improved overall survival when compared to EBRT

alone?®
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Source Guide Tubes — Source Transport

~~~~~~

Applicator — Source Positioning
(Ring CT/MR Applicator , Elekta AB, Stockholm, Sweden)

Remote Afterloader - Source Containment
(Flexitron Remote Afterloader, Elekta AB, Stockholm, Sweden)

Figure2.3: Equipment used in HDR cervical brachytherapy. The remote afterloader (left) provides
source shielding and containment, with source guide tubes connecting the applicator to the remote
afterloader at the time of treatment. The applicator is inserted hetgdtient for treatment
delivery. Images: Flexitron Remote Afterloader and Ring CT/MR Applicator, Elekta AB,
Stockholm, Sweden. (ségpendix Fi Image Reproduction Permissidios permissions)

2.1.5.3 External Beam Radiation Therapy

In contrast to brachytherapyhich is delivered internal\EBRT treatments are delivered
externally using a linear accelerafdrinac) which delivers a complex threkmensional 8D)
dose to a target using higimergy xrays.Prior tobeginningEBRT treatment, a CT scan of the
patient in a comfortable and reproducible position is acquired and a treatment plan for EBRT is
created usinghe acquiredmage set This treatment planvill then be used taleliver daily
treatments to the patient on the linAaiagramshowingthe main components of a meditahc
is shown inFigure2.4. For EBRT treatment, the patient lays on the treatment couch located at the

center of the | inacbs r ot at {umttaselsregaducingthe an d
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position the patient was CT scanned in for planning purpdsegnsure radiation is delivered
accurately to the tumour volume, the tumour is localized using the kilovok&genjaging arms
or the megavoltageMV ) portal imager. The a t i positiondsthen adjusteéd match the image
setthat the treatment plan was developedTre rotating gantry is used direct a focused beam
of radiation at the tumour volumevith several levels of collimation shaping the beam as it is
delivered.The primary collimation system is comprised of a large tungsten block with a central
aperture that provides the initial shaping of the beam, defitgnghaximum field size. The
secondary collimation system, referred to as the jaws, uses tungsten blocks to further shape the
beam into a conformal rectangular shape. The tertiary multileaf collimaihG §) are a series
of up to 120 individually moving tungsten leaves that are used to achieve a more complex and
conformal beam shape through leaf modulatfofhere are a range of EBRT techniques that vary
in terms of their complexity. Traditional methods, such as 3D conformal radiation therapy, use
fixed gantry positions combined with beam collimation across multiple gantry angles surrounding
the patient to ddeve a targeted doséMore advanced techniques include intensitydulated
radiation therapy, where the radiation beam is delivered at several gantry angles with dynamically
modulated MLCs to shape the beam. Finally, volumetraciulated arc therapy involsdhe
delivery of radiation in a continuous arc as the gantry rotates around the patient, with several beam
parameters modulated during the treatment including the MLC aperture shape, dose rate, and
gantry speedto yield a conformal radiation dose distributimmminimize dose to surrounding
healthy tissue¥’

ForLACC,r ef erring to FI| Gablel)dhg eurrdntBtandarchoficar®| | B
is combined chemoradiation with curative EBRT and concurrent therapy followed by a

brachytherapy boost to the target voluthigThe most common chemotherapy regimen is weekly
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cisplatin monetherapy (40 mg//).?° The total duration of treatment should remain less than 55

days for the most promising progno§is?®

Figure2.4: Main components of a medical linac used in EBRT.

2.2 EMBRACE Clinical Trials

TheEuropearStudy on MRiguided Brachytherapy in Locally Advanced Cervical Cancer
(EMBRACE) trials are currently the most comprehensiwgernational, multi-institutional
clinical studies setting the evidenbased standards for gynecologic brachytherapy. There are
three notable trials from this collaborative greaupe EMBRACE | and EMBRACE Il trials, and
the foundational retrospective retroEMBRACE study.

In the early 2000s, the concept of using image guidance to accouant tmly the primary

tumour volume, but also regression of the tumour throughout the treatment process and then adapt
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brachytherapy treatments to this volume was introdf&&dThis processs known as image
guided adaptive brachytherag@®ABT ), however clinical evidence for the safety and efficacy of
this approach waisitially limited.*?

The retroEMBRACE study was a preliminary retrospective nindiitutional
investigation on the impact of MRI guidance in brachytherapy. This study demonstrated the safety
and feasibility of IGABT in routine practice while providing evidence for improved local and
pelvic control with reduced morbidifif. This retrospective work laid the foundation for the future
prospective studies.

Initiated in 2008,he EMBRACE trial aimed to provide clinical evidence for the safety and
utility of IGABT.*? Accrual was finalized in 2015, and 1416 patients in total were enrélted.
these patientsumour and normal tissue dospatient and treatment characteristics, and outcomes
(survival, control, and morbidity) were recorded for analydistorically, there had been many
variations in the application of brachytherapy techniques across centres, leading to a lack of
uniformity and standard protocols. As such, the primary aims of this study were to introduce MRI
guided brachytherapy imanternationalmulti-institutionalsettingpand benchmar k it 6
outcomes in a large patient population, to correlates delivered to the tumour and normal tissue
with outcomes, and to develop evidetissed guidelines and prognostic models for clinical
outcomes considering volumetric, dosimetric, clinical, and biological risk fefttors.

Following the completion of the initial EMBRACE triaind the demonstrated utility of
IGABT, the EMBRACE Il trial was initiated i2016 The primary aim of the EMBRACE I trial
is to assess the local, nodal, and distant control and survival rates as well as morbidity and quality
of life while implementing an individualized, riskdaptive dose prescription protocol based on

evidence ofrelationships between delivered dose and outcomes or morkidity the initial
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EMBRACE | trial. This study focuses on the implementation of advanced brachytherapy
techniques, including utilization of moradvancedbrachytherapy applicators and EBRT
technology which will allow for tumour dose escalation and OAR dosesdalation under
extensive image guidanég.
2.3 Overview of Cervical Brachytherapy

Intracavitary gynecologic brachytherapy is the most widely used modern application of
brachytherapy® As such, several groups including the American Brachytherapy Society
(ABS),>* the Groupe Européen de Curiethérapi&€uropean Society for Radiotherapy and
Oncology GEC-ESTRO0),?84347 and thelnternational Commission on Radiation Units and
MeasurementsICRU)?%4® have developed reference documents and guidelines for cervical
brachytherapy. These documents provide a comprehensive overview of the cervical brachytherapy
workflow and provide recommendatiof all aspects of treatment basedtmatment outcome

dataand multiinstitutional clinical trials
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2.3.1 WorkflowOverview

Contouring
CT and EBRT
Simulation Treatment
Planning

EBRT
Treatment
Delivery

Screening
and
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Post- and Brachytherapy
Insertion Brachytherapy Treatment
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Applicator
Selection
and
Insertion

Pre-
Brachytherapy
Imaging

Outcome
Follow Up

Figure2.5: Steps in the institutional cervical cancadiotherapyreatment workflow.

Theinstitutional treatment workflovior brachytherapy for cervical cancer patients is outlined
in Figure2.5. Sections2.3.2- Imagingto 2.3.8- Outcomegdescribe each of the above steps in
further detail for theHDR cervical brachytherapy workflowrollowing diagnoss, the patient
undergoes imaging to aid in tumour assessment and stagiese imaging techniques aakso
used in the generation of EBRINd brachytherapyeatment planshe primary imaging modality
for treatment planning is CT, as it provides the necessary electron defwsityation requiredor
dose calculations heterogenous tissu€o provide additionaiumourvisualization, MR and/or
PET are obtained for tumour and lymph node visualizatisith PET providing functional
information about tumour metabolism and potential nodal involvement

Using these acquired images, EBRT treatment planning is performed. Through this process,

various beam orientations and trajectories are used to provide sufficient dose to the target volume
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while minimizing dose to the OARS&.urther details about assessing treatment plan quality are
outlined in Sectior.3.7- Treatment PlanningEBRT doseorescriptions are commonly 40 Gy,
delivered in 1.8 Gy/day to 2.0 Gy/day fractions over the course of several Wéeksurrent
EMBRACE Il trial requires a prescription dose of 45 Gy to the planning target volBiié)(in
1.8 Gy/dayfractions®® In the case of parametrial disease or positive nodes, an additional EBRT
boost can also be delivered. For nodal boosts, the EMBRACE Il guidelines recommend a total
EBRT and brachytherapy dose in the range 06555y EQD2*3 Specific fractionations are
recommended based on the location of the involved nédesodal involvement inside the true
pelvis externall/internal iliac, obturatarode$ fractionationguidelines outline a simultaneous
integrated boost of 25 x 2.2 GYA simultaneous integrated boost is a technique used to deliver
different radiation doses to different target areas within the same treatment session. This approach
allows higher doses concentrated on specific parts of the body while maintaining lowetadose
surrounding healthy tissues. For nodal involvement outside of the true pelvis (common iliac, para
aortic, inguinahode$ fractionation guidelines outline a simultaneous integrated boost of 35 x 2.
Gy

Treatment is generally delivered with a photon beam with fields covering the primary tumour,
areas of nodal involvement, and suspected microscopic disease in the uterus, parametria, and
vagina?® Lower photon energies (6 MV or 10 MV) are advantageous due to the increase in dose
from photoneutrons produced in high energy beams without significantly different target coverage
or OAR sparing*349.50

In general, HDR brachytherapy commences following the completion of EBRT.
Brachytherapy is an important component of treatment as high doses can be delivered to the

primary tumour volume while sparing the neaf®%Rs due to the steep absorbed dose gradient
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and the radiation sourceod6s ability to travel
used for treatmenit Prior to brachytherapyan MR is obtained to assess the tumour response to
EBRT. At this stage, the appropriate brachytheiguplicatorproviding suitable tumour coverage

is selectedr-urther details outlining the different available applicators are provided in SB@&i8n

T Applicator Prediction The treatment is delivered in a series of individual treatment fractions,

and various common fractionation regimémsintact cervical canceare outlined irfTable2.3.52

Table2.3: Common fractionation schemes for intact (no surgery) cervical brachytt®@rapy

Number of Fractions Dose per Fraction (Gy)
2 9
3 8
4 7
5 6
5 5.5
6 5

With the applicator inserted, a CT image is obtained with the patient in the treatment position
so that treatment planning can be done on an image with the patient in a representative position.
Additionally, an MRI with the applicator in place is also recommended for the first fraction of
treatment to aid in visualizing the tumour and normal tissneage registration is performed to
align the acquired imagdsom the CT and MRI dataseils a common reference framSome
institutionsare transitioning towards using MRI only for both volume delineation and the treatment
plan generatioin brachytherapyeliminating the need for CT imag&skor brachytherapy, CT
images may not be required as the most common dose calculation algorithm is-#8& TG

formalism,which treats the body uniformly as water @hdsdoes not rely on electron density
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information®* This shift capitalizes on MRI's superior soft tissue contrast for better tumour
visualization and also simplifies the workflow by removing the need for multiple image modalities,
patient movement, and image registration. However, one of the notablengballbat currently
faces MRonly workflows is the difficulties involved witkisualizingthe applicatoand catheters

on MR images®®’

Contouring is then performed to delineate the targets and OARs in the registered image
preferably using the MRI as refererduge toits superior soft tissue visualizatigfollowing image
acquisition and registration, a process of applicator reconstruction is performed to precisely map
the position of the brachytherapy applicator
accurate localization of the radiatiorusce and is necessary for treatment planningreAtment
plan is then generated which tailors the dose to the patient anatomy, following strict clinical
guidelines to optimize the dose to the tumour while sparing ORBIfowing these steps, the
brachytherapy treatment can then be delivered.

2.3.2 Imaging
2.3.2.1 Computed Tomography (CT)

CT with oral and intravenous contrast is commonly used for tumour staging in cervical
cancer patients in addition to assessing the statpsteftially pathological lymph nodé$For
both EBRT and brachytherapZT serves as the primary modality for treatment planning.
However, the adoption of image guidance in brachytherapy has been moreaelgdrgcoming
standard practice in the past few ye&2 CT images are required f&BRT treatment planning
as they provide a map dflectron density information required for dose calculations in
heterogenous tissuAs mentioned in the previous section, CT images may not be redaired

brachytherapyif a centre has shifted to M&nly workflow. Clinically, CT provides accurate
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delineation of the bladder, rectum, and sigmoid colon in addition to clear visualization of
applicators and interstitial need®s® Additionally, high resolution CTs are the preferred
modality to reconstruct applicator source pdth#t. is recommended that reconstruction be
performed on images acqgbmm?®d with a slice thi

For EBRT treatment planning, two planning CTs are obtained with different bladder filling
scenarios to account for the possible displacement of the target and OARs depending on daily
bladder filling®® One scan is obtained with an empty bladder and a second with a comfortably full
bladder. When obtaining CT images for cervical brachytherapy patients, images are acquired in
the treatment positiotmaging in the treatment position is important for setup reproducibility and
to minimize any relative motions of OARs and the target which would result in the planned and
delivered dose distributions disagreefAgor EBRT, images are acquired with the patient in the
supine position. For brachytherapy, images are acquired with the appiicsitorand the patient
in a supine positiowith legs bent at the kneeBhe CTs are acquired with a 3 mm slice thickness
adhering to the EMBRACE |l trial guideliné3Institutionally, an energy of 12dlovoltage peak
(kVp) is used as OARs and applicators are well visualized at this energy

The primary clinical limitation of CT is its poor soft tissue contrast in comparison to MR,
which allows for better tumowtisualization and can be used to assess local sanebplarametrial
invasion®:-%2 Although suitable for OAR delineationCT tumour contours significantly
overestimate tumour width, resulting in significant differences in dose metrics.
2.3.2.2 Magnetic Resonance (MR) Imaging

As mentioned in the previous section, MRI provides superior soft tissue contrast compared
to CT and is required for sufficient visualization of tumour spread, illustratEjine2.6.%° As

such, pelvic MRI has become the new standard for imaging gynecologic c&n&egslisition
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parameters are selected to optimize soft tissue contrast and highlight pathological changes such as
inflammation and edema. Cervical malignancies are best imagedwrigBted sequences with

long time between successive radiofrequeriei)(pulses (time to repetitionfR) and time

between the RF pulse and peak of the echo signal (time to BERS® In contrast, Tiweighted

sequences characterized by short TR and TE are better suited for imaging the plastic components

comprising the applicatofS.

Figure2.6: Axial pelvic T2-weightedMR (left) and CT (right) images of a cervical cancer patient
with the HRCTV contour (pink) illustratinghe superior softissue visualization provided by MR.

Due to soft tissue contrasMRI is particularly useful formonitoring and assessing
treatment response, and as such abpasehytherapy MRI image is obtained as part of the
brachytherapy workflow to a$8#A=£MR doesmetproviie i ent 6
tissuespecific electron density information, it is less commonly usedEBRT treatment
planning®* As mentioned in previous sections, brachytherapy planning may be conducted on MR
images in an MRonly workflow as the commonly used 743 dose calculation algorithm assumes
the treatment is occurring in a uniform water phanamh does not require tissgpecific electron
density information Current clinical cervical brachytherapy workflows do not routinely use
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functional MRI, however there is the promise for these techniques to aid in the delineation of
residual pathologic tissue in the futdre.
2.3.2.3 Positron Emission Tomography

The use of PET in combination with CT is standard in the irasakessment of cervical
cancer patient® PET provides the advantage of being a functional image, compared to the
anatomical images provided by CT and MR, that is able to identify tumours based on the uptake
of fluorine-18 labelled luorodeoxyglucoseHDG). Uptakeof this radiopharmaceutical is used to
confirm CT and MRI findings by identifying areas of increased metabolic activity indicative of
cancerous tissue. PET is an important tool for identifying lymph node involvement at diagnosis
and assessing treatmenspense’
2.3.3 ApplicatorPrediction

Following EBRT, an MRI is acquired to assess the response of the tumour to radiation. At
this point in the workflow, the selection of the appropriate treatment applicator is an important
consideration. The standard applicator for cervical brachytheragy istracavitary applicator
(IC), comprised of an intrauterine tandem with ovoids or a ring abutting the cervix and providing
vaginal dosé® In cases of bulky tumours or unfavourable pelvic anatomy, additional hybrid
interstitial needles may supplement the intracavitary approach in hybrid intergties )(
applicators. Examples of these applicators include the Utrecht, Vi€ereva, and/enezia
applicator?’* In even more advanced disease, a perineal terApdated interstitial 18)
applicator may be uséd.In all cases, it is important to select the applicator that will provide
sufficient target coverage while minimizing normal tissue d8$€3Figure2.7 provides images

of various cervical brachytherapy applicators.
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Historically, guidelines recommended that patients with Hnigk clinical target volumes
(HR-CTVs) > 30 cubic centimetere¢) or HR-CTVs with a lateral extent 235 mm be treated
with an IC/IS approach to provide sufficient tumour coverd§&However, there has recently
been an increasing use of IC/IS applicators even in patients withuilkyitumours (HRCTV <
30 cc) due to improvements in OAR sparing compared with conventional IC applfdfors.

Recent studies have investigated different methods for predicting the optimal applicator
and needle configuration faervical brachytherapyhowever many of these approaches are still
heuristicbased or cannot be used for the first fraction of treatment as they rely enggoston
imaging. One method attempted to initially stratify patients into those at risk for insufficient HR
CTV coverage bycorrelating initial tumour dimensiorfeom preEBRT MRIs tobrachytherapy
tumour coverage adequayAlthough this approach may be sufficient for an initial broad
classification of potentially atisk patients and allow for referral of these patients to more
adequately resourced centres, it is a purely criteaged approach and does not take into account
the individual response to EBRT, which can vary depending on patient and disease chascterist
Knowledgebased dose prediction models have also been used to inform the need for hybrid
interstitial needles. A study by Kallist al. attempted to identify if patients requirdgbrid
interstitialneedles by using a knowledbased dose prediction model to predict OAR doses based
on postinsertion anatomy. Although this model achieved high predictive accuracy, it is limited in
its application as it does not predict the number or location of needjesed, and additionally
cannot be used fully prospectively for the first fraction of treatment as it requires contours from
the postinsertion image® Finally, a study by Smoliet al. investigated different methods for
predicting optimahybrid interstitialneedle configurations for the first fraction of brachyther&py.

While seeking to develop a pmesertion model for needle arrangement, the model did not include
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functionality for initially predicting if needles were required, nor was replanning performed to
verify the prediction quality. Overall, the methods that currently exist for predicting brachytherapy
applicators and hybrid interstitial needle arrangemerdgssparse and are often not able to be
employed prior to the first brachytherapy insertion. Notably, machine learning approaches have
not been thoroughly investigated as a method to reliably predict applicators and hybrid interstitial

needle arrangementsegbrachytherapy.
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Figure2.7: Cervicalbrachytherapy applicators. A) Ring and Tandem Applicator* B) Vienna Ring

and Tandem Hybrid Interstitial Applicator* C) Venezia Advanced Gynecological Applicator* D)

Fletcher Tandem and Ovoid Applicator* E) Geneva Tandem and Ovoid Hybrid Interstitial
Applicator* F) SyeeNeblett Perineal Template Applicator

*Elekta AB, Stockholm, SwederfBest Medical International, Springfield, VA, US/fsee
Appendix Fi Image Reproduction Permissidias permissions)
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2.3.4 Applicator Insertion

Depending on the treatment technique, applicator insertion may be performed at every
fraction orthe applicator may remain situ for several fraction&® Generally, intracavitary and
hybrid interstitial approaches will consist of one fraction per insertion, while template techniques
will deliver all fractions with only a single insertioRatients must be properly sedatedgatient
comfort,optimal applicator placement, and applicator stability during treatment delampus
options for sedation exist, ranging from general to regional anestResia.

In the operating room or brachytherapy suite, the patient is set up in a dorsal lithotomy
position and a Foley catheter is inserted into the bladdherendecervical canal is measured for
selection of appropriate tandem length. The cervix is dilated,and the tandem is inserted. The
largest diameter of ring or ovoid that will fit abutting the cervix is then inserted. If using an IC/IS
applicator hybrid interstitialneedles are additionally inserted, guided through the channels in the
ring or ovoids. To ensure applicator stability and limit applicator movement, vaginal packing and
external fixation devices may be uséghplicator insertion is guided using ultrasound to ensure
full applicator insertion and to minimize the risk of OAR perforatitf?.Ultrasound imaging is

commonly performed using handheld tdionensional 2D) transabdominal or transrectal probes.
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2.3.5 Contouring

Figure2.8: A CT image of an intracavitary implant in the axial plane (left) and sagittal plane (right)
with contours of théarget structure$GTV (red), HRCTV (pink), IR-CTV (dark blue)and OARs:
bladder (yellow), rectum (brown), sigmoid colon (cyan), and bowel (orange).

Contouring is the process of manually delineating important target or avoidance structures
that have been visualized during the image acquisition process. The adeliregationof these
structures is important for both the treatment planning and dose reportingistepsh, any large
scale clinical trials investigating dosffect relationships must define standard contouring
protocols.Important structures for treatment can be broadly divided into two categdeegets
and OARs. Examples of all contours relevant for cervical brachytherapy are sheigare?2.8.
Rigorous contouring guidelines for cervical brachytherapy wetally outlined by the GEC
ESTRO Recommendations | an¢f3f’ with updates provided in the ICRU Report 89 and the
EMBRACE Il studyprotocol?642

For cervical brachytherapy, OARs include the bladder, rectum, sigrotmd and bowel.

The bladder contour includes the outer wall of the whole organ, including the bladder neck. The
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rectum contour includes the outer rectal wall from theraatal sphincter to the sigmoadlonat
the rectesigmoid junction. The sigmoidolon contour extends onward from the resigmoid
junction to the left iliac fossa. The bowel consists ofrdraainderof the intestinal track (bowel
loops) including thenesenterium within-& cm of the applicatdt

Target volumes for brachytherapy include the gross tumour volGih€ ), theHR-CTV,
and the intermediatesk clinical target volumelR-CTV). The GTV consists of the residual
tumour volume at the time of brachythergjigllowing EBRT) that is clinically visible through
clinical examination and visualized on MRI*®It is also known as the GTto distinguish from
the original gross tumour volume at the time of diagnosis. Th&HR includes the GT)s the
entire cervix (if present), and any residual pathologic tissue. Residual pathologic tissue includes
edema or fibrosis in the region of the GTA/ critical component of HRCTV assessment and
definition is the clinical vaginal examination performed by the radiation oncoldgistiR-CTV
is then extended from the HE&TV to include the initial gross tumour volumetta¢ time of EBRT
to account for any potential microscopic residual disease remaining that is not visible on imaging.
This also includes a safety margih5-15 mm depending on tumour size and location, potential
tumour spread, tumour regression, and treatment strategy.

In addition to target and OAR volumes, several reference points are used for dose reporting
in cervical brachytherapyhe first of these points, Point A, is related to historical brachytherapy
dose prescriptions as it acted as the dose specification point to assess absorbed dose-in the para
cervical regiorf* Point A is related to applicator geometry, and is located 2 cm above the
ring/ovoid plane and 2 cm laterally in the plane of the uterus. The remaining points are used for
OAR dose assessmeiitie first of these points is the ICRU bladder poihich is located at the

posterior surface of the bladder balloon on the antgosterior line passing through the center of
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the balloon. The ICRU recteaginal point is defined with respect to the applicator position, and
is 5 mm behind the posterior vaginal wall on an antgrasterior line drawn from the middle of

the vaginal sources (ring or ovoid§)Finally, the posinferior border of the pubic symphysis
(PIBS) points serve as reference points for dose taipiper, middle and lower part of the vagina
The primary PIBS point is located on the postemderior border of the pubic symphysisits
intersection point with the tandem. Two additional points are positioned 2 cm superior (PIBS+2)

and inferior (PIB&2) from this point along the tandem axifiese points are shown Bigure2.9.
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Figure2.9: Location of Point A(topi coronal view) andCRU Rectevagina
point, bladder point, and PIBS (+2 ang) points(bottomi sagittal view)
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2.3.6 Applicator Reconstruction

Following applicator insertion and image acquisition with the applica®ertedthe
imaging data is imported into the clinical treatment planning system. Bafemgng a treatment
plan, the applicator must be digitized in the treatment planning system. This process defines the
source paths based on the position of the applicator iadfeired imageselative to patient
anatomy?®

Due to the steep dose gradients present in brachytherd@?¢%er mm in intracavitary
applications at distances of-31L cm from the source), positional accuracy of applicator
reconstruction is critical as small positional discrepancies propagate into daggrtainties
between the planned and delivered dose distribuffo@3-based reconstruction for intracavitary
applicators iggenerally excellent, with sub 2 mm reconstruction accuracy from planned to true
delivered dwell positions achievaldfe®> CT imaging is preferred for applicator reconstruction as
the applicator and source paths are well visualized. In contrashad&d reconstruction requires
additional commercially available markers as the air and applicator material do not provide any
signal *®

The applicator reconstruction process may be done manually or by using sdfasade
templates from libraries that relate the visualized outer dimensions of the applicator with the
possible dwell position®. Many commercial planning systems offer digital library models to
simplify the digitization process. By aligning the provided library model to visible applicator
surface and landmarks (i.e. needle holes, screws, connecting parts) the source pathsady be qu
and automatically digitize®f Manual reconstruction is significantly more challenging, and
requires manually selecting source paths within the applicator channels and need!®& Eonen.

highly curved applicators, such as a ring applicator, it is recommended that each dwell position be
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imageal separately with a dummy source as the true source path may not necessarily be along the
central axis of the chann@.
2.3.7 Treatment Planning

Following image acquisition, applicator reconstruction, and delineation of target and
avoidance structures, treatment planning is performed wherein dose is optimized. Representative
brachytherapy and EBRT dose distributions are showrFigure 2.10 and Figure 2.11,
respectively. On these images, isodose lines represent contours of equal radiation dose and help to
visually depict the dose distribution across the target volume and surrounding normal tissues. Each
isodose line corresponds to a specific percentageohtiximum dose delivered by the treatment.
Brachytherapy dose distributions, showirigure2.10, are characterized by a steep dose gradient,
represented by isodose lines that are tightly packed around the source. Additionally, brachytherapy
dose distributions are more conforniameaning that the isodose lines closely encompass the

target volumé and have a smaller volume of the body exposed to a low dose wash.
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Figure2.10: Sample brachytherapy dose distribution with the 100% isodose line coloured white.
The area within this line receivesl@ast 100% of the prescription dose. The density of the isodose
lines represents rapid dose faff, with high conformality and a smaller region of the body
covered in a low dose wash.

ﬁ%ﬁé@b
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Figure2.11: Sample EBRT dose distribution with the 100% isodose line coloured white. The lower
density of the isodose lines represents a more gradual des# fadimpared td-igure2.10, with
a larger region of the body covered in a low dose wash (30% isodose line in orange).
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In brachytherapytreatmentplan optimization is achieveldy manually or automatically
adjusting the length of time for which the source dwells at a given pqsiibed a dwell position,
within the digitized applicatorThe goal of treatment planning is to generate a dose distribution
that delivers a therapeutic dose to the target volume while minimizing dose to OARs. In manual
optimization, dwell times are updated in a stepwise manner until planning aims are fulfilled.
Graphical optimization is a similaapproach whereithe isodose lines in the treatmeare
manually dragged and adjusted in the treatment planning system, with dwell times updating based
on the changes to the isodose lines. Finallyerseoptimization algorithms can be used to
optimize dwell times. Commoncommerciallyavailable optimization algorithms for
brachytherapy include inverse planning simulated annedR®¥) and hybrid inverse planning
optimization HIPO).2%8% |n cases where hybrid interstitial needles are used, EMBRACE
recommendations outline that the total contribution of the needles to the treatment plan should be
kept to less than 2094.

To compare the biological effects of different dose rate and fractionation schedules, as well
asto compareandcombinethe effects of EBRT and brachytherapy treatments, dose is converted
into equieffective dose, as if it were delivered in 2 Gy fractid@®D2).° In brachytherapy, it is
standard to report doses as EQD2 valtiéss value is derived from the linequadratic model,

and is describeih Equation2.1 as®’

00Qy 03 —
2.1

where D is the total dose, d is the dose per fraction,—aisdan endpointand tissuespecific

parameter comprised of thirear( (hhd quadrati¢ Ic)o mponent s of cel | deat

targets and OARB assumed to be 10 and 3, respectivElyr exampleEquations2.2 and 2.3
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demonstratthe EMBRACErecommended EBRT fractionation of 1.8 Gy/fraction for 25 fractions

giving a total dose of 45 Gy would result in an EQD2 for normal tissuesda and tumour+

p mof:
- o
OO 1 VoW P&y T & Ow
¢ O
2.2
o~ o PB pTT o
Ov T U0 — T V0w
(V) T pn ®
2.3

In addition to point dose measuremeantsl investigation of the isodose lindssevolume
histograms PVH s) are routinely used in radiation therapy to evaluate the quality of the planned
dose distributio® Treatment planning aims are often specified by dosimetric parameters, which
are points on a DVH. For cervical brachytherapy, the minimum dose received by thehottest
volume Dx) are commonwherex can represent a percentage of total volume or absolute volume
Target constraints often use volumes in terms of percentages to express the dose metrics, for
example, the HRCTV D90% represents the minimum dose delivered to the hottest 90% of the
HR-CTV. OAR volumes are generally expressedcsand similarly thebladder D2caovould
express theninimumdose received by thettest2cc of the structurédn example of a cumulative
DVH is shown inFigure2.12. The EMBRACE Il planning aims are outlined Table2.4 where
doses include the EBRT dose of 45 Gy in 25 fractfdns.

A dosevolume relationship describes the correlation between the radiation dose received
and the volume of tissue affected at different dose levels. This relationship is crucial for
understanding how radiation is distributed acrtasgetvolumesand the surroundin@ARSs

allowing clinicians to balance the needdigivera therapeutic dose to the tuanavolume while
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minimizing exposure to adjace@ARs. As such, dos&olume constraints play a pivotal role in
treatment planningserving as thresholds that guide the acceptable dose levels for target volumes
and the OARs. By comparing the actual treatment plan's B¥Hicsagainst thesestablished
dosevolume constraints, clinicians can evaluate whether the plan meets the necessary criteria for
treatment efficacy and patient safety. This comparison is instrumental in the iterative process of
treatment plan optimization, where adjustments are madedet hese constraints without

compromising théreatmenefficacy.
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Figure2.12. Cumulative DVH for a sample patient including GTV@R'V, HR-CTV, bladder,
rectum, and sigmoid for an intracavitamgrvical brachytherapy patient.
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For cervical brachytherapy,onstraints are categorized @sescribed dose limits (hard

constraintspr planning aimgsoft constrainfsand generally have the following priority:

1. Target Hard Constraints

2. OAR HardConstraints
3. OAR Soft Constraints

4. Target Soft Constraints

Target hard constraints are prioritized as insufficient target coverage results in a lower

probability of tumour control and a higher probability of recurreW€eDAR doses are then

minimized below the hard constraints to reduce the probability of toxicities and minimized further

to adhere to soft constrainig possible Finally, if all OAR constraints are met then dose may be

further escalated to the targets.

Table 2.4: Planning aims (soft constraints) and prescribed dose limits (hard constraints) for
cervical brachytherapy treatment planning. EQD2 includes 45 Gy/25 fractions delivered by EBRT.

Target Volume (EQD?210)

HR-CTV HR-CTV GTVres IR-CTV Point A
D90% D98% D98% D98%
oo 905Gy  >75Gy  >950y  >60Gy  >65Gy
Dose Limits
(HardConstraints ~ ~ 85 Gy - >90 Gy - -
OARs (EQD2)
Bladder Rectum  Recto-Vaginal  Sigmoid Bowel
D2cc D2cc Point D2cc D2cc
Planning Aims
(Soft Cor?straints) <80Cy <65Gy <65Cy <70Gy <70Gy
Dose Limits <90Gy <750Cy <75 Gy <75Gy  <75Gy

(Hard Constraints)
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Although DVHs are valuable for plan quality assessnmantt ofthe spatial information
regarding the3D dose distribution is lost. DVHs do not provide detailed information on the
locations of hotor cold spots, and two very different dose distributions can result in the same
DVHs. The importance of spatial information in the dose distribution is becoming more evident
and may be related to the tumour control outcome and certain toxiéities.

2.3.8 Outcomes

Identifying patient outcomes and deskect relationshipghat are predictive of these
outcomesare crucial parts of the followp process to assess treatment quality in terms of overall
survival, acute toxicity, and late toxicity. This section will outline the findfiogsumour control,
survival, and OAR toxicitiesMany of these relationships were identified in the aforementioned
retroEMBRACE and EMBRACE | clinical trials.
2.3.8.1 Tumour Control and Survival

First, imageguidance in brachytherapy provides a clear benefit over traditional 2D
brachytherapy techniques for improving tumour control and overall survival while reducing
recurrence and toxicit$f °’

Sufficient dose to the target volumes is associated with local control. The retroEMBRACE
trial found thatfor stage Il and Il diseas¢éhe HRCTV D90 was significant for local control
with an HRCTV D90% O 85 Gy EQD2 f o wend local contrplrratesi d e 3
of >94%, >93%, and >86% in small (20 cc), intermediate (30 cc), and large (70 €CY ¥R
respectively?® Similarly, local control was found to have significant de$kect relationships with
the GTV, IRCTV, and HRCTV volumes3%:98:9°

The applicator type used for treatment is an important metric of local control. For patients

withanHRCTV O 30 cc, the usage of an 1 C/ 1S applic
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in the 3year local control rate with no related significant difference in the incidence of late
morbidity between the IC/IS and IC only grot{g®

Overall treatment timeXTT ), whichis measured from thetart of EBRT to the completion
of brachytherapy boosis also associated with outcomes, with a shorter overall treatment time
associated with a higher probability of local control and overall survival. It was found that an
increased dose to the HRTV of 5 Gy is required to compensate an increase of OTTnley o
week *EMBRACE Il <c¢clinical trial guidelines recon
prognosi<?

Paraaortic failures were the common source of nddi#dire in the EMBRACE trial, with
the strongest predictor of nodal failure being nodal disease at the time of diagnosis. Additionally,
the majority of these failures occurred in patients who did not receivapatiairradiationt®! As
such, investigating the importance of paatic nodal irradiation in highisk patients was a target
of the EMBRACE I trial*3
2.3.8.2 Bladder Toxicity

Bladder toxicities seen in cervical radiotherapy include frequency, urgency, incontinence,
cystitis, fistula, and bleedin§:'°?From the EMBRACE study, it was found thaadder D2cc
80 Gy EQD2 is associated with a clinically significant increase in grade 2 c¥/sSiisilarly,
ICRU bladder point doses >75 Gy are associated with an increase in grade 2 incoMtfiizose.
effect relationships were found correlatinigdder D2cavith grade 2 or highéistula, bleeding,
and cystitis while the ICRU bladder point dose is correlated ey#ititis, pain, urgency, and
incontinence?1%3 For patientspecific factorspaseline urinary toxicityand a highbody mass

index BMI) were found to be significant risk factors for most bladder endpwihiie age and
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local FIGO stage were predictive of grade 2 cystfti$?In addition tobladder D2cgother studies
have correlated bladder DO.1cc dose with bladder toxiéitfes.

The location of théladder D2ctasbeen showmo be of significance for development of
urinary toxicity. Specifically, urinary urgency is related to the ICRU bladder point dose as it
represents dose to the bladder rieigone!® As such theratio between D2rand ICRU bladder
pointdosehas been developes a surrogate of the B@location®®
2.3.8.3 Gastrointestinal Toxicity

For the sigmoid colon and bowel, it can be challenging to assesgffiesterelationships
due to the mobility of these organs. As the EMBRACE trial did not record information about the
mobility of these organs between brachytherapy fractions, noeaftess relationships currently
exist#31% Although there is an absence of destect relationships, the EMBRACE trial found
that patients with large lymph node boosts (V57 Gy) were at higher risk for sigmoid events and
rectal toxicity%’

Commorty reportedrectal toxicities include proctitis and rectal bleedifigtula is another
possibletoxicity; however,it is a less common outcome. Overall redtadicity grade has been
found to progressively increase with rectum DO.1cc and E8dthe ICRU rectevaginal point
dose is also correlated with rectal toxici®)A r ect um D2cc O 65 Gy i s
minor and less frequent rectakicity, particularly for rectal bl
75 Gy associated with more major and frequent morbidity and an increased fistifféWjskmi
et al. also investigated intermediate des#gume parameters and their relationship to late rectal

toxicity, and identified that a rectum D2cc > 70Gy and V55Gy > 11 cc is predictive of grade 2 or

higher rectal toxicity:%°
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2.3.8.4 Vaginal Toxicity

Vaginal stenosis was the most common vaginal toxicity identified in the EMBRACE trial,
occurring mainly within the first 18 months. The incidence of vaginal stenosis was found to be
related to the ICRU recteaginal point dose, with an increase in incicemf grade 2 or higher
toxicity from 20% to 34% with an increase of dose from 65 Gy to 85'®yaginal dryness was
found to be the second most comntoxicity with bleeding and mucositis being mild and rére.
For the EMBRACE Il trial, vaginal dose dscalation was targeted by reducing the dose
contribution of the ring/ovoids during brachytherapy and increasing the contribution of the tandem
while additionally increasing the usage of IC/IS applicatdrs.
2.3.9 OutcomeModelling

In addition to identifying dosgolume relationships, it is clinically valuable to generate
models that are predictive of patient outcomes, either in terms of survival and control or late
toxicities. One common clinical model used for modelling is a nomogram. Nomograms are
graphical methods of displaying a multivariable statistical model, using continuous scales to
demonstrate the relationship between influencing variables and the outcome of idiEngst
al. developed nomograms for predicting 1, 3, ange&r overall survival andancerspecific
survival including patient, tumour, and treatment characteri$ficBerformance of these
nomograms for the training and validation cohort was excellent, vetieiver operating
characteristié¢ areaunder the curveROC-AUC) values above 80% for all modgfs

The ROCAUC, often presented simply as the AUC, is a common metric used to express
machine learning predictive performance as it presents the ability of a binary classification model
to distinguish between classdhe ROGAUC measures the area under the ROC curve, which

plots the True Positive RatélTPR) against the False Positive RatEPR) for different
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classification thresholds. The True Positive Rate is also known as the sensitivity, which is the
proportion of actual positive cases that are correctly identified by the model. The False Positive
Rate is the proportion of actual negative cases that aperéatly classified as positive by the
model. A sample of an ROC plot is shownFigure2.13. Note that an ROAUC score of 0.5
indicates that the model performs no better than a random guess, and this is illustrated on an ROC
plot as a diagonal line. A score between 0.5 and 1.0 indicates-thetteandom performance,

with a value of 1 indicatig a perfect classifier.

Receiver Operating Characteristic (ROC) Curve
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Figure2.13: Sample ROC curve for a trained modetange line)and a random classifi€blue
line). The AUC is listed for each of the classifiers.
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Although the nomogranbased models mentioned above axurate, these models
includedfew features related to radiation therapy. Similar models have been developed by other
research groups to model progresdime survival, pelvic recurrence, and subgroup models for
overall and cancespecific survival’ 113118 Development of these nomograms for cervical cancer
patients has largely focused on survival modelling and not toxicities, altivbergp et alrecently
developed a nomogram for predicting acute hematologic toxidity. addition to nomograms,
survival modelling has been performed with machine learning. Several publications have emerged
using various neural network structures to mddednd 10yearoverall survival. These models
generally performed well, witROG-AUCs around 0.868 120

The use of machine learning for toxicity prediction is seeing increased use for patients with
cervical cancer. Notably, convolutional neural networksaieg usedor predicting bladder and
rectal toxicity in cervical cancer patienfsstudy by Cheort al investigated important features
related to predicting late bladder toxicity using a deep learning model. The deep learning model
achieved an AUC of 0.81 and identifisthdder D2ccD5cc, and ICRU bladder point as important
featurest?* Zhenet al similarly used convolutional neural networks with transfer learning to
model rectal toxicity, achieving &OC-AUC of 0.96 when using deformable image registration
to obtain detailed rectum surface dose map€henet al also investigated rectal toxicity with
rectal surface dose mapad a support vector machine mqdathieving arROCG-AUC of 0.91,
highlighting the value of detailed 3D positional dose information for predicting these toxitities.
Radiationinduced fistula has also been modelled using machine learning techniques, wih Tian
al. utilizing a support vector machine model and achievinB@G-AUC of 0.90124

Overall, these applications of machine learning to toxicity prediction are promising and

demonstrate specifically the value of extensive 3D dose distribution information to
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comprehensively model these toxicitié$?*However, these models have been limited to single
institutiondata and may not generalize well to muistitutional data. Additionally, these models
may suffer from overfitting due to model complexity in the case of Ztel.}??> andas neural
networks,may lack the interpretability thatould undermine their application in the clinical
setting'?® This work emphasizes thiportance of developing simple, interpretable models
trained on multinstitutional data by highlighting the potential limitations such as overfitting due
to model complexity and the lack of interpretability inherent in neural networks. By addressing
thee challenges, such models can enhance the generalizability and applicability of toxicity
prediction in clinical settings.
2.4 Chapter Summary

In summary, this chapter provided a comprehensive clinical background of cervical cancer,
outlining the relevant anatomy, screening and diagmosisessesand treatment options with a
focus on the application of radiotherapy in the form of EBRT and brachytherapy. This worked to
emphasizehe complexity of the treatment workflow and the extensive data collected throughout
the course of radiotherapyg the form of patient and treatment information, imaging, and dose
distributions Additionally, this outlingl two of the major components of the workflow where
decisionsupport would be advantageous, specifically in the processamptator prediction to
allow for the optimal dose distribution to be achieved during brachytherapy and late toxicity
modelling Having identified these workflow steps that would lend themselves to machine learning
techniquesChapter 3will provide an outline of the technical details of various machine learning
techniques that can be applied within this complex treatment landscaulress the current

challenges associated with these two workflow steps that were explored in this thesis.
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Chapter 3 - Machine Learning and Analytic Techniqgues

As radiation therapy is becoming more complex and the amount of data collected at every
step of the treatment is increasing, the number of features that need to be simultaneously
considered by both humans and models when making decisions or predictogesithas
increased significantlyln machine learning, a "feature" refers to a measurable property or
characteristic of the phenomenon being observed, serving as a variable or input that the model uses
to make predictions or decisions. In radiation therapy, an example of a feature cadieliered
dose, an OAR volume, or a diagnostic characteristic, among offteesability of machine
learning models to deal with large amounts of complex data with potentiallytinean
relationships makes it particularly wallited for such complex mdelling issuesThere are two
main workflow advantages to the implementation of a successful machine learning algorithm.
First, it can remove the need for humans to perform laborious or repetitive tasks. Second, it can
potentially learn more complicated and subtle pattettman a comparative expert human
observer-26

In recent years, machine learning has seen extensive applications in cancer care and
radiation therapyThere have been several applications to brachythespggific problems?’
including toxicity modellingt?¥*?* applicator digitizatiort?® seed detectiof?®>**° treatment
planning'¥ 134 dose predictiod® quality assurancéQA),**® and autocontouring'®"14? These
applications cover many different stages of the cervical brachytherapy workflow, however there
is still space to further investigate toxicity modelling and decisiguport for the applicator
selection process. As the optimal radiation therapymatreatment approach depends on patient
and tumour characteristics, EBRT and brachytherapy treatment planning and deliveries, dose

volume parameters, patient imaging, and more, there are numerous ways that machine learning
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can advance and customize the brachytherapy workflow for-dquglhty, patienispecific
treatments.

This chapter provides an overview on basic machine learning concepts with a focus on the
supervised classical machine learnamgl Bayesianetwork-based machine reasoning approaches
utilized in this thesis.

3.1 Classical Machine Learning

Broadly speaking, classical machine learriinthat is,learning not based on the neural
network structure can be broken down into four categories based on what tasks the algorithm
performs and what data it is providdd supervised, sersupervised, unsupervised, and
reinforcement learninéf® This work will focus on supervised classical machine learaivaywill
only provide a brief description of other approaches

In supervised machine learning, an algorithm is provided a set of input variables that have
influence on one or more output variabl&he algorithm is then tasked with using these provided
inputs to predict the values of the outputs, which are kramdabelled Semisupervised learning
is useful when a dataset is partially labelled or so largartaatiallabelling is prohibitive. Semi
supervised learning combines a small amount of labeled data with a large amount of unlabeled
data to improve learning accuracy, while unsupervised learning finds patterns or structures in input
data without labels. Reinforcemt learning, unlike other types, involves agentthat learns to
make sequences of decisions by interacting with an environment. The agent takes actions in the
environment, receives feedback in the form of rewards or penalties, and uses this feedback to learn
an optimal strategy or policy for achievirtg goalst* This triakanderror approach to learning is
fundamentally different from tracking an input to a label, as it focuses on maximizingelong

rewards rather than mapping inputs to outputs.
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Supervised machine learning can further be broken down into two tasks depending on the
value of the output variable being predicted. If the algorithm is predictingialitative or
categorical output, it is a classification algorithm. If it is instead predicting a series of continuous
quantitative outputs, it is a regression algoritiiThe selection of an appropriate algorithm
depends on the problem domain, data characteristics, and performance requirements.
Understanding the strengths and weaknesses of each algorithm is essential for effective model
building. Some commosupervised learning algorithmslized in the researdre outlinedelow.

3.1.1 Decision Tree an®Random Forest

One of the most simplistic and flexible machine learning classification algorithms is the
decision treeA decision tree is a neparametric supervised learning method, meaning that it
makes no assumptions about the underlying distribution of the Alatidlustrative sample of a
simplisticdecision tree structure is shownkigure3.1. A decision tree is a simplistic structure
composedf nodes, which are points where the tree splits accordingyte/éalse question based
on feature characteristits segment the predictor spaééin Figure3.1, we are looking to predict
whether a patient would be better suited for surgery or radiation to treat their cervical cancer. The
first division question i¥ the tumour FIGO stage s IIAOIf it is true, the decision tree moves on
to the next step, asking the patient desires fertility sparin@his process continues until a

classification ofurgery or radiatiors determined.
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[ Tumour FIGO Stage <IIA? J

VNG

[ Fertility Sparing Desired? ] [ Tumour <4 cm? ]
True False True False
‘ Surgery ’ [ Radiation J ‘ Surgery ’ [ Radiation J

Figure 3.1: Structure ofa decision tree algorithrbased on a simplified example of the clinical
decision for a patient to receive surgery or radiation therapy for their cervical cancer.

During the model building process, eittiee Gini index or the entropyill be used to
evaluate the quality of a particular splite Gini index measures the probability of an observation

beingincorrectlyclassified when randomly chosen. It is defime&Equation3.1 asi*®

0QOQ p n
31

wherer) is the proportion of observations in cld&t noded andu is the total number of classes

A small value for the Gini index indicates that a node contains predominantly observations from a
single class, and as such it is referred to as bgimg. An alternative to the Gini index is the
entropy, which in the context of information theory represents the level of uncertainty or

unpredictability associated with a random variable. It is defined in Equafias4°

Ot o0l &N w naen
32

wherer is the proportion of observations in cl&&@s nodedandv is the total number of classes

To select the best feature to use at a given node, the algorithm selects the feature that maximally
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reducesentropyor impurity. The split threshold is determined by identifying the value of the
feature at which the change from the current node to the resulting subsets maximizes the reduction
in entropy or Gini index, effectively minimizing the impurity across the resulting groups.

A random forest builds upon the concept of a singular decision tree and combines a series
of decision trees to build a more generalizable and robust final mMad&lwer the variance and
reduce the dominance of any single featuregrdes of decision trees are built that are each
provided with a random subsample of features and training instances for each individual tree
building step. Once the specified number of trees are built, the predicted class is determined by a
majority voting process. The avemgrediction from all individual trees is combined and this
becomes the final class determinattéhFigure3.2 provides a diagram illustrating the structure

of the random forest algorithm.

b dbod T do

Tree; A Tree, @ A Tree,

l /

Majority Voting A Class A

A® ... A @ Class B

) 4

Predict

A

Figure3.2: Structure of a random forest algorithm. This structure is an ensdradéel method of
multiple individualdecision treesln majority voting, the class prediction from each individual
tree is recorded and the most predicted class becomes the final class determination.
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3.1.2 GradientBoosted Decision Trees

Building further on the concept of a random forest, gradient boosting is another ensemble
treebased classification methdBloosted decision trees differ from the random forest in how they
combine individual decision trees together. In the random forest algorithm, decision trees are built
in parallel and combined through a majority voting process. In comparison, gradienhdpoosti
trains weak, shallow trees in a sequential manner, with the algorithm attempting to reduce the
model error in each step to gertera strong ensemblé®147

In general, this process begins by initializing a weak learner for the classification problem.
Following this initialization, the performance of this weak learner is assessed with a loss function
which determines how well the prediction agrees with the lahal.additional weak learner is
then constructedwith the goal of lowering the loss when adding this new learner to the original.
The predictions of this new weak learner are multiplied by the learningaaiieh controls the
contribution of each trem the overall ensemble. A lower learning rate makes the training more
robust but requires moretreé8The term égradientd comes from
optimization processvhich minimizes a loss function by iteratively fitting weak learners to the
negative gradient of the loss functiti.Figure 3.3 outlines the general structure of a boosted

decision tree.
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Figure 3.3: Structure of a boosted decision tree algorithm. This structure is an endesbte
method of multiplendividual decision trees.

3.1.3 Support Vector Machine

A support vector machinéiffers in structure from the previously outlined tigesed
classification methods. As opposed to making successive true/false determinations based on
feature values, it attempts to separate data points belonging to different classes with a hyperplane
(in the linearly separable case) through multidimensional feature space. It attempts to maximize
the distance between this dividing hyperplane and the closest samples of the two classes. These
closest samples forthe support vectord.he perpendicular distance from the hyperplane to the
support vectors is known as the margin, and the larger the margin, the better the two classes can
be distinguished** Figure 3.4 illustrates how this hyperplane is drawn through the

multidimensional space with the support vectors and the mdngihe nonseparable case, non
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linear boundaries are generateddoystructing a linear boundary in a large, transformed version

of the feature spacé®

X Support Vectors
Maximum
Margin —
Hyperplane A Class A
@ Class B
Margin
- X,

Figure3.4: Structure ofa support vector machiragorithm. This model is classifying class A or
class B for D feature vectors Xand X%.

3.1.4 K-Nearest Neighbours

K-nearest neighbours is a nparametric clustering algorithrwhich works on the
fundamental assumption that data points with similar features tend to belong to the same class.
The structure of this algorithm is simple, and a visualization is providdegure 3.5. The
hyperparametek, the number of neighbours is first selected. This value represents how many
neighbouring points the algorithm will consider when making predictions. The distance between
the test data point and every point in the training dataset is then calculated. Caistaace
metrics are the Euclidean distance, the Manhattan distance, and the Minkowski dfStarore.

there, the algorithm identifies the k training data points with the smallest distance to the test data
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point. The test data point is thelassified based on the most frequent label among the k nearest

neighbours.
X,
| A
A A [[] New Sample
e AN A Class A
’;' p S~ A '\\‘ \\
/ v @ Class B

b
Il
W

e ——
- —

:Xl

Figure 3.5: Structure of a Knearest neighbours clustering algorithm. This model is classifying
class A or class B fa2D feature vectors Xand X.
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3.2 Machine Learning Workflow
The general steps for preparing data for a classification model, training, and validating this

type of model ardlustrated inFigure3.6 and describeth further detaiin the following sections.

Pre-Processing Training and Validation Usage

Training S Train
[ Feature Engineering, J raining Set [ New Case ]

and Extraction S — Tune T
eature Importance — :
"[ and Selection Validation Set H Model ] —-[ Final Model ]

Testing (Holdout) Set ] Tost [ Prediction ]
€S

[ Data Cleaning ]

[ Data Scaling ]

Figure3.6: Sample workflow for the development and implementation of a machine learning
model.

3.2.1 Data Collection

The first step in any machine learning application is data colledtidhe clinical setting,
this data may come from numerous sourd@gatment planning systems, electronic medical
records, and imaging databases contain vast amounts of information in varying different formats,
with varying levels of completeness. As the collected data needs to be comprehensive and
representative of thergblem being addressed, the process of data mining and collection can be
extremely time consuming. However, properly collected data forms the foundation for training,
validating, and testing machine | ear agyAgg mode
swch, acquiring the highesjuality, most complete data during this process is desirable. Data from
clinical trials, particularly multinstitutionaltrials, are highquality sources of data due to their

rigorous data acquisition protocols aQé process.
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3.2.2 Data Preparation and Profiling

Following data collection, the process of data preparation must be completed. Data
preparation involves cleaning, transforming, and organizing collected data into a format suitable
for training machine learning modéf§.Depending on the requirements of the algorithms being
implemented, this step may include handling missing values, outlier detection and removal, feature
scaling, and encoding of categorical variadfé&or Bayesiametworks, all continuous data must
be discretized into bins prior to modelling. Imawpsed data may require additionalprecessing
steps such as registration, cropping, and adjustments to image resolution.

Data profiling is a related subtask to data preparation, and it involves performing statistical
anal ysi s and visualization steps t o form a
characteristics, distribution, and potentiaiderlying patterns. Data profiling can aid in the
selection of appropriate preprocessing techniques for certain variables, and can help identify
potential issues in the data, such as repeated entries, that may need addressing.

3.2.3 Feature Importance

Feature@mportanceanalysis is a crucial step that aids in understanding the relevance and
contribution of different f e aS$evarabddferenomethdie mo d ¢
can be employed to determine feature importance. For supervised machine learning approaches
where the dataset includes a target variable, the primary purpose of feature importance
investigation is to remove irrelevant or redunideariablest*® Overall, the process of identifying
feature importance can improve model performance raddcethe complexity of the model
enhancing its efficiency and interpretability.

Wrapper techniques, such as recursive feature elimination, create many models with

varying subsets of input featurt€ Feature importance is then determined by evaluating which
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subset of features result in the highest model performance on a holdout dataset. Filter techniques
select subsets of informative features based on their statistical relationships with the target
variable'*® These approaches use metrics sucboaelation coefficients omutual information

to filter input variables based on these scdvigual information is defined in Equati@3 as:

~ ~
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3.3

where X and Y represent the parent and child nodesrdpresents the joint probability
mass function of X and Yvhich gives the probability that two discrete random variables in a
probability space will take on certain valiiegor exampled & oftd « represents the
probability that®d wand® wsimultaneously. The sum of probabilities over all possible
values of® and @ is equal to 1. AdditionallyPy, R, represent the marginal probability mass
functions of X and Ywhich gives the probabilities of individual events without reference to values
of other variable$ for exampled @& & represents the probability thét regardless of
the value of (8t is obtained by integrating the joint probability mass function over all possible
values of the other variablé® Mutual information provides a measure of how much knowledge
of one random feature contributes to predicting the value of another random feature and is used to

assess the strength of relationships between features.

Alternatively, ®me machindearning algorithms also perform feature selection inherently

during the model training process, such as decision trees.

3.2.4 Algorithm Comparisofi Nested Cros¥alidation
Algorithm comparison is a crucial step in model seleciitoslows us to determine which

of the many existing algorithms perform best on our specific dataset and can provide an estimate
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of how sensitive a certain algorithm is to variations in the datasetodel hyperparametet®

When dealing with a small dataset, a process known as nestedalidation is often employed.

In this process, twk-fold crossvalidation loops are nested within each other, with the inner loop
responsible for model selection and the outer loop providing an estimate of the generalization
accuracy>**2This methodology, illustrated iRigure3.7, provides a more conservative estimate

of the model 6s true performance, provi®™ing an

Repeat for each outer fold

. . N i
1. Split data into 5 outer folds 2 Take 1 outer fold

Test | Train

7. Evaluate model

Train }—-@del

6. Train model

set into 5 inner folds
N 5. Set
| Test | Train | hyperparameters
4. Optimize

> hyperparameters
with inner 5-fold cross
validation

|
|
|
|
|
|
|
|
|
|
|
|
|
3. Split outer training [ Hyperparameters J :
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Figure3.7: Diagram illustrating the process aéstedcrossvalidation for algorithm comparison.

3.2.5 Hyperparameter Tuning and Mod@btimization

When a sufficiently robust algorithm has been selected, the hyperparameters of the model
can be further tuned to improve model performance. Hyperparameter tuning involves finding the
optimal settings for a mod€known as its hyperparametettat maximize performance. This
process involveiterating through each combination of supplied hyperparameters and selecting the

combination that provides the highesbdelperformance.

62



Repeated-fold crossvalidation is a robust technique for hyperparameter tuttiig.this
methodology, the full dataset is divided in two. A smaller subset is set aside and never used in the
model tuning processthis is the holdout dataset that is used to evathaodel after tuning is
completeand generally consists of BD% of the overall datalhe larger set is used to tune the
modé hyperparameters.

The subset used for hyperparameter tuning is then split eqoal sized folds of data. One
fold is reserved for validation that is, to assess the performance of the current set of
hyperparameteiisand the remaining-1 folds are used to train the model. This process is repeated
n times with shuffled dateach timeto provide folds composed of different trainimglidation
data. When using a grid search methodology, all possible combinations of hyperparameters are
compared across thesk-fold repetitions, searching for the specific combination of
hyperparameters that yields the best performing méaleleach combination of datarhe
hyperparameter combination that results in the highest average performance acrds$ these
estimates is the optimized combination of hyperparaméiignste3.8 outlines the repeatddfold

crossvalidation process.
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Train 5. Repeat for each hyperparameter combination

4. Evaluate model
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Figure 3.8: Diagram illustrating the process of repeatetblk crossvalidation for algorithm
optimization.

3.2.6 ModelPerformance Assessmemtd Usage

Model performance assessmeésthe final step in building an effective machine learning
solution. Once algorithm selection and hyperparameter tuning onrdiiéng dataset has been
completedand the optimal model is identifiethe holdout dataset can be used to provide an
unbiased assessment of the model performance, as this data was never seen by the model during
the training process. The selected algorithm with its tuned hyperparameters is retrained on the
entire training diaset (previously split into training and validation in Ka®Id crossvalidation
process) antested on the holdout testing dataset. There are many metrics that can be used to assess
how a machine learning model is predicting. For a binary classification problem, these metrics are

generally calcul ated i n TPetrueregatvéTN); false positived e | 6 s
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(FP), and false negative-N) predictions. These types of classifications are often visualized in a
confusion matrix, shown iRigure3.9. The four different prediction scenarios are outlined below:
1. True Positive:Model predicts positive class, ground trutlpasitive class
2. True Negative:Model predicts negative class, ground truth is negative class
3. False PositiveModel predicts positive class, ground truth is negative class

4. False NegativeModel predicts negative class, ground truthasitive class

Label
Positive Negative
Positive TP FN
Actual
Negative FP TN

Figure 3.9: Sample confusion matrifor a binary classifier used to visualize classification
behaviour. These classifications are then used to calculate various performance metrics.

One of the most common and easy to understand performance metrics is accuracy, although
itmaymi srepresent the model 6s true perf®Br mance
Accuracy shown in EquatioB.4is simply the ratio of correctly classified samples over all samples

in the dataset:
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Other commonly used metrics include the precigiBguation3.5), recall or sensitivity

(Equation3.6), specificity (Equation3.7), and theF1 scorg Equation3.8):
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Precision is calculated as the ratio between correctly classified positive samples (TP) and
all samples labelled as positive (TP + FP). It is sometimes known as the Positive Predictive Value
(PPV). Recallor sensitivityrepresents the ratio between correctly classified positive samples (TP)
and all samples in the positive class (TP + FN). Specificity is essentially the negative class version
of recall, denoting all correctly classified negative samples (TN) over all sanmpthe negative
class (TN + FP). Finally, the F1 score is a commonly used metric that presents the combined
precision and recall scores. The F1 score is the harmonic mean of precision and recall, penalizing
extreme values for eithé?? This metric is important for medical studies, since it is generally
desirable to avoid missing positive instant¥s.

To provide a more generalized idea of model performance on a holdout dataset, a process
known as bootstrapping can be conducted to pr
performance. From this bootstrapping technique, a 95% confidence irdama¢ generated. The
general approach to bootstrapping is to draw a random single sample with replacement from the

original dataset (of size) until the bootstrap contains n samples. This process is then regeated
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times to form aseriesof bootstrapped sets. The average performance méiritee modelare
then computed for thie bootstrapped sets. The confidence interval can then be calculated using
the percentile methgdvhere the upper and loweonfidence interval boundsf a performance

metric,P, in a distributiorPsoot are calculated a$?
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Given the desired confidence interval, commonly 98%,value othe percent of the population
| can be calculated:
pTITIPO & & "QQUMEOERD U O
C
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Regular monitoring and potential retraining of the model are essential to ensure its

continued relevance and accuracy.
3.2.7 Prospective Clinical Utilization of Machine Learning

The prospective utilization of machine learning and artificial intelligence tools represents a
promising frontier, with the potential to transform treatment planning, treatment delivery, outcome
prediction, and mor&%57Although commercial artificial intelligence solutions exist in radiation
therapy, primarily in the autoontouringand automatic treatment planning spac&$°there is
still a large gap between model development and prospective implementation in the clinical space.
A 2020 survey indicated that out of 257 responding medical physicists from 40 countries, only
37% reported that their centre was implementing some machine lehased toot®® Some of

this hesitancy in adoption is related to a lack of machine learning edutatitack of model
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interpretability and explainabilit}?* and the resources required to develop and validate models in

the clinical setting®*

Recognizing these challenges, several guidelines and recommendations have been proposed
to aid in the responsible development and deployment of machine learning models in healthcare.
These guidelines emphasize the importance of transpaporting, machine learning education,
rigorous validation protocols, and muittistitutional collaboratior:1°6157.161163 Degpite these
hurdles, there have been some prospective implementations of machine learning tools, specifically
in the brachytherapy spadéany of these prospective studies have focused on validating machine
learningbased treatment planning approachgsolaeet al. evaluated the nemferiority of their
machine learningpased treatment planning system for LPpRstatebrachytherapy compared to
the conventional treatment planning technique through a Phase | randomized controfféd trial.
Similarly, these implementations can not only validate theinfamiority of a machine learning
tool, but they can also identify where improvements are needed to enhance clinical utility. Barten
et al. investigated the initial clinical experiences implementing a machine leamaseg planning
system for HDR prostate brachytherapy, identifying the need for additional optimization aims to
further clinical applicability:54

In summary, he prospective clinical utilization of machine learning tools in radiation
therapy holds promise for advancing the fidglibwever, high quality validation studies must be
conducted according to published guidelines to ensure a corresponding increase in integration into

clinical workflows.

3.3 Bayesian Networks
Bayesian networks are a machine learning method that are becoming increasingly popular

in healthcare, particularly in modelling complex reasoning problems under uncefttiiniiice
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the conventional machine learning approaches outlined in the previous section which rely on
deterministic algorithms or frequentpsed statistics, Bayesian networks operate off of the
principles of Bayesian inference to update probability estimates foutanme as more evidence
becomes available, providing a flexible approach to modelling complex systems.

Contrary to many conventional machine learning techniques, the development of Bayesian
network frameworks is extremely flexible as networks can not only be built based alridata
techniques, but also inherently allow for the manual incorporation of knowledge that may
exist within the problem domain. As such, Bayesian networks allow for more adaptable models
that can better accommodate new information. Bayesian networks are also flexible in terms of how
they handle data anchn effectively make prdictions with missing or incomplete data and can
handle mixed data types with edse.

For modelling complex outcomes, Bayesian networks can provide a clear graphical
representation of the causal relationships and dependencies in the dataset. This makes Bayesian
networks useful not only for predicting a certain outcome, but also for prgvdiroverview of
how different influencing features are related or independent of each other. For example, in
medicine, Bayesian networks can be used to model the probabilistic relationships between
diseases, patient characteristics, and treatment te@sdigthis section, we will provide a general
outline on the basic theory behind Bayesian networks, as well as providing detail trefiave

visualized, developed, and used for inference.

3.3.1 Bayesian NetworkKheory
Bayesian networks are a type of probabilistic graphical model that represents a joint
probability distribution over a set of variablasd their conditional dependencié€sThe structure

of a Bayesian network is a directed acyclic grapA®), where nodes represent variables and
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edgesconnecting nodedepict probabilistic dependencies between varia§feS8omplimenting

this graphical representation is a set of conditional probability distributions in the form of
conditional probability tablesQPTs) associated with eaalode This combination ofyraphical

structure and probability tablesnables efficient and probabilistically sound decigimaking,

making Bayesian networks a potentially valuable tool for modelling complex or rare outcomes,
particularly in the realm of medicif€’Bay esi an networks are based o
the probability of observingome outcome or event based on prior knowledge of conditions related

to said event. It can be expresgequation3.12 as the following:®®
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where0 89 is the probability of outcome A occurring given that you have observed
some cause H) 6 is the probability of outcome B occurring given that you have observed
some cause A, and 6 andd 6 being the base probabilities of each of these outcomes occurring
without observing any other influencing factohs.Bayesian networks, Bayes' theorem is used
when updating beliefs about the likelihood of various hypotheses as new evidence is incorporated
into the model. Each node and associated CPT in the network applies Bayes' theorem to update
the probabilities bsed on the evidence provided by the parent nodes. This continual updating of
belief enables Bayesian networks to adapt to newatatabservations.

The mathematical foundation of Bayesian networks is the joint probability distribution that
describes the probability of every possible combination of variable states within a network. For a
set of¢ variables in a Bayesian network, the jginbbability distribution shown in Equatio.13

can be expressed: 8
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whered ¢xd is the set of parent nodesluencing noded in the DAG.As mentioned
above, each node in a Bayesian network is associated with a CPT modelling the relationship
between the parent and child nodes. For a nddevith parents) ¢Xd the CPT specifies the
probability of an outcome @ assuming each possible combination of values for the parent nodes
0 X . The complexity of these CPT scales with the number of parent nodes and the number of
possible states for each of the parent and child nodes. These CPTs are crucial for defining the
network parameters derived either from domain knowledge or with alde¢s approach.
3.3.2 Directed Acyclic Graphs

DAGs are fundamental components of Bayesian netwofkesing a clear framework for
representing and inferring probabilistic relationships among a searables The graphical
representation is beneficial for model interpretability as it allows for a clear visualization of the
dependencies among Vvariables, which makes complex multivariable models more
understandabl¥? The "acyclic" property ensures that there ardaaops or cyclesn the graph,
meaning that it is impossible to start at a given node and follow a sequence of edges that loops
back to this starting node. This feature is crucial for Bayesian networks, as it ensures a hierarchy
is defined for the probabilistic dependencies. This hierarchy allows complex joint probability
distributions to be decomposed into products of simpleritondl probabilities, simplifying the
process of probabilistic inferené€. Inference algorithms such as belief propagation, variable
elimination, and junction tree algorithms leverage this necessary acyclic structompote

probabilities and make inferenceficiently.
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Time of Day ]

[ Weather Conditions ]—»[ Traffic Congestion

Day of Week ]

Accident Risk ]

Figure3.10: Sample DAQo determine the probability of an accident occurring based on observed
features impacting traffic.

A simple example of a DAG is shownhingure3.10. In this DAG, the nodes in the network
are OWeather Conditionsdé, O6Traffic Congesti on
Ri sko. These nodes represent random variabl es
include variables such as patiehtaracteristics, disease symptoms, or treatment parameters. The
directed arrows or arcs indicate probabilistic dependencies between the variables. For example,
the arcfromdb We at her ©O6AdCc it d eimdisateRthath& durrent weather conditions
influence the likelihood that a traffic accident will occume parent nodes influence the
probability distribution of the child nodes. The absence of an arc implies independence, for
exampled Ti me i EonddiengllpindependentdfWe at h er .Clericectioniofam s 6
arc signifies the direction of influence, for example, the arc flomi me ad6 TDaayf&f i c
C o n g e snidicatesthd@t thetime of dayinfluences the state afaffic congestion on the roads
This does not necessarily imply a causal relationship, but rather a probabilistic dependence.
3.3.3 Structure and Parameter Optimization

When developing a Bayesian network, there are two primary tasks that need to be
performed parameter learning and structure learning. Structure learning aims to discover the best

DAG that models the provided data, while parameter learning involves estimating the CPTs given
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a DAG structure and data. Optimizing the structure and parameters of the Bayesian network
involves refining the model to enhance its accuracy, predictive power, and ability to generalize to
new, unseen data.

The structure of a Bayesian network defines the probabilistic dependencies among
variables. There are two primary ways to construct a Bayesian netwomkanually or
automatically from databasé&®. Optimizing the structure involgedetermining the optimal
arrangement of nodé€ise. variable$ and arcgi.e. dependencigshat represent the underlying data
structure. Various algorithms and approaches exist for structure optimization, with two general
methods constraintbased approaches and sebesed approachgSonstraintbased approaches
leverage statistical tests to identify conditional independencies in the data and build the structure
based onsatisfying these independencies. A common constiaased approach is the PC
algorithm, which iteratively tests for independencies to construct the Bayesian n€tvskhe
name suggests, scebased approaches assign a score to each possible network structure based on
how well it fits the data. Common scoring metrics include the Bayesian Information Criterion
(BIC) or the Akaike Information CriteriorA(C), defined in Equation3.14 and3.15:

006cQ ¢l id
3.14

where™Qis the number of parameters in the Bayesian network, which is the number of
independent entries in all of the CPTs, ani the maximum likelihood of the data given the
Bayesian network, described later in EquaBdr6. The BIC can be expressed as:

6061 1&™Q ¢iid
3.15

whereQis the number of parameters in the Bayesian netwoik,the number of data
points in the data set, ads the maximum likelihood of the data given the Bayesian network.
The AIC and BIC are useful scoring metrics as they balance model compleékgynumber of
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parameter$ with a goodness of fit estimate from the likeliho@teedy Hill Climbing Chow
Liu, and TreeAugmented Naive Bayes algorithms are common spased techniqueand are
discussed in further detail due to their us€hapter 67317 There are also hybrid approaches,
which are a mix of both constrairgnd scorédbased methods.

The ChowLiu algorithm makes the assumption that the Bayesian network can be modelled
as a tree structurie meaning that the structure is acyclic and any two nodes are connected by
exactly one path’®> The scoring metric used for the Chdww algorithm is mutual information. In
the ChowLiu algorithm, mutual information is calculated between every pair of variables in the
dataset to guide structure building. Once mutual information has been calctilatatjorithm
constructs the network by maximizing the sum of the mutual information across the arcs included
in the tree and assigns directionality to each etlge. TreeAugmented Naive Bayes algorithm is
similar, creating a Chowiu tree using tests thare conditional on the target variable. This
algorithm learns the network structw&ing mutual information criteriéhat is conditioned on the
target variable. Additionally, th@lgorithm imposethe structural limitation thagach feature node
can have the target node (i.e. the targetable and one other feature node as par&fitShe
Greedy Hill Climbing algorithm differs, and instead iteratively aims to improve the network by
making local changes which involve adding, deleting, or reversing arcs between nodes. After each
modification, a scoring function evaluates the network &ire¢ and the change is kept if it
i mproves the score. The 6égreedyd aspect ensur

scoring configurations, but as such might be prone to getting stuck in local Midima.

Once the structure of the Bayesian network has estblishedthe next step is parameter
optimization wherein the CPTs associated with each node are leRaracheter optimization is

generally performed using maximum likelihood estimatidiLE ) or Bayesian parameter
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estimation MLE seekdo find parameters that maximize the likelihood function, wlsisbesses
how likely it is to observe the givamainingdata under a specific set of parametEssentially,
this process seeks to define the parameters that best represent the atasetet oimodel

parameters—and the observed daid, thelikelihood functionshown in Equatio.16is:1¢°

00 0 Os— 0 Qs—
3.16

where0 is the total number of data points @@drepresents the individual data poirits.
Bayesian network modelling, it is generally the-ldglihood that is used, which is simply the
logarithm of the above likelihood calculatidhis used to simplify the calculations by converting

the product into a sums shown in EquatioB17:1%°

a £0Q<0 a £0Ns—
3.17
Bayesian parameter estimati on ha®€quations r oot
3.12. Unlike MLE, this approachincorporates prior belief about parametensd yields a
probability distribution for the parameters, providing a range of plausible values with uncertainty.
Conversely, MLE yields a single point estimate that maximizes the likelihood of the observed data.
For Bayesian parameter estimatishown in Equation3.18, given a prior estimate of the
distribution 0 —, and observed dat®, the outpuposterioparameter distribution —sO , is:*’
50 0 0g-ol—
v 0
3.18

Both structure and parameter optimization are interconnected and iterative pro&ssses.
CPTs are calculated based on the connectivity of parent and child nodes, modifying the Bayesian

network structure may require parameter learning to be conducted again. The iterative nature of
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this process lends itself to optimization methods and helps ifiimeg the model for enhanced
clarity and performance.
3.3.4 Inference

Once a Bayesian network has been developed, it is used through a process known as
inference. This is the process wherein the probabilities of a certain outcome occurring are
calculated given certain observed evideti@elnference involves calculating the posterior
distribution of variablesyhich reflects the updated beliefs about the variables given the available
evidence.There are two broad types of inference methio@gxact inference and approximate
inferencet’® Exact inference methods calculate the exact probabilities according to the Bayesian
net workoés model, and examp bdiefupdatesdasedion junctton i a b |
trees'’® The primary downside of exact methods is that they can be computationally intensive and
are often infeasible in complex network structures. Approximate inference algotgienidonte
Carlo simulations to sample from the local distributions, providing an estimate of the posterior
distribution!” Examples of approximate inference algorithms incllodgy belief propagation
and MarkovChain Monte Carlanethods

For our Bayesian network investigations, the developed networks were, in general,
simplistic enough that exact inference could be used. Through use of the PyAgrum package for
Python, an algorithm known as Lazy Propagation was employed for exact inféfthaey
Propagation operates by strategically delaying the computation of probabilities until the values are
explicitly required by model querié&' A query is simply the process of asking the model to make
an inference, for examplewith an observed set of risk factors, what is the probability that a given
patient will experience a late toxicity?hen an inference query is madezy.&ropagation begins

by markingall node probabilities as uncomputed. When evidence is introduced to the network, the
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algorithm updates the probabilities of directly affected nodes and marks them as computed.
Dependencies and associated nodesatteandirectly be affected by this evidence are flagged as
uncomputed andheir probabilitieswill needto be recalculated due to observed evidéfite
Probabilities are calculated using tBayesian formula outlined ikquation3.12, and can be

expressed in terms of the nodes as:

o o 0 0
DO DI Q8O0TI LLOI Q8 I Dr——-"-v-7,
SV ®"uuool QB o
3.19

where N is the node with the probability to teculated and Parents(N) are the parent

nodes of the nod® be updated, NOverall, the selective updating in Lazy Propagatieips
manage computational resources bettgth computations only beingarried out when a query
requires a probability that depends on them.
3.3.5 Structural Equation Modelling and Bayesian Networks

Structural equation modellingSEM) and Bayesian networks represent two powerful
statistical techniques that, when combined, offer a comprehensive approach to modelling complex
relationships within clinical data. SEM is used to analyze relationships among variables and is
particularly uséul for testing models in health sciences as it can handle complex relationships and
test hypotheses about the causal relationships among variables, providing a deeper understanding

of the underlying structure of the data.

SEM offers two main components: the measurement model, which relates observed data to
latent variables, and the structural model, which assesses relationships among latent and observed
variables. Latent variables are variables that are not directly mdasutrean be inferred from
other observed variables. For example, a latent variable in HDR cervical brachytherapy might be

Apatient resilienceo, which is an unobserved,
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variables such as treatment adherence, performance scores at diagnosis, or severity of treatment

related side effects.

One of the key advantages of using SEM in conjunction with Bayesian networks is the
ability to provide estimates of the strength of relationships between vaneddhgsa previously
developed Bayesian network structuepresented by path coefficients. These coefficients allow
for comparison of the strength of different relationships within the model. A path coefficient close
to O indicates a weak relationship, while a coefficient with larger positive or negative value
suggests stronger direct or inverséationships. Additionally, these path coefficients are generally
presented along with associatedvglues describing the statistical significance of these
relationships. A low gvalue, usually below 0.05, suggests that the observed relationship is
statstically significant and was unlikely to have arisen due to chance, providing evidence

supporting hypothesized relationships between variables.

3.4 Optimization

Optimization algorithms find extensive use in radiotheygayticularlyfor the process of
treatment planning, due to the challenging balance required to generate a plan that suitably spares
OARs while delivering sufficient radiation dose to the target voluBmadly speaking,
optimization algorithms ammathematical approachtsat work to iteratively improve the value of
a cost functionand move through solution space towards an optimal solution to a problem,
however that optimality is defined by the uderbrachytherapy, optimization techniques were
first investigated in the 1970s with simplistic approaches to determine the number and strength of
radiation seeds required to deliver a treatm&ms brachytherapy treatment planning increased

in complexity, so too did the optimization approaches used with several notable contributions in
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the 1990s, includin@ouliotet al, who proposed a simulated anneallmased algorithm fotDR
prostate brachytherapy seed optimizafion.

When looking at multbbjective optimizationi the optimization of multiple different
factors in a cost function simultaneously, one finds that there are a number of possible solutions
with only a subset that are truly optimiz&igure3.11 outlines the relationships between multiple
objectives and the possible outcomes of an optimization algorithm. The shaded green space
represents all feasible points in the solution space that the optimization algorithm can access. The
subset of truly optinzed solutions represents the Parétontier, shown with the bold red line
Any point along this lingepresents a truly optimized minimization of the cost functioth the
improvement of any one objective resulting in the atb&ing worsened. Also included in the
image are infeasible poinshaded in orangé)ose that lay beyond the Par&tontier and cannot
be accessed. Finally, theretlse theoreticalJtopia Point, where all objectives are optimized

without any reduction in other objectivE&$.

Feasible Points

Obijective B

Infeasible Points

== Pareto Frontier

Utopia Point —_——
[

Objective A

Figure3.11: Different possible solutions for an optimization preblbased on twobjectives A
and B.
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There are many approaches to optimization, with each type having many different specific
algorithms that can be use@ne common approach to categorizing optimization algorithms is
labelling them as either stochastic, hybrid, or determiniStiochasticoptimization algorithms
employ randomnes®r probability when changing theariablesto find the optimal solution.
Deterministic optimization methods are those where the output is entirely determined by the initial
conditions and formulation of the problem without any influence of randomness. Hybrid
optimization methods combine elements of different techniques toib&oef the strengths of
each componenflthough there are many different optimization approaches, the workflow for
optimization generally follows the following stef:

1. Define a cost functian

2. Initialize the algorithm (define an initial solutian)

3. Calculate the cost function for this initial solution

4. Make some change to the solution

5. Evaluate the quality of this change using the cost function

6. Determine whether to accept or reject this change based on the cost function value
7. Repeat steps-8 until an optimal solution is found, or theaximum number of iterations

has elapsed

A primary benefit of optimization methods is the time savings provided when attempting
to find an optimal solution for a problem where there are many degrees of freedom, and as such,
the solution space large. When a problem has a large number of possible solutions, an algorithm
that has a structured way of moving towards an optimum will provide significant time savings over

a manual approadti.
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For this work, our goal was to identify potential customizable optimization techniques for
Bayesian network structure generation. As we wanted to employ approaches that effectively
explore possible relationships within data, stochastic methods known \iigratiag complex
solution spaces and escaping local optima were deemed suitable. For this work, we selected
simulated annealing as a suitable initial approach as this method is familiar to brachytherapy
experts due to its use in seed optimization and neyadept at revealing underlying data
relationships within vast, undefined solution spaces. Simulated annbabeg approaches have
been employed for Bayesian network structure learning in thé¢®§aéth owever , it 6s s
potential for applications in radiotherapy remains uninvestigated.

3.4.1 Simulated Annealing

As outlined in the previous section, simulated annealing is a stochkxiad optimization
algorithm that has found use in brachytherapy, particularly in the treatment planning prbisess.
powerful optimization algorithm was initially proposed by Kirkpatrik et. al in 1983, inspired by
the annealing process in metallurgy wherein a material is heated and then slowly cooled to achieve
amore stable, optimal staf&lt has found popularity largely due to its ability to efficiently explore

complex and extensive solution spaces, making it suitable for a variety of optimization problems.

In simulated annealing, the optimization process stdttsan initialization of parameters
and an initial solution. The algorithm then iteratively explores solution space by making random
changes to the current solution and allowing transitions to less optimal solTtenkkelihood
of accepting a suboptimal solution is controlled b§teamperaturé parameter, which gradually
decreases over timmimicking the cooling process inannealidgs t he o0t emper atur e
the probability of accepting auboptimal solution is lowered. The randomness and gradual

reduction of exploration probability is notable asliows simulated annealing to escape local
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minima and converge towards a global optim&igure3.12 provides a diagram illustrating these

simulated annealing jumps that allow the algorithm to escape local minima.

One limitation of simulated annealing is the computational demands afgethm and
the long time to convergence, particularly for problems where the solution space is large. To
address these problems, a variation known as fast simulated annealing has been introduced. This
process incorporates adaptive cooling schedulesctelexrate convergence without compromising
the algorithmdés g% Psaudecodeefa ithe levetoped st isimulated e s .

annealing framework can also be foundrigure6.1 for more detailed algorithm information.

Simulated
Annealing Jumps

Objective
Function

Local Minima

Iteration Number

Figure3.12 lllustration ofprocess of minimizing an objective function in a simulated annealing
framework. The red line illustrates the path agftimization demonstrating the hitllimbing
function that allows simulated annealing to escape local minima.
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3.5 Chapter Summary

In summary, this chapter provided a comprehensive overview on machine learning,
introducing classical machine learning algorithahestails of the development workflownd the
processes for comparing and finming these algorithmgAdditionally, this chapter provides a
focused explanation of Bayesiaetworks including their theory, representation, simdcture and
parameter optimization techniquésgeneralverviewon optimization techniques was provided,
followed by specific details on simulated annealing, which was the technique employed for
Bayesiannetwork optimization inChapter 6 The background outlined in this chapter sets the
foundation for the analytical techniquemployed inChapter 4hroughChapter 7The upcoming
sections will leverage the presented machine learning techniques oh[iRe cervical
brachytherapy workflow. These investigations demonstrate the potential for machine learning to
provide valuable decisiesupportfor applicator selectiorto improve treatment quality and

uniformity and represent a novel approach to late toxicity modelling.
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Chapter 4 - Development of Applicator Selection Machine Learning Model

4.1 Chapter Overview

The process of applicator selection for HDR cervical brachytherapy is complex, and highly
dependent on physician expertideThe development of a machine learnivased tool could
provide valuable decisiesupport, improving the consistency and quality of these clinical
decisions. Thaim of the presented manuscript is to establish a series of anatomical features that
are predictive of IC or IC/IS implants and to use accepted machine learning algorithm selection
techniques to assess the performance and stability of a variety of clasgibaleriearning models
for the applicator selection probleffhis foundational work setséhstage for future prospective
studies, guiding the optimization of models based orirngertion data and identifying essential
features for collection.

At the time of this study, classical machine learning algorithms were chosen due to limitations
in computational resources, limiting our ability to investigate the applicability of deep learning
methodologies to the applicator selection problem. Futur& wauld investigate the impact of a
deep learning approach or could investigate additional state of the art classical machine learning
algorithms, such as XGBoost or LightGBM, known for their robust performance in predictive
modelling. These different apmches could be tested and evaluated to potentially enhance the
accuracy of the applicator selection tool.

Additionally, it is important to acknowledge that this foundational work focused solely on
algorithm selection and comparison without the inclusion of a holdout dataset for model
assessmentChapter 5of this thesis addresses this by presenting model application and
performance on a clinically relevant holdout dataset. The decision to omit a holdout dataset in

earlier stages was deliberate, as initial development relied on imaging datasets accaerired aft
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applicator insertion, anticipating a later adaptation teimsertion imaging including a holdout
dataset.

The following is a reproduction of work previously published iffrontiers in Oncology?
with permission from the journal, publisher, and alazdhors (see permissionsAppendix Di
Journal PermissiorendAppendix Ei Author PermissionysOnly minor changes have been made
to format the article to be consistent with this the3igoplementargocumentatiosubmitted with

the manuscriptan be found i\ppendix A
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4.2 Abstract

Purpose:To develop and validate a preliminary machine learning model aiding seléhetion of
intracavitary [C) versus hybrid interstitialC/1S) applicators for higldoserate HDR) cervical
brachytherapy.

Methods: From a dataset of 233 treatments using IC or IS applicators, a set of geometric features
of the structure set were extracted, including the volumes of OARs (bladder, rectum, sigmoid
colon) and HRCTV, proximity of OARSs to the HRCTV, mean and maximum latdrand vertical
HR-CTV extent, and offset of the HRTV centreof-mass from the applicator tandem axis.
Feature selection using an ANOVAt€st and mutual information removed uninformative features
from this set. Twelve classification algorithmene trained and tested over 100 iterations to

determine the highest performing individual models through nesfield Srossvalidation. Three
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models with the highest accuracy were combined using soft voting to form the final model. This
model was trained and tested over 1,000 iterations, during which the relative importance of each
feature in the applicator selection process was determined.

Results: Feature selection indicated that the mean and maximum lateral and vertical extent,
volume, and axis offset of the HRTV were the most informative features and were thus provided

to themachine learningnodels. Relative feature importances indicated that th€CHR volume

and mean lateral extent were most important for applicator selection. From the comparison of the
individual classification algorithms, it was found that the highest performing algorithms were tree
based ensemble methddédaBoostClassifier ABC), Gradient Boosting ClassifieGBC), and
Random Forest ClassifieRFC). The accuracy of the individual models was compared to the
voting model for 100 iterations (ABC = 91.6 = 3.1%, GBC = 90.4 + 4.1%, RFC = 89.5 + 4.0%,
Voting Model = 92.2 + 1.8%) and the voting model was found to have superior accuracy. Over the
final 1,00 evaluation iterations, the final voting model demonstrated a high predictive accuracy
(91.5 + 0.9%) and F1 Score (90.6 + 1.1%).

Conclusion: The presented model demonstrates high discriminative performance, highlighting
the potential for utilization in informing applicator selection prospectively following further
clinical validation.

Keywords: gynecologic brachytherapy, intracavitary brachytheraphigh-doserate

brachytherapy, radiation oncology, machine learniggjsionsupport tools
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4.3 Introduction

Globally, cervical cancer is the fourth most commonly diagnosed cancer and the fourth
leading cause of cancer death in wori€i?! For patients withlocally advanced disease
International Federation of Gynecology and Obstetrll§&sQ) stage IB2IVA - the current
standard of care includes pelvic external beam radiother&BRT) with concurrent
chemotherapy plus a brachytherapy b&dsf819119High-doserate HDR) brachytherapyis
crucial in the treatment of locally advanced cervical cant&C(C). Due to its high dose
conformity and rapid dose fatiff outside of the target region, brachytherapy is able to deliver a
higher dose of radiation to the tumour volume while providing superior normal tissue sparing when
compared to external beam techrigtl>*>® Several studies have shown that utilizing
brachytherapy in addition to EBRT improves survival rates and local control in patients with
LAcc34,38,193

HDR brachytherapy treatments use an applicator, placed through the vaginal cavity that
treats the upper vagina, cervix, and utéfu$he most commonly used intracavitarkCJ
applicators are the tandem and ovoid and ring and takdadditionally, hybrid intracavitary
interstitial (C/1S) applicators have been developed that allow for the use of interstitial catheters
that are guided by the ring or ovoid, once positioned in the patiéhi®

One challenge inherent to this procedure is the selection of the applicator, as different
applicatorgeometries result in a different dose distribufid®ome recommendations exist to
guide applicator selection current literature identifies a lateral extent of the highk clinical
target volumeKR-CTV) > 25 mm and an H&TV volume > 30 crhias indicators for the use of
interstitial needle$** However, the decision is stilldl I

judgement and experienéeSub-optimal applicator selection may arise, resulting ingabdose
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distributions. This can decrease the probability of providing local control to the tumour as well as
delivering unwanted dose to surrounding healthy organs, leading taldsisable patient
outcomeg41%

Machine learning has been applied in radiotherapy to act as an expert dsgpgiont tool
which has seen increased attention in medical physics in recent!3feltachine learning
techniques have seenonsiderable interest in radiation oncology, with applications in
brachytherapy ranging from treatment planning to automatic-daserate (DR) seed
detectiont?”12%13L197|n recent years, there has been an increased focus on utili@nhine
learningto improve HDR cervical brachytherapy. Recent work has included predicting fistula
formation for patients receiving interstitial gynecologic brachythet&ayachine learningided
automatic digitization of interstitial needles and applicat6¥$® and reinforcemesrtearning
based inverse treatment planning for tanderdovoid brachytherapy?® Despite this research,
the extent to whiclmachine learningan be used to support the applicator selection process for
cervical HDR brachytherapy has not been explored.

The ability of machine learningnodels to mimic human modes of thinking in highly
complex reasoning tasks makes them well suited to provide desigiport for the applicator
selection proces$? Additionally, machine learningnodels are able to identify features important
for applicator selection and weigh their contributions to make an informed applicator selection,
while accounting for historical physician experience in the form of training data. This could
provide planning ssistance to brachytherapy departments by increasing the uniformity in
applicator selection and providing support to less experienced clinicians. This work describes a
rigorous methodology used in the development wiaghire learningnodel, including algorithm

selection, model optimization, feature selection, and model performance evaluation using clinical
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patient data. The work presented is a necessary validation step demonstrating the ability for
machine learningo be used as a decisisapport tool in the applicator selection process. In its
current state, t he model can provide external
postinsertion. This preliminary validation will allow for future expansairthe model to include
predictions for optimal needle arrangements for treatments requiring interstitial needles and for
future use in prospdee applicator selection for HDR cervical brachytherapy following clinical
validation. A prospective study utilizing the presenteakchine learningnodel on prensertion

geometry metrics has been approved to evaluate true prospective applicator selection.

4.4 Materials and Methods

4.4.1 Patient Cohort

Data for themachine learningnodel was extracted from our institutional cervical HDR
brachytherapy patient database. Treatment data for patients treated between 2015 and 2020 was
compiled, which included 233 treatment fractions (147 IQGEB) for 83 patients. The patients
in this cohort were treated with one of three applicator types: (i) tandem and ovoid (IC), (ii) ring
and tandem (IC), or (iii) ring and tandem with the additional of interstitial ned@ASY. In this
work, the two intracavitary ggbicator types were grouped to form one class (IC), with the hybrid
interstitial applicator forming the other claskC/AS). Oncentra® Brachy TPS version 3.3
(Nucletron, Elekta AB, Stockholm, Sweden) was used for treatment planning for all cases to
deliver a prescription dose of 8 Gy x 3 fractions to the®IR/ with each fraction separated by a
week. The separation of treatnts allows for the independent selection of applicator for each
fraction. For patients prescribed 8 Gy x 3 fractions who were unaldemplete the treatment

course, any completed fractions were included in the data set.
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4.4.2 Model Framework
Figure4.lillustrates the workflow used to develop the applicator predictiachine
learningmodel, broken down into six major development steps.

3. Individual Model Preparation
[ |

Individual Model
Training

| J
1. Raw Data Collection
|

4. Individual Model
Comparison
and Classification
Algorithm Selection

[ Feature Scaling Performance Metrics

[ New Case ] i
Feature Extraction o
v Hyperparameter
; — Optimization
DICOM Extraction Feature Selection H Training Database
] T !
J

Classification
Algorithm Selection

v

Implement Voting

4| Final Model
|

5. Voting Model

2. Pre-Processing

6. Final Model Evaluation

" /_\f_\\x

——— T X

Figure4.1: Model development workflow. (1) Data collection and DICOM extraction. (2) Data
pre-processing and feature engineering. (3) Training and optimization of a set of classification
algorithms for comparison. (4) Selection of subset of trained and optimiedlural models. (5)
Individual model combination through voting. (6) Evaluation of fimachine learningoting
model. Digital Imaging and Communications in MediciB&GOM ).

4.4.3 Data Preprocessing and Training Database

For each fraction, structure, plan, and dose data files were extracted from the Oncentra®
Brachy TPS in Digital Imaging and Communications in MedicDECOM ) format. Applicator
type, interstitial needle patterns, and relevant structure contoursCNR intermediateisk
clinical target volumelR-CTV), gross tumour volumeXTV), bladder, rectum, sigmoid) were
extracted and stored within the training database. For the first treatment fraction, contours were
derived from posinsertion MR images. Subsequdrgatment fractions derived contours from
postinsertion CT images, using previous MR images to aid in the delineation of H&EIMRTo
account for class imbalance in the dataset (147 IC fractiondCB6 fractions), random
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oversampling from the minority applicator class was employed to balance the classes. In
consultation with a clinical brachytherapy team, the features extracted forvssigation were

those expressing the geometric characteristics and relationships between the target volume,
organsatrisk (OARS), and the applicator.

From the structure contours, a series of ledierensional geometry metrics were
calculated, which were expected to indicate how well an applicator type would be able to achieve
optimal dosimetry. The geometry metrics were structure volumes, proximity of the OARs to the
HR-CTV, and geometric characteristics of the-BRV. Structure valmes were extracted for the
bladder, rectum, sigmoid colon, and fR'V. The proximity of the OARs to the HRTV was
defined as the mean distance between the voxels of the HRCTV and the nearest 1.5 cc of the
respective OARs (bladder, rectum, and sigmoi@mrplThe geometric characteristics of the-HR
CTV were the mean and maximum lateral extent of thedAR' (orthogonal to the tandem axis),
the mean and maximum vertical extent of the-BlRV (orthogonal to the ring or ovoiglane),
and the axis offset between the cemfenass of the HRCTV and the tandem axis of the
applicator, which is an indicator of asymmetry in the-&8RV geometry. These HRTV
geometry metrics are illustratedfigure4.2.

Each treatment fraction was assigned a weighititagbe utilized during the training of the
machine learninghodeliaccor ding to the fractionbs adherer
metrics(D90 HRCTV, D98 HRCTV, D98 GTV, D98 IRCTV, Point A EQD2 bladder D2c¢
rectum D2cc,sigmoid D2c9.5° This was implemented to account for possible-sptimal
applicatorselection in the training data. A fraction with poor dosimetric outcomes would thus be
used less strongly in the training of tin@chine learningnodel. The decimal weighting assigned

to each treatment fraction based on its dosimetric quality is outlinEabie4.1.
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Figure4.2: A diagram illustrating the selected higbk clinical target volume (HRCTV) spread
metrics, as defined relative to the applicator geometry. The illustrated metrics are (a) axis offset
between the centref-mass of the HRCTV and the applicator tandenxig, (b) mean and (c)
maximum lateral extent of the HBTV orthogonal to the applicator tandem axis, and (d) mean
and (e) maximum vertical extent of the IRV orthogonal to the ring/ovoid plane.

Table4.1: Treatment fraction data weighting regime utilized in the model training process and the
number of data points belonging to each category. Weights were assigned draatjoer basis

based on adherence to EMBRACE dosimetric quality metrics (D9CHR D98 HR-CTV, D98

GTV, D98 IRCTV, Point A EQD2 bladder D2ccrectum D2ccsigmoid D2cc)®° The highest

guality plans are assigned full weight, moderate quality plans are assigned half weight, and the
lowest quality plans are assigned quarter weight.

Welght Pl anning A# DE€esestraint # Fract
Assign

1.0 02 None 134
0.5 > 2 None 32
0.25 Any Numbe 01 67
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4.4.4 Feature Selection

To select important features for use in model training and evaluation, a series of univariate
feature selection tests were performed. This was employed to prevent overwhelming the model
with redundant or unimportant information that would reduce predicigbilities First, the
mutual information between the features and the target variable (i.e., the applicator class, IC or
IC/IS) was calculated. A higher mutual information score indicates that there is information about
the target variable that can bbtained by knowing the feature. Second, an ANOV\fe$t was
performed. The Fest was used to determine the correlation between the input features and the
output classification. A higher-gcore indicates that there is a relationship between the value of a
given feature and applicator choice. In both cases, features that will have the largest contribution
to model performance can be selected by ranking mutual informationsoatds.
4.4.5 Classification Algorithm Selection and Individual Model Optimization

Classification algorithm selection and model training, optimization and testing utilized the
Scikit-Learn package for Pythdfl® Each of the 233 fractions was labelled with the afseither
IC orIC/IS applicators. Since the desired output ofrttuelel is a prediction of class (i.6C/IS or
IC applicator type), aseries of supervised classificationachine learningalgorithms were
investigated. In this work, the classification algorithmsestigated were intended to be
interpretable compared taore complexnachine learning | gor i t hms t hat act
which is important when dealing with limited data and models thatheese potentially high
variance!?6201

The initial subset of classification algorithms selectedif@ning individual models are
listed inTable4.2 with theirutilized abbreviations and compatibility with using weighdadples

during the training process. For classificatiaigorithms that supported training with sample
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weights (se€Table 4.2), the trained individual model performance wasluated using both
weighted and unweighted samples. flioe the individual models armbmpareperformance, a
process of nestedfbld crossvalidation and hyperparameteptimization was performed. This

methodology is similar to thaerformed by Deisét al 2

Table4.2: List of compared classification algorithms, their utilized abbreviation, and compatibility
with using weighted samples when training the individual model.

Classification AIAbbreviatWeighted Sc¢

AdaBoost Classi fiABC Yes
Gaussian Napve BaGNB Yes
Gaussian Process GPC N o
Gradient BoostingGBC Yes
K-Near est NeighbouKNN N o
Linear DiscriminatDA No
Logistic RegressiLRC Yes
Mu I-ltaiy er Perceptr MLPC N o
Nearest Centroid NCC N o
NuSupport Vector NuSVC Yes
Quadratic DiscrinQDA No
Random Forest Cl aRFC Yes

The process of hyperparameter tuning and individual moyplinization is depicted in
Figure4.3. For 100 evaluation iteratior$ each individual modelliable4.2), the full dataset was
randomly split into five subsamples using the KFold function in Sdikdarn (Step 1). Each
subsample acted once as the test set anetth&ning four times as@mponent of the training
set.Following common practice, five folds were used for the iramet outer crossalidation43
The individual models wergained on the training set and aftsample performanceetrics
were calculated on the test set, including accuna®gision, recall, F1 score, and ROGUC
(Receiver Operatin@haracteristicé Area Under the Curve). The use of five fotdsulted in five
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estimates per performanaogetric, which were theaveraged to assess the performance for each
of the 100 iterationdVhile training using each outer fold, optimal hyperparameters selected
using a rigorous grid search using the GridSearcfi@¥tion in ScikitLearn to maximize the
accuracy of an inner fivéold crossvalidation (Steps-8). For this inner crosgalidation,the outer
training set was again split into five random subsampéesl to compare models with different
hyperparameters using th€Fold function. Classification algorithm selection and individual
model optimization without this nested cresgidation uses theame data to tune the model
parameters and evaluate mopletformance, causing information to leak into the modekande
overfitting of the datd®? A list of the hyperparametetthat were optimized and their final

optimized values for eadifassification algorithm is provided in Supporting Informafi@ble S1

(Appendix A).

Once the subset of individual models was trained, the top three highest performing were
used to form the voting model. Accuracyhe ratio of correct classificationswas the metric
selected for model comparison due to its interpretability and widespread use in performance
evaluation. Three individual models were chosen to ensure that if volatility was present in one,

two well-calibrated models would be in place to counteract it.
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Repeat for each classification algorithm

Repeat 100 times with new K-fold randomization seed

Repeat for each outer fold

1. Split into 5 outer folds
Test Train

2. Take 1 outer fold

Accuracy

A\ 4

Data Set }

3. Splitouter training
set into S inner folds

Hyperparameters

LB s optimize

I! hyperparameters
j with inner 5-fold
:ﬁ cross validation

Figure 4.3: A diagram illustrating the process of tuning hyperparameters and determining
individual model performance using nestetbll crossvalidation. The dataset is first split into

five outerfolds (Step 1), each acting once as the test set and the remaining four times as a
component of the training set. The training set is then split into five inner folds (Steps 2 and 3,
repeated for each of the outer folds), on which the hyperparametensedg$tep 4). Both inner

and outer Hold crossvalidation utilized the KFold function in Scikitearn (parameters were set

to n_splits = 5, shuffle = True, random_state = iteration number). The optimal hyperparameters
are then set (Step 5) and the indival model is trained on the outer training set (Step 6) and
performance is evaluated on the outer test set (Step 7).

4.4.6 Voting Model

The top three individual models selected during the model optimization process were then
compiled into a voting model. The voting model works by placing equal weight on each of the
three chosen individual models. Each model individually makes a classtjpredif IC orIC/IS
and the final voted classification result is determined through a soft voting process. Soft voting
predicts the class label based on the weighted average of the predicted probabilities, which is

recommended for an ensemble of welibrated classifier&®?
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4.4.7 Feature Importance for Individual Models in Voting Model

Feature importance was investigated for the individual models used in the final voting
model. The relative importance of a feature is indicative of how oftemdiuel uses this feature
to make key decisions. For the selected -based classification algorithms, the relative
importance of a feature is a measure of how a given fehased split point improves the
classification accuracy. The importance of a featsi determined by the model during the training

process.

4.4.8 Voting Model Evaluation

The final voting model was assessed over 1,000 iterations of different stratified train (85%)
and test (15%) data subsets. Foreach iteration, the random state was set to the iteration number.
Additionally, a LeaveOneOut CrossValidation (OOCV) was performed wherein the test
dataset contains only one data point, with the remaining data being used to train the model.
LOOCYV is a more practical estimate of model performance as it mimics how the model will
perform when applied in a practical settims it will be provided with only one sample in the test
set after training on the full training dataset. Additionally, in situations where model performance
is limited by a small dataset, LOOCYV can provide a better estimation of model performance as K
fold crossvalidation may provide an overly pessimistic estintate.

4.5 Results
4.5.1 Feature Selection

The ANOVA Fscore and mutual information were calculated for the full set of features,
which are shown iTable4.3. Both tests indicated that the three most informative features were

the HRCTV volume, and the mean and maximum lateral extent of th&HR Both tests also

identified the proximity of the HRCTV to the OARs were noisy, uninformative features. Based on
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these results, the set of features provided to the classification algorithms was halved to include
only the geometric characteristics of theJl@RV to reduce model complexity and remove features
that did not demonstrate a strong correlation with appliczt@ction.
4.5.2 Classification Algorithm Selection and Individual Model Optimization

The accuracy of each trained individual model is shoviaigare4.4. In general, individual
models that utilized weighted sample points to account for dosimetric plan qUiatite4.1) were
more accurate than those that did not. The highest performing classification algorithms were tree
based ensemble methotlsAdaBoost ABC), Gradient BoostingGBC), and Random Forest
(RFC) classifiers. Theselassification algorithms were used to train the individual models used in
the subsequent voting model evaluation.
Table4.3: ANOVA F-Score and mutual information metrics calculated for each attracted
geometric features. These values were used to reduce the number of features used in the model by

selecting only those ranked the highest under both metrics. The top three features for each test
have been bolded for reference.

Feature Type Feature F-Score Mutual Information
HR-CTV Geometry Metric Axis Offset 49.47 0.19
Lateral Mean Extent 161.01 0.35

Lateral Maximum Extent 219.92 0.32
Vertical Mean Extent 27.73 0.26
Vertical Maximum Extent 61.44 0.24

Volume 120.46 0.35
OAR Volume Rectum Volume 3.60 0.05
Bladder Volume 0.44 0.13
Sigmoid Volume 1.04 0.07
OAR Proximity to HRCTV  Rectum Proximity 12.67 0.10
Bladder Proximity 16.48 0.19
Sigmoid Proximity 0.08 0.08
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Figure 4.4: Individual model accuracy over 100 random training/testing iterations. For
classification algorithms compatible with using weighted samples, both weighted and unweighted
tests were performed. Final selected individual models are indicated with an *. NWeight,
W, Weighted, ABC, AdaBoost Classifier, GNB, Gaussian Naive Bayes Classifier, GPC, Gaussian
Process Classifier, GBC, Gradient Boosting Classifier, KNNNd&rest Neighbours Classifier,
LDA, Linear Discriminant Analysis, LRC, Logistic Regressiotassifier, MLPC, Multilayer
Perceptron Classifier, NCC, Nearest Centroid Classifier, NuSVESWNport Vector Classifier,
QDA, Quadratic Discriminant Analysis, RFC, Random Forest Classifier.
4.5.3 Voting Model

A comparison between the performance of the individual models and the compiled voting
model was performed to ensure that there was an improvement in performance when using the
voting model. The top three weighted individual models, in terms of wlaasificationaccuracy
over the 100 iterations, were the AdaBoost Classifi&(Q), Gradient Boostinglassifier GBC),
and Random Forest Classifi&@KC). The results of the comparison are showmable4.4. For
all performance metrics there was an improved standard deviation for the votingihustialting

more consistent model performance when using voting as opposed to the individual models.

Additionally, for all metrics the voting model was as good or better than the results achieved when
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using only the individual model. This supports the use of the voting model over the individual
models.

Table 4.4: Performance metrics for the top three weighted individual modé&ls- (Gradient
Boosting Classifier [GBC], ® = Random Forest Classifier [RFC]“3 AdaBoost Classifier
[ABC]) and the voting model. Soft voting that predicts the class label based on the sums of the
predicted probabilities was utilized.

Performance Metric GBC RFC ABC Voting

Accuracy 916+£3.1% 904+4.1% 895+40% 92.2+1.8%
Precision 88.0+29% 84.8+55% 86.6+53% 87.8+29%
Recall 934+6.2% 955+46% 89.9+9.1% 955+3.7%
F1 Score 90.6 +3.8% 89.7+4.2% 88.0+53% 91.4+24%

4.5.4 Feature Importance for Individual Models in Voting Model

Figure 4.5 shows the relative feature importance of the subsstxoHR-CTV features
selected. For all individual models, the RV volume is the most important feature for the
applicatorselection process. For two of the three individual modeltatieeal mean extent of the

HR-CTV the second mosinportant feature.

HR-CTV Vertical Maximum Extent
HR-CTV Vertical Mean Extent
HR-CTV Lateral Maximum Extent
HR-CTV Lateral Mean Extent ]
HR-CTV Volume
HR-CTV Axis Offset |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45
Relative Feature Importance
Random Forest Classifier ® Gradient Boosting Classifier m AdaBoost Classifier

Figure4.5: Feature importance for the six geometric features used in theridreedual models
selected for the final voting model. The more an attribute is used to make key decisions, the higher
its relative importance. Importance is calculated by the amount that each attribute split point
improves the performance measure (acgyratthe algorithm.
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Table 4.5: Performance metrics for voting model, calculated over 1000 test iterations. For each
iteration, the KFold random state was set to the iteration number. The L@OEMacy is not
calculated over these 1000 test iterations as every data point acts as the test set once, meaning there
are no random seeds that can be implemented

Performance Metric

Accuracy 91.5+09%
Precision 87.3+x1.1%
Recall 945+1.7%
F1 Score 90.6 + 1.1%

ROCGAUC 91.8+1.0%

LeaveOneOut Accuracy (LOOCV) 89.80%

4.6 Discussion

In this work, we validated a votingachine learningnodel based on thregassification
algorithms with high predictive accuracy to be usedapreliminary decisiorsupport tool
validating applicatorselection posinsertion in LACC brachytherapy treatmen#s.machine
learningbased decisiesupport tool can provide planningssistance towards improving
applicator selection quality andiformity. The GECGESTRO group has identified the need for
appropriate applicator and needle selection to deliver optiosd distributions to the HRTV
and normal tissues, which hiasencorrelated with local recurrence and toxicity, respectivély
This work is the foundation of a prospective study wilitevaluate the improvement in delivered
dosimetry whemsing the software tool to support applicator selection

Feature selection methods were employed to identifysgeeific clinical features that
contributed the most to tregplicator selection procesBable4.3). The identification othe HR
CTV lateral extent and volume as informative featugsports the current applicator selection
recommendations fronthe GEGESTRO group and the ABS, which confirm that 4GRV
geometry characteristics are a primary driver in neelaytgid interstitial needle¥*’ During the

featureimportance investigation, it was also found that the GIR/ lateral extent and volume
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held high feature importance for eawftthe individual models, further supporting the importance
of these metrics in the applicator selection process.

The use of accuracy as a metric to compare models resuttezhitig a voting model with
high predictive capabilities. Using metric to express model performance. The use of a voting model
was shown to increase model stability and provided a shghease in performance above using
the best performinghdividual model Table4.4). Additionally, the voting modedisplays a high
recall (i.e., true positive rate) of 94.5%, indicatindr e mo del 6s abi | ilG/I t o i d
needles correctly. Thshows that the model is less likely to incorrectly label a case \algbrel
interstitial needles were required, minimizing likelihood of the model suggesting an applicator
that may leado an underdosing of the target volume. Additionally, once traiheanachine
learningmodel is capable of predicting an applicator for an unged¢ient in fewer than 10 s,
making it a timeefficient process.

Machine learningnodel performance can be limited by both pquoality data as well as
limited size of dataset, which will be a persistiestie in brachytherapy utilization. However, this
was mitigatedn this study by incorporating the dosimetbased weightindactor to ensure the
model was preferentially learning from theghest quality plansT@ble 4.1). The performance
metrics of thevoting model demonstrate relative robustness and as a stgpporhay be used in
combination with clinical judgement frovide certainty when determining the need for interstitial
needles. In the future, incorporating data from other carergtres with large cervical HDR case
volumes could increase teeope of the dataset, improving the quality of the decisigaportool
by expanding the level of included expertise.

In its current form, thenachine learningnodel utilizes posinsertioncontours to extract

the geometric features used by the modeis allows the model to act as a quality assuréQeée
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tool, validating or contradicting the selection of applicator that was gheitally. For true
prospective applicator prediction, an ethaggprovedstudy will be conducted to apply this
machine learningnodel to adataset of contours extracted from -preertion diagnostic MR
images. In this prospective study, thachine learninghodel will predict the usef an IC orlC/IS
applicator for a new patient based on theipsertiongeometry metrics. The model prediction
will then bec o mp ar ed t @redection te tegt agreénteist and@sensus decision on
which applicator to use for treatment Wik made. This study will use simulated treatment plans
to evaluatalifferences irdosimetric plan quality between the two applicatorassess the quality

of decisions made by experts and tinechine learningnodel.

To effectively switch from poshsertion to preansertion imagesthe impact of the
brachytherapy applicator on the deformateomd displacement of thdR-CTV and other soft
tissues must be evaluated. Previous reselaashinvestigated the impact of the brachytherapy
applicatoron soft tissue deformation, investigating both the volumefigation and centroid
displacement between pisertion andpostinsertion brachytherapy CT images. Results
indicated thaalthough volumetric differences of the ceruterus were minodisplacements and
deformations were observél.

4.7 Conclusion

Using the opensource Python machine learningpackage Scikit-Learn, this work
establishes a framework for designing, training, and validating a prelinimachine learning
based tool to provide insight intbe applicator selection process based on clinically relevant
geometric features. Our results provide evidence that eakglpretable tredased classification
methods yield higldiscriminative performance. This work presents the first istefeveloping a

comprehensive applicator selection tool pralides preliminary validation for the use of machine
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learningin the applicator selection process. Currently, the model canseé to validate a
physiciands a p-pseitianasta @A todl. rudureoverk willbegténd thisachine
learningmodel for usan prospectively selecting brachytherapy applicatorgHertreatment of
cervical cancer as well as optimal needleangements for treatment volumes that require
interstitialneedles. This prospective study has received ethics apamaitilizes the presented
machine learningnodel trained on dataset opreiinsertion geometry metrics. Improvement in
the applicatoselection process is expected to result in improved disg#butions that may yield
improved treatment outcomes.
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Chapter 5 - Prospective Clinical Implementation of Applicator and Hybrid Interstitial

Needle Selection Machine Learning Model

5.1 Chapter Overview

Building on the foundational work presentedGhapter 4 this work introduces significant
advancements in the machine learAbaged applicator and hybrid interstitial needle prediction
process. By adapting the previously developed models for use wihsartion imagingand
including IC/IS needle prediction capabilities, the updated model enables a more comprehensive
approach to technique predictidrhnis serves as a validation of our developed model, now tailored
for pre-insertion applications, using the methodological framework outlin€hapter 4

The prospective application of this advanced modah ethicsapproved studycoupled with
a dosimetric evaluation ofreatment plans marks a novel contribution to the field of
brachytherapyThis approach not only tests the generalizability of our model but also supports its
potential for larger, mulinstitutional studies, addressing the notable delay often seen in the
clinical implementation ofdevelopedmachine learning tools. Through this work, we aim to
emphasizehe importance of integrating advanced predictive models into the clinical workflow,
paving the way for enhancedtient care and broader adoption across institutions.

There are several future avenues to elaborate on the presented work. First, the current model
and related study excludes prediction of applicatorisieaving the determination of tandem and
ring/ovoid size to the radiation oncologist. Inclusion of addal applicator parameters could
provide a more comprehensive predictive tool for the clinical setting. Additionally, while deep
learning methods were not investigated in this study they represent a promising expansion of the
model, particularly for autoating the segmentation of OARs and target volumes, or for prediction
without the need for structure contours.
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5.2 Abstract

Purpose: Demonstrate the clinical validation of a machine learning model for applicator and
interstitial needle prediction in gynecologic brachytherapy through a prospective clinical study in
a single institution.

Methods: The studyincluded cervical cancer patients receiving higiserate brachytherapy
using intracavitaryIC) or hybrid interstitial (C/IS) applicators. For each patient, the primary

radiation oncologist contoured the higbk clinical target volume on a ptwachytherapy MRI,
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indicated the approximate applicator location, and made a clinical determination of the first
fraction applicator. A prérained machine learningnodel predicted the applicator and IC/IS
needle arrangement using tumour geometry. Following the first fractiachine learningnd
radiation oncologist predictions were compared and a replanning study determined the applicator
providing optimal orgarat-risk (OAR) dosimetry. Thenachine learningredicted applicator and
needle arrangement and the clinical deiaation were compared to this dosimetric ground truth.
Results: Ten patients were accrued from December 2020 to October 2022. Comparing to the
dosimetrically optimal applicator, both the radiation oncologist myaghine learninghad an
accuracy of 70%machine learninglemonstrated better identification of patients requiring IC/IS
applicators and provided balanced IC and IC/IS predictions. The needle selection model achieved
an average accuracy of 82.5%achinelearningpredicted needle arrangements matched or
improved plan quality when compared to clinically selected arrangements. Owesiahjne
learning predictions led to an average total improvement of 2.0 Gy to OAR doses over three
treatment fractions when compared to clinical predictions.

Conclusion: In the context of a single institution study, the presemadhine learningnodel
demonstrates valuable decisismpport for the applicator and needle selection process with the
potential to provide improved dosimetry. Future work will include a rogltitre study to assess
generalizability.

Keywords: cervical brachytherapy, higloserate brachytherapy, machine learning, validation

study
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5.3 Introduction
Cervical cancer is the fourth most common female canoddwide, accounting for 340
000 deaths annualf?®® The standard of care for patients with locally advanced disease
International Federation of Gynecology and Obstetid&Q) stage IB2IVA - includes pelvic
external beam radiotherapfBRT) with concomitant chemotherapy and an imggealed
adaptive brachytherapy bod8tFor these patients, brachytherapy plays a crucial role in escalating
the radiation dose to the tumour volume and is associated with improvesdpeasfec survival
and overall survivai®?9.2% However, brachytherapy is a clinically challenging treatment
involving extensive image guidance and treatment planning steps for every insertion. Additionally,
multiple devices and treatment techniques may be used depending on disease characteristics.
Determination of the optimal treatment strategy is complex and driven by clinical review of disease
and patient characteristics, which could benefit from the development of desugipart tools.
Appropriate brachytherapy applicator selection is an important treatment consideration,
directly impacting plan quality and dose delivered. The standard applicator for cervical
brachytherapy is an intracavitary applical@), consisting of an intrauterine tandem with ovoids
or a ring abutting the cervix. For advanced disease, needles inserted through the ovoids or ring in
a hybrid intracavitary/interstitial applicatorC{IS) supplement the intracavitary approach. In
cases of bulky tumours or unfavourapkvic anatomy, the usage of IC/IS or perineal template
based interstitial I§) applicators is important to provide sufficient target coverage while
minimizing normal tissue dosS&®73209210The appropriate applicator and interstitial needle
arrangement is important for patient outcomes impacting both normal tissue toxicity and disease
control®*® However, several factors complicate the applicator and needle selection process. The

increasing use of IC/IS applicators even in patients with-ndky tumours (volumes <30
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cm?),*321 paired with interstitial needle selection being highly dependent on clinical judgement
and experience motivates the need for predictive models as a dextipjport tool for
physicianst!

The development of machitearningmodels to radiotherapy is increasing, with numerous
applications to brachytheraspecific problems?® Applications have investigated outcome and
toxicity modellingt?4127.212213pplicator digitizatiort?® seed detection and treatment planriitig,
133.214.215quality assuranc@QA),*>13%®and segmentatiott® However,machine learningnodels
are often not fully integrated into the clinical workflow following model development, which is
important for quantifying the impact of model usage and patient outcoftes purpose of this
work is to demonstrate the clinical validation of a previously develapschine learningnodel
for applicator and interstitial needle prediction through a fully prospective study of model
performance. This parallel assessmennathine learningompared to clinician performance is
a crucial intermediate step toward independeathine learningtilization in the clinic.

This methodology adheres to the requirements of a Type 2b validation study under the
Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) recommendations, with training and validation dad#ected at distinct periods of
time 12163The TRIPOD document provides guidelines on ipeattice to develop and validate
machine learningnodels in a clinical setting and transparently reporting study results.

5.4 Materials and Methods
5.4.1 Patient Cohort

For this ethics approved prospective study (HREBAZIXD378), patients were eligible

for inclusion if scheduled to receive higloserate HDR) cervical brachytherapy following

EBRT. Patients scheduled to receive IS brachytherapy using aNgymeft template were
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excluded. Patients were accrued from December 2020 to October 2022 and informed consent was
obtained for all participantskigure 5.1 provides an overview of the data grecessing,
prediction, and assessment workflow for the prospective study.
5.4.2 Treatment

Following EBRT and chemotherapy, patients received HDR brachytherapy using IC or
IC/IS applicators. The prescription dose was 24 Gy in 3 fractions to the high risk clinical target
volume HR-CTV) with each fraction separated by one week utilizing dosimetric planning aims
described by the EMBRACE Il study protoé¢dlOncentra® Brachy TPS version 3.3 (Nucletron,
Elekta AB, Stockholm, Sweden) was used for treatment planning. Contouring anepadieg
for targets and orgarat-risk (OARs) followed GYN GEGESTRO recommendatio’®*’ Dzcms

values were reported for the bladder, rectum, sigmoid colon, and bowel.

Treatment Ground Truth
Applicator Used in
. . Patient Treatment Majorly of Fractions N CEEEERES
Data Preparation Prediction Applicator

/Tkreatwith RO Predicted Technigue
Radiation

—_— Oncologist
Pre-Insertion Prediction
Patient MR Contoured ey .
] Replannin
Accrual  —» byRadiation —  Metries P g
Oncologist Extracted Machine oA MLA
Learning _RO&MLAgres | Replan with
Prediction Alternate Applicator
RO
Sy Discg, BestPlan_, " posimetric
2, . Ground Truth
Replan with

Machine Learning
Predicted Applicator

Figure5.1: Workflow overview for the prospective study. Data preparation, radiation oncologist
and machine learning predictions, as well as the final treatment decision and replanning process
are outlined. Additionally, the two different definitions of ground tramtidl how they are derived

are outlined.
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5.4.3 Data Preparation

Prior to brachytherapy, pelvic T2 MRIs were obtained using an MAGNETOM Avanto Fit 1.5T
scanner (Siemens Healthineers, Erlangen, Germany) to assess response to EBRT. Both sagittal
(0.65 mm x 0.65 mm x 4 mm resolution) and axial (0.65 mm x 0.65 mm x 3 rotaties) scans
were obtained. On these MRIs, the primary radiation oncologist delineated contours used to extract

geometry metrics of the HRTV (seeFigureb.2), including:

i) The extent of the HRETV, contoured according to GYN GHESTRO guideline$®
i) The approximate location of the intrauterine tandem axis with respect to the HR
CTV.

iii) The approximate location of the ring/ovoid plane with respect to th€ R

Y

Figure 5.2: Preinsertion sagittal MR image witkhontours for approximate ring and tandem
position (pink), and HRCTV volume (red). The approximate position of the applicator with
respect to the HICTV is manually defined by the primary radiation oncologist prior to treatment.

For IC/IS needle prediction, geometry metrics were divided into sections centered over
needle channels of the Vienna applicator (Elekta AB, Stockholm, Sweden) to express directional

HR-CTV geometry as thenachine learningnodel was trained on patients receiving an implant
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with the Vienna applicator. For patients treated with the Venezia applicator (Elekta AB,
Stockholm, Sweden), which has similar needle positions on thelgeaniovoids excluding the
most posterior needle position, needle positions were mapped to thalegupositions on the
Vienna applicator. Only parallel needles were predicted for the Venezia imgfagnise 5.3

provides the numbering convention for needle positions for both applicator types.

Ventral Ventral
Patient 12 A / ]. 6 Patient Patient 14./.::/‘].1 \":;_.:_36 Patient
Right ® 4 Left Right b4 Left
13 &y w7
ne @ a7 " @
v 12 478
. . &=
S _‘J £ 1 < E”
10 9 10 9

Figure 5.3: Numbered needle positions for the 26 nfieft) and 30/34 mm (right) Vienna
applicators.

5.4.4 Machine Learning Model

Feature and algorithm selection results were presented in a previous manuscript using post
insertion CTbased planning datd The same features that drive the requirement for necHiRs
CTV volume, lateral and vertical extent of the tumgolume,and target volume asymmetry
were selected for use. For this prospective study, models wér@med on prensertion MR
images and a process of repeatdd|& crossvalidation was used to#@ptimize hyperparameters
and assess mode¢rformance. Reptimization was required as previous models were built using
CT-based contours with the applicator in place, while the prospective model usdhdd&®
contours without the applicator. Algorithms used and their tuned hyperparameterdiaeel aut
Supplementary Material I. The applicator selection model was trained on 86 patients and the needle
arrangement model on 41 patients. The S¢ikrrn package for Python was used for all aspects
of model developmerif®
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5.4.5 Applicator and Needle Arrangement Prediction

To minimize the likelihood of missing the need for interstitial needles when clinically
required, the threshold for IC prediction was set to a confidence level of 60%. To action this 60%
threshold, any patient where timachine learninghodel predicted an IC applicator should be used
with a probability of 5669% was set to an IC/IS applicator. This threshold was set to decrease the
likelihood of insufficient target coverage arising from the exclusion of needles, as this has the
largest dsimetric consequelc
5.4.6 Model and Clinician Accuracy

5.4.6.1 Consensus Applicator

Formachine learningpplications, it is important to establish a ground truth classification
for reliable assessment of model performance. For this study, two definitions of ground truth were
investigated for their viability. First, the ground truth is defined by the consemsatment
applicator and then by the replanning study based on optimal dosimetry. The consensus applicator
ground truth is defined as the applicator used in two of the three treatment fractions for a given
patient. This was comparéd the initial radiation oncologist armdachine learningpredictions.
Following the first fraction of treatment, the applicator selected for subsequent fractions may differ
based on the clinical interpretation of first fraction dosimetry.
5.4.6.2 Optimal Dosimetry

The ground truth defined by optimal dosimetry was determined during the replanning study
performed after the first fraction of treatment. In this study, the applicator (IC or IC/IS) that
produced the dosimetrically optimal plan in terms of target coveaageOAR sparing was

determined to be the dosimetric ground truth applicator.
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Following applicator selection, machine learningprediction of an IC/IS applicator
included a prediction of the optimal needle arrangement. This prediction and resultant dose were
compared to the consensus needles used for clinical IC/IS implants.
5.4.6.3 Performance Metrics
Four classification types exist for applicator prediction:

1. True Negative:Predicted IC, Ground Truth IC
2. True Positive: Predicted IC/IS, Ground Truth IC/IS
3. False NegativePredicted IC, Ground Truth IC/IS

4. False Positive:Predicted IC/IS, Ground Truth IC

From these classifications, model performance was assessed using accuracy, precision, recall
(sensitivity), specificity, and the harmonic mean of precision and recall (F1 score).
5.4.7 Replanning Study

A replanning procedure was followed to assess the optimal dosimetry, compadhipe
learningand radiation oncologist predicted applicators and nesmudangements, as well as the
applicator not used clinically. The replanning occurred offline, following the first fraction of
treatment and prior to subsequent implants and treatments. Maintaining the same prescription dose,
dwell positions were manuallgoptimized during this process.

Replanning with the applicator that was not used clinically was simulated as follows. For
treatments that clinically used an IC/IS applicator, an IC plan was simulated by removing dwell
positions in the needles and manually reoptimizing dwell weights osigghe tandem and ring.

For treatments that used an IC applicator, needles predicted matiene learningnodel were
manually digitized in the treatment planning system and placed parallel to the tandem axis to a

depth that provided coverage for thdl length of the HRCTV without penetrating OARs. In
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cases wherenachine learningnd the radiation oncologist both predicted an IC/IS applicator, a
replan was manually generated using the needles predicted byatifene learningnodel to
determine optimal dosimetry and dosimetric differences associated with varying needle
arrangements.

HR-CTV and intermediateisk clinical target volumelR-CTV) coverage was matched
during the replanning process. Dosimetric ground truth was defined as the applicator and needle
arrangement that resulted in the lowest combined dose to the OARs. The total dosimetric impact
of using ammachine learningredicted applicator was calculated by summing the difference over
all OARs between the replan and the clinical plan and multiplying by the total number of treatment
fractions. This calculation assumes thatrttegnitude of the difference in dose metrics will be the
same for all three treatment fractions. For centres that perform multiple treatments with a single
insertion®? the dosimetry from the first fraction determination would propagate throughout the
entire treatment.

EMBRACE Il guidelines were followed, aiming to keep dwell weights within the needles
to 10 to 15% (maximum 209%% To replicate the clinical planning process, the time to generate
replans was kept clinically reasonable at approximately 30 minutes. Manplanreng was
adopted instead of an automated approach, such as hybrid inverse planning optimization (HIPO),
to dign with the current workflow. Additionally, HIPO was not investigated as an option for
ground truth applicator and needle prediction due to its tendency to load all available needles in
lieu of tandem or ovoid/ring loading, a planning strategy incomdisteh the accepted clinical

approach.
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5.5 Results
5.5.1 Patient Enrollment

12 patients were recruited for study participation. Two were excluded as anatomical
considerations and a poor response to EBRT indicated an IS treatment. Five patients received an
implant using the Vienna applicator and five patients received an implang e Venezia
applicator. Patient FIGO Stages ranged from-1B22 and the average piasertion HRCTV
volume was 21.1 ci(9.3 cn?i 32.4 cm).
5.5.2 Applicator and Needle Arrangement Prediction

Patients that received IC/IS implants were treated with 4 needles per fraction, on average.
Preinsertion radiation oncologist amaachine learningpplicator predictions and their agreement
are outlined inTable5.1 along with applicators used for all treatment fractions. In 60% of cases,
the initial predictions made by the radiation oncologist arathine learningnodel agreed.
Confusion matrices quantifying correct and incorrect predictions are showigune 5.4 to
provide further detail about misclassificatiomable5.2 provides the performance metrics for the

applicator selection model.

Table5.1: Radiation oncologist amthachine learningredictions summary.

Pre-Insertion Predictions for Fraction 1

Patient Machi Consensus
Radiation Oncologist achine Agreement? Applicator
Learning
1 IC IC Yes IC
2 IC IC Yes IC
3 IC IC/IS No IC/IS
4 IC/IS IC/IS Yes IC/IS
5 IC/IS IC/IS Yes IC/IS
6 IC/IS IC/IS Yes IC/IS
7 IC/IS IC No IC/IS
8 IC IC/IS No IC
9 IC IC/IS No IC/IS
10 IC IC Yes IC
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Table 5.2: Performance metrics for radiation oncologist and machine learning predictions
compared to consensus applicator and dosimetric ground truth scenarios.

Comparison
. ML . ML
Performance RO Prediction - RO Prediction .
. Prediction to . . Prediction to
Metric to Consensus to Dosimetric . .
Applicator C0n§ensus Ground Truth Dosimetric
Applicator Ground Truth
Accuracy 80.0% 80.0% 70.0% 70.0%
Precision 100% 83.3% 100% 83.3%
Recall (Sensitivity) 66.7% 75.0% 57.1% 71.4%
Specificity 100% 83.3% 100% 66.7%
F1 Score 80.0% 83.3% 72.7% 76.9%

Machine learningpredicted that five patients required needles. For three patients, both

machine learningnd radiation oncologist predictions agreed prior to the first treatment fraction

that an IC/IS applicator should be used. For two, IC was clinically used for the first fraction,

although subsequent fractions utilized IC/IS applicators, in agreementheitiachine learning

model. For these five patients, the predicted needle arrangements are shiattei3 and

compared to consensus needle arrangements. Consensus needles were needles that were used in

the majority of treatment fractions.

Table5.3: Comparison of needle arrangement predictions. Predictions for applicator prediction
agreement (topand disagreement (bottom) with consensus needles loaded throughout the three

treatment fractions.

Applicator Prediction Agreement

Patient Ring Diameter Pre-Insertion Needle Predictions Consensus
(mm) RO ML Needles

4 30/34 7,8,12,13 7,8,12,13 7,8,12,13

5 26 8, 10, 12 7,10, 11 6,7,8,11

6 30/34 6,7,8,12,13, 14 7,8,12,13, 14 8,12,13, 14

Applicator Prediction Disagreement

Patient Ring Diameter Pre-Insertion Needle Predictions Consensus
(mm) RO ML Needles

3 30/34 None 7,8,11,12,13 6,7,8,12,13,14

9 30/34 None 7,8,12,13 7,8,12,13
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A) RO B) ML

IC IC/S I1C IC/S
c | 4 0 c S 1
Consensus Consensus
Applicator Applicator
IC/S 2 4 IC/IS 1 5
C) RO D) ML
IC IC/S IC IC/AIS
e B3 0 e 2 1
Dosimetric Dosimetric
Ground Ground
Truth Truth
IC/IS 3 4 IC/S 2 5

Figure 5.4: Confusion matrices comparing: a) Radiation oncologist prediction to consensus
treatment applicator Bjlachine learningrediction to consensus treatment applicator ¢) Radiation
oncologist prediction to dosimetric ground truth applicatoMachine learningprediction to
dosimetric ground truth applicator.

5.5.3 Replanning Study

The results of the replanning study are outlined able 5.4. A detailed version with
individual OAR doses is provided in Supplementary MatéApbendix B. The upper portion of
the table compares the clinical plan from fraction one to the plan generated fronac¢hime
learningmodel predictions. The lower portion Béble5.4 outlines the results of a replan using a
simulated IC/IS applicator in the case that bothchine learningnd the radiation oncologist
selected IC applicatorsTable 5.5 provides the adherence of each OAR dose metric to the

EMBRACE Il planning aims.
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Replanning IC/IS as IC alone resulted in significantly worse plan quality with OAR dose

increases exceeding 6 Gy. For these cases (not sholiabie5.4), the ground truth applicator

was established as IC/IS.

Table5.4: Results of replanning study. Dosimetry of the clinical plan compared tprgdicted

plans (upper). Replans for cases where both machine learning and radiation oncologists predicted
an IC applicator (bottom). Total differences between the clinical ptah the replan are
accumulated assuming the same dose over three fra&Qb=® and BED are calculated ignoring

EBRT with U/b = 3.

_ Applicators Total Impact: OAR Dose Preferred
Patient PP Difference for 3 Fractions (Gy) Treatment
ID n , , Decision
Clinical ML Predicted Physical Dose EQD2s (>3 Gy)
3 IC IC/IS -8.4 -9.8 ML
4 IC/IS IC/IS -1.5 -1.0 -
5 IC/IS IC/IS -6.7 -7.0 ML
6 IC/IS IC/IS 0.2 0.2 -
7 IC/IS IC 7.1 7.6 RO
8 IC IC/IS 0.7 0.5 -
9 IC IC/IS -5.6 -5.4 ML
Total change if ML predictions used -14.1 -15.1
Average per change if ML predictions 20 29
used
Ground Truth Verification i IC Agreement
_ Applicators Total Impact: OAR Dose Preferred
Patient PP Difference for 3 Fractions (Gy) Treatment
ID o _ _ Decision
Clinical ML Predicted Physical Dose EQD2s (>3 Gy)
1 IC IC -4.9 -4.6 IC/IS
2 IC IC -0.9 -0.6 -
10 IC IC -2.2 -1.6 -
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Table 5.5: Results of replanning study in terms of adherence to EMBRAG#Hatining aims.
*Patient did not have bowel contour.

Patient Bladder Dzcms Rectum Dyems Sigmoid Dzems Bowel Dyems
b Clinical Prel\c/lj:::ted Clinical Prel\(/lj:;:ted Clinical Prel\t/lzl:_cted Clinical Prel\c/ljli;:ted
3 Caution  Caution Fail Fail Pass Pass Pass Pass
4 Caution  Caution Pass Pass Pass Pass Pass Pass
5 Fail Caution Caution Caution Pass Pass Pass Pass
6 Caution Caution Caution Caution Pass Pass Pass Pass
7 Pass Fail Pass  Caution Pass Pass Pass Pass
8 Pass Pass Pass Pass Pass Pass Pass Pass
9 Caution Pass Caution Pass Pass Pass Pass Pass
Ground Truth Verification 1 IC Agreement
Patient Bladder Dacm3 Rectum Dzems Sigmoid Dyems Bowel Dxems
b Clinical Pre'\c/lit:ted Clinical Pre'\g:;:ted Clinical Pre'\(/:li:;:ted Clinical Prel\(/ljh:ted
1 Caution Pass Pass Pass Pass Pass Pass Pass
2 Caution Caution Caution Caution Pass Pass Pass Pass
10* Caution Pass Pass Pass Pass Pass N/A N/A

5.6 Discussion

In this work, we validate the prospective usenmdchine learningor applicator and
interstitial needle selection in HDR cervical brachytherapy. Tiechine learningmodel
demonstrated high performance metrics for applicator and needle selection. This parallel
assessment ahachine learningompared to radiation oncologist performance demonstrated an
ability to replicate, and in some cases improve dosimetry for the patient cohort, providing
confidence in thenachine learningpproach and representing a crucial intermediate step toward
independenmachine learningtilization in the clinic. This validation work represents a necessary
intermediate step prior to a muditistitutional, doubleblinded study and demonstrates the ability

for machine learningo be integrated into the current clinical workflow. Similar studies have
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demonstrated the promising potentiah@chine learninépr improving plan quality and treatment
consistency*213¢ This study demonstrates the potential for translation wiahine learning
based decisiesupport tool into a clinical workflow to improve patient treatment quality,
highlighting its potential value for centres adopting or advancing brachytherapy practices.

Accuracies are comparable for the radiation oncologistraawhine learninghough other
performance metrics differ and highlight the benefitnathine learnindpased predictions. The
machine learningnodel has a higher recall (sensitivity), meaningrttazhine learningnodel is
better able to determine where IC/IS applicators are required, ensuring optimal dose is delivered
to the patientMachine learninglightly over predicted IC/IS applicators when compared to the
radiation oncologist, resulting alower precision score. The clinically preferred misclassification
is to over predict IC/IS by design to avoid missing implants requiring interstitial needles. The
machine learningnod el 6 s mor e bal anced scores for recal
the higher F1 score (harmonic mean of precision and recall) indicate a greater ability of the model
to make correct predictions of IC versus IC/IS while being robust and issingn a significant
number of IC/IS instances. One parameter that dirgct i mpacts the model 6s
threshold for IC/IS prediction, with an increased threshold corresponding to an increase in the
frequency of IC/IS predictiofi:® The choice of a 60% threshold was determined by prioritizing
our centrebdés clinical preference of prioritizi
predictions to ensure that cases requiring needles were not missed. This parametbleisihch
can be adjusted according to the priorities of a clinic.

For needle predictionmachine learningredicted needles and consensus needles are
similar in geometry and number of needles (Accuracy = 82.5%, Precision = 86.5%, Recall =

83.3%). Themachine learningnodel predicted the consensus needle arrangement with 100%
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accuracy for two patients. For patients with lower accuracies (Patient 3 = 66.7%, Patient 5 =
57.14%, Patient 6 = 88.9%), the Miredicted needle arrangement either resulted in comparable
(Patient 6) or improved (Patients 3 and 5) plan quality. One fectoplicating needle prediction

is the effect of rotations of the ring during the insertion process. Howevengertion predictions

can still be valuable as they indicate areas of theCHNR where further coverage is required.

The replanning study demonstrates that usingrthehine learningredicted applicator
and needle arrangement without clinical input would have resulted in an average decrease in OAR
doses of 2.0 Gy across three treatment fractions. Several patients had improvements >3 Gy, largely
from improvements in bladder and reatakes. This dose d@escalation corresponds to a reduction
in the risk of bladder and rectal toxicities, even when reduced below recommended planning
constraint$® The largest OAR dose improvements were seen in patients who did not meet clinical
planning aims, making this eescalation potentially clinically relevant. Beyond baseline dose
improvements, use of the ML model was able to bring dose levels for somegpfben warning
levels to acceptable levels as outlined in EMBRACE Ror Patient 9, including 45 Gy in 25
fractions of EBRT, both bladder and rectum.£3 EQD2 were reduced (89.44 Gy to 79.90 Gy,
72.47 Gy to 64.69 Gy). This magnitude of change would lead to a lower probability of gdade 2
morbidity for bladder and rectal bleeding based on EMBRACERbr Patient 5, bladderns
EQD2 was reduced from 93.82 Gy to 83.71 Gy.

Based on dosimetric ground truth, three ML misidentifications occurred. Two patients were
only misidentified by thenachine learninghodeli an incorrect IC prediction (Patient 7) and IC/IS
prediction (Patient 8). Another patient (Patient 1) was misidentified as IC bynaetiine learning
and the radiation oncologist. For Patient 7, the plan quality was significantly reduced when using

the simulated IC applicator, demonstrating the need for coverage provided by the IC/IS applicator.
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To investigate the cause of the misclassification;ppaehytherapy and treatment HIR'V
contours were compared. For cases where the
agreed, the average change in-BRV volume from preto postinsertion wa 0.1 cmi (-13.3 cni

i 9.4 cn¥). For this patient, there was significant change from fwrepostinsertion HRCTV

volume (9.3 crito 24.9 crd). This initial contour volume was the smallest of the cohort, and the
significant change could indicate that aatepancy in contour geometry impacted the ability of

the ML model to make an accurate prediction.

This variability emphasizes the importance of accuraténmertion HRCTV contours for
maximizing prediction accuracy as significant differences in contouring practices among different
radiation oncologists could contribute to intdrserver variabilityAlthough initial validation of
contours for tandem and ring axis were conducted, the delineation-@fTNRand prediction of
treatment technique was ultimately left to the discretion of the treating radiation oncologist. This
approach to contouring HRTV could introduce variability in the model's performance across
different practitioners, however this could be limited with the use of standardized contouring
guidelines or a secondary contour review process by an experienced radiation oncologist.

Future work will include an assessment of model performance in a-ceattie study.
Following TRIPOD recommendations and further validating the model on geographically separate
data collected by external investigators would provide an additional asséssmarodel
generalizability and provide further confidence in the widespread clinical implementation of the
machine learningnode|162163
5.7 Conclusion

The results of this prospective study indicate thatniaehine learningnodel provides

valuable decisiosupport to the applicator and interstitial needle prediction process in
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brachytherapy treatments. Use of thachine learningnodel resulted in increased plan quality
when compared to the blinded clinical determination. The study reports the translation of a
foundationalmachine learningnodel to a prospective clinical setting in a decissapport role.
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Chapter 6 - Development of a Simulated Annealing Structure Optimization Framework for

Late Toxicity Bayesian Networks

6.1 Chapter Overview

Late toxicities are adverse side effects to OARs occurring afterotingletion of radiation
treatment and can dramatically impact quality of life for patients, impactintpeldgy functioning
for years?l’” The ability to predict late toxicities in advance could allow for treatment plan
adaptation to reduce the risk of late toxicities occurring or allow for proactive toxicity monitoring
and management. Bayesian networks are becoming increasingly populgppfaations in
healthcare, particularly for their ability to clearly visualize causality and intercorrelations and

reason where information is uncertain or incomptété!8219

The aim of the presented manuscript is to develop a framework that can address the drawbacks
of currently available oubf-box optimization and provide serautomatic structure optimization
method focusing on cystitis modellinggimulated annealing was chosen as a method to compare
different Bayesian network structures due to its ability to efficiently explore the solution space,
which is supegexponentially complex with respect to the number of nodes and the size of
conditional pobability distributionsThe structure and parameter optimization time for Bayesian
networks varies depending on the complexity of the data and network structure. For instance, the
TreeAugmented Naive Bayes structure presented inctiapter requires the longest fitting time
of all outof-box methods due to the complexity of calculating the conditional probability tables,
which arises as a result of the highly connected nature of the model. For the models presented, full
fitting of theout-of-box models including crosgalidationtypically occurs in less than 30 minutes,
whereas simulated annealing averages around 1 hour due to its comprehensive search across

potential network structures.
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For this investigation,hie use of the highuality, multrinstitutional EMBRACE 1 clinical
trial data represents a major strength of this work due to data quality and complefarsess.
foundational work will provide network structures that do not contradict current clinical
knowledge, rather, structures that supplement and affirm our current clinical understanding. The
technical basis of this workvhich will be applied irChapter 7 allows for expedited Bayesian

network generation for other late toxicities.

The work presented in this chapt®as submitted for review tBhysics in Medicine and
Biology in May 2024.Permissiors from all ccauthorsare available iMppendix ET Author
PermissionsOnly minor changes have been made to format the article to be consistent with this

thesis. Supplementary documentation submitted with the manuscript can be féypemaix C
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6.2 Abstract
Purpose: Develop a simulated annealibgsed framework for developing Bayesian network
structures for late morbidity prediction in cervical cancer patients, addressing limitations of

traditional optimization techniques and prioritizing interpretability.

Methods: This study utilizes the mulsentre EMBRACE | cervical cancer dataset to develop
Bayesian network structures fmoderateto-s e ver e ( g r a(@T€AEO3)pReflictianyAs t i t i s
simulated annealinbased optimization method was developed incorporating information
theoretic measures, predictive performance measures, and complexity meHseardgferent

network s$ructures developed by this framework were compared in terms of complexity,
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interpretability, and predictive performance to optimization methwdsable ouof-box from the
PyAgrum package for Pythd@reedy Hill Climbing, TreéAugmented Naive Bayes, and Chow
Liu Optimization). Differences in model predictions arising from structure differences were

assessed witebti(p€@0Bhr ands Q

Results: The simulated annealing framework demonstrated the ability to produce Bayesian
network structures with comparable or superior predictive performance compareebfeboxt

models. A statistically significant performance difference was identified betweesirttulated
annealing and Greedy Hill <@&btipmd00h.grhemientildted d s wii
annealing approach outperformed Greedy Hill Climbing, with a balanced accuracy of 64.0%
versus 58.3%, an Fhacroscore of 55.9% versus 49.0%nd an ROEAUC of 0.71 versus 0.55,
respectively. Simulated annealing models also featured fewer arcs and nodes, with this
simplification resulting in networks that were easier to interpret without compromising on
predictive performance, highlighting th&eztiveness of simulated annealing in creating highly

interpretable models for clinical use.

Conclusion: The proposed simulated anneahogsed framework represents a novel method for
automatically generating Bayesian network structures for cervical cancer late morbidity modelling.
Compared to owbdf-box optimization techniques, the simulated annealing Bagesetworks
provide comparable or superior predictive performance while constructing a more simple,

interpretable network useful for clinical implementation.

Keywords: Cervical brachytherapy, higthoserate brachytherapy, machine learning, Bayesian

networks, toxicity prediction
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6.3 Introduction

Bayesian networks are a machine learning method that are becoming increasingly popular for
applications irhealthcare, particularly in modelling complex diagnostic and treatment decision
making processes where information is uncertain or incomplet¥ Bayesian networks, in
contrast to some classical machine learning and deep learning techniques, offer the benefit of being
highly interpretable due to their visualization using directed acyclic graphs that explicitly show
causality and intercorrelatiod®¥’ During Bayesian network generation, prior clinical knowledge
and expert input can be manually incorporated into the network structure to enhance the
interpretability and quality of the mod®’. For clinical applications, clear and transparent
interpretability can help physicians understand and have confidence in the Bayesian network
structure, facilitating integration of these predictive models into the clinical workflow for tasks
such as outcomerediction. Additionally, Bayesian networks can perform both forward and
reverse inference in a clinical setting, which provide an explanation of both the probability of an
event occurrence with known patient and treatment characteristics as wellpaskhbility a
patient has the associated characteristics given a known outttrhese benefits make Bayesian
networks a powerful decisiemaking tool in the clinical setting, particularly in the context of

outcome modelling.

Late toxicities are adverse side effects to normal tissue that occur months to years after the
completion of radiation treatment and afectquality of life for patients, impacting dayp-day
functioning?'’ For locally advanced cervical can¢eACC) patients, late toxicitiemay broadly
impact the genitourinary and gastrointestinal systems and include outcomes such as cystitis,
urinary incontinence, urinary frequency, ureteric strictures, gastrointestinal stenosis, proctitis,

bleeding (gastrointestinal, bladder), diarrheajvalgatrophy and stenosis, and fistédaFor each
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patient treatmentnanaging dose to these OARs is crucial teeslealate the dose where possible
and further decrease toxicity The ability to reliably predict such late toxicities could allow for
adaptation of the treatment planning process to mitigate or manage the likelilocodmoénce??

Often, standard models fail to disentangle the complex intercorrelations between risk factors,
resulting in the identification of single risk factors guidedabgriori assumptions of relevance.

This can limit the ability to establish a comprehensive understanding of risk factors and their

interplay.

The development of Bayesian networks generally requires two distinct steps: (i) structure
learning, where causal links between features and outcomes in the dataset are manually or
automatically generated, and (ii) parameter learning following the genemitithe directed
acyclic graph where conditional probabilities are leaiféth the context of Bayesian networks,

a directed acyclic graph is a visual representation of the model structure, illustrating relationships
between risk factors and outcomes with arroiWkere are various datkiven and manual
approaches to structure learning, however many currestfdadx optimization techniques have
several drawbacks when applied in the context of clinical deesipport model buildingOut-
ofbox optimization techniqgues r efisethroughovaribusos e a
analysis software and offer limited customization in their structdieny of these oubf-box
optimization techniques do not have the ability to include clinical knowledge and may be unable
to parse which connections within the dataset are illogidedse often result in models that may
have connections that do not follow a logical order or causatiditionally, outof-box
optimizations primarily aimto maximize informatiorbased metrics like letpss and entropy
during network construction. They often overlook performance metrics, such as accuracy,

precision, or recall which are crucial for using Bayesian networks as predictive frddélss,
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in the clinical context, there is a need for a structured methodology to reliably and automatically

generate networks with optimal predictive performance.

The purpose of this work is to develop a framework that can address the drawbacks of out
of-box optimization and provide serautomatic structure optimization while allowing for the
inclusion of known clinical relationships, assert logical definitionsir@ctionality and causality,
and prioritization of predictive performance along with conventional information metrics.
Primarily, we aim to develop a method for building Bayesian network structures that do not
contradict current clinical knowledge, rath#vrat supplements and affirms our current clinical

understanding.

This study uses th@rospective multinstitutionalEMBRACE | cervical cancer dataset with
an adapted simulated annealing optimization methodology to develop and evaluate the network
generation. This dataset provides multiple clinical endpoints, comprehensive clinical risk factors,
and is backed by extensi dataset quality control. This work aims to demonstrate the utility of the
proposed framework on an extensive, high quality clinical dataset and compare its performance to

various owof-box optimizationsolutions.

6.4 Materials and Methods
6.4.1 EMBRACE Dataset

The dataset used for this study was selected from the EMBRAGEY which accrued
1416 patients fromZ£centres in Europe, Asia, and North America from 2008 to ZBMRBRACE
| was a multinstitutional, prospective observational study investigating the impact of image
guided brachytherapy foLACC patients (www.embracestudy.di)?®®> This work focused
specifically on the investigation of late toxicity endpoisisorded irEMBRACE I. To investigate

the different optimization methods, the dataset utilized by Spampabatiofor the analysis on
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risk factors for urinary morbidityvas selected!’ Patients without MRhssessed bladder wall
infiltration at diagnosis with morbidity available at baseline and at least one late-fgllavere

included (n = 1153§?° This dataset washosen to provide a comparable reference for evaluating

our Bayesian network results against accepted and established clinical Fesutach of the

different optimization techniques, the endpoint was modécesee ver e (grade O 2)
defined by Common Terminology Criteria for Adverse Events VGDQAEVv3.0).2?” To assess

the ability of the optimization framework to generalize to other toxicities and other OARS, proctitis
grade 02 modelling (n = 1199) was performed us
were supplementary to the primary cystitisdalling, they are presentedAppendix C From the

EMBRACE | dataset, 39 diagnostic, treatment, and dosimetric clinical risk factors were included

as potential features in the Bayesian network structures. A full list of these clinical risk factors is
available inAppendix C In the context of Bayesian network modelling, these risk factors defined

as features form theodesof the network, while the causal relationships between these risk factors

make up tharcsof the network.

6.4.2 Risk Factor Importance and Correlation

For Bayesian networks, mutual information describes the relationship between risk factors
that can act as an analogous metric to feature importance metrics for conventional ML
algorithms?2822° Mutual information provides a measure of how much knowledge of one risk
factor contributes to predicting the value of another risk factor and is used to assess the strength of
relationships between risk factors. For this application, mutual informationsealsas a term in
the cost function during the Bayesian network generation process to quantify risk factor correlation
within the network. To establish a threshold for insignificant mutual information values, four noise

variables (two categorical and twwmerical) were randomly generated. Mutual information
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values were then calculated for all possible pairs of risk factors in the dataset (i.e. 39 risk factors
plus 4 random variables). For the simulated annealing framework, the highest mutual information
value for a pair of risk factors including one of thegi@ted noise variables was used as the mutual
information threshold in the cost function.

Performing feature selection prior to the model building process is standard practice across
all ML algorithms, with filter methods to evaluate the feature importance with statistical measures.
Prior to Bayesian network modelling, tB& correlation metric was used to select which risk
factors could belirectly connected to the target endpdiitThe % metric was selected for this
task as it is a correlation coefficient that addresses drawbacks of the Pearson correlation
coefficient, including consistent performance between categorical, ordinal, and interval risk factors
and can calculate correlationstween risk factors of mixed type. Additionally, the metric can
capture noflinear dependencies which is valuable for modeling complex risk factors. For initial
risk factor importance investigatio¥%s was calculated between all the influencirgkractors and
the target outcome. Risk factors that had azeno correlation were allowed as potentially directly

connected nodes in the network.

6.4.3 Risk Factor PreProcessing

Preprocessing steps were performed to prepare the morbidity dataset for Bayesian network
modeling. First, target endpoints were defined from the trial dsgamentioned above, the
endpoint selectedas moderatéo-s e ver e ( g r a dith sufple@entarg mosldratet i s
severe (grade 02) proctitis modelling to ass
Bayesian network development requires numeric data to be discretized prior to modeling.
Discretization can be done using multiple methods, depending on the desired output. For this initial

investigation, continuous risk factors were discretized into thmes using the KMeans
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discretization technique, which uses a clustering approach to define the bins. KMeans
discretization was selected as equal width and equal frequency discretization methods have
weaknesses, with equal width in particular not generalizing well to data wiitars, and equal

frequency being sensitive to multiple data points with the same.fAlue

6.4.4 Bayesian Network Modelling

Bayesian network structure learning approaches fall into two categorieshssect and
constraintbased approaché® Scorebased algorithms use an optimization framework to find a
network structure that maximizes a scoring criteffdrConversely, constraisiiased approaches
focus on identifying conditional independence between nsthese approaches, risk factors that
are determined to be independent of each other are not connected by an arc, thereby refining the
structure of the Bayesian network to only include essential relatiorféhipss t hi' s st ud
optimized framework is a scelmsed approach, we investigated availableofitox scorebased
algorithms. Three common eaf-box optimization algorithms were selected from the PyAgrum

packageChowLiu, Tree Augmented Naive Bayes, and Greedy Hill ClimBfiig.

6.4.5 Simulated Annealing Framework

Simulated annealing is a potentially useful optimization tool for this problem as it is well
suited for complex optimizations with large solution spaces. It is effective for finding global
optima and can statistically guarantee an optimal solution wifitisut optimization timé® The
cost function can be tailored to incorporate aspects ebmbbx optimization techniques, like
complexity regularization and informatikiheory-based scoring, alongside specific restrictions
tailored to the clinical application of the framework, irdihg the performance of the Bayesian

network as a predictive model and the inclusion of mandatory nodes and arcs.
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The cost function used for this framework, outline&quation6.1, includes several terms.
The first term assesses the performance of the current Bayesian network structure as a predictive
model using thé-1 macro scoreThe Fimacros cor e i s t he average of t
identify true positives from both true and false positive predictions (i.e., precision) and to identify
true positives from both true positives and false negatives (i.e., rddaEMBRACE | dataset
has class imbalance, wi#8% r at e of positi ve.Toamensforthisfe cy st i
F1 macro score is used to provide an assessment of classifier performance across all classes
individually, in this case the twolasses are patients with and withgut a d eystitis2and is the
performance metric used to evaluate model quality in this study. TeaEdoscore provides
equal importance to each class and does not favour classes with larger populationsscidne F1
is calculated individually for the positive and negative cases, then the results are averaged to obtain
the F1macroscore. The second cost function term in Equaédnprioritizes adding highly
informative nodes, as defined by the average mutual information per arc in the network. The third
cost function term is a complexity term, penalizing the framework for being overly complex with
a threshold of 30 arc3he weighting coefficientsvereused to account for the differing natural
ranges of the individuaerms andvere manually tuned to first prioritize the predictive accuracy
(first term), then penalize overly complex models (third term), and finally encourage informative

arcs (second term).
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6.1

The general optimization framework is outlined-igure6.1.
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1. Initialize Network Parametersi Initialize step counter k = 1, temperature paramejer 30*

2. Specify Mandatory Arcsi Include known relationships from clinicekperience, literature

3. Calculate Initial Cost i Calculate initial cost value, E(k), using Equat@®ir*

4. Modify Network Structure 7 Update the network by taking an action with associated probabili
a) Add Primary Arc (20%)
b) Add Secondary Arc (45%)
¢) Remove Arc (35%)

5. Check if New Connection is Acceptablé& To ensure illogical connections are not included, che
if the new connection follows a poefined logical sequential order (allowed relationships are outli
in Appendix Q. If not, reject the change and repeat Step 4

6. Calculate New Cosfi Calculate cost value for new network structure, E(k+1) using Equatitin
If New Cost > Old Cost:
I. Accept New Network
[I. Increment k to k+1
[1l. Set Old Cost = New Cost
IV. Repeat from Step 4
Else:

Accept New Network with Probaht

y

00O Q

*xx "0 -
If Accepted:

I. Accept New Network

[Il. Increment k to k+1

[1l. Set Old Cost = New Cost

IV. Repeat from Step 4
If Rejected:

I. Accept New Network

Il. Repeat from Step 4 with new action

Figure6.1: Structure of simulated annealibgsed structure optimization framework that looks to
maximize cost function. *J= Initial temperature parameter controlling how much exploration of
solution space is permitted. **During the cost calculation step, a process of repéaitedrbss
validation, outlined inFigure 6.2, is performed for network tuning. **Cooling schedule T(k)
defined from fast simulated annealing.
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6.4.6 Optimization Framework Comparison

The workflow outlined inFigure 6.2 was followed to generate the simulated annealing
generated Bayesian network structure and this was compared to the structures generated using the
out-of-box algorithms. The data was split into training/validation data (80%) and holdout test data
(20%). Fao the outof-box algorithms, this training data was used in a repeated 10l 6ross
validation process to identify the different best performing structures over different combinations
of training and validation data. For each combination of trainalglation data, an optimal
structure is provided by the eaf-box algorithm. Each of the individually optimal models are
saved and tested over the different creslgdation seeds to get a generalized performance metric.
The model with the highest averggerformance metric (averagéd macroscore) across the 10
x 5-folds was considered the optimal structure for thatofdtox optimization technique. This
process was repeated, once with no restrictions placed on the included risk factors and a second
time including only risk factors selectéat possible direct connections in the simulated annealing
framework. For the simulated annealing process, after an incremental change is made to the
network, the performance of this new network is assessed throsighilar 10 x 5fold cross
validation. The performance metric is then assessed across thesddl@sxad the average value
is used in the cost function outlined Byuation6.1. This process repeats until a final optimal

model is built.

Once the outlined structure optimization technique was complete, the best performing
structure for the oubf-box and simulated annealing algorithms were saved. This structure was
then refit using the full 80% of the training data and tested on the holdott e st i ng dat a.
Q test was used to compare the similarity in the correct and incorrect predictions between the final

outo-fbox and si mul ated annealing model s. Foll ow
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Bonferroni correction was applied to compare performance for each of toéloat algorithms
with the simulated annealing algorithm. Mc Ne

computation time to fit models when compared to the alternative Sosgwalidation®?

In addition to the statistical comparison outlined above, a qualitative assessment of the
different networkstructures was performed. Model complexity was reported including the number
of nodes and arcs present in the network. A general assessment of the logic of the connections was
also performed. To incorporate human knowledge into the simulated annealireyvéndato
ensure logical connections were formed, a series of logical limitations on risk factor connectivity
were established to control permitted parent and child node connections during the simulated
annealing process. These logical limitations were asethe temporal sequence of risk factor
observations. For example, it was forbidden for a dosimsfpie risk factorladder D2c}; which
is observed following treatment, to be an influencing parent node of a diagiypstidsk factor
(FIGO stage at diagnosis), which is observed prior to treatment. These rules, outlined by

individuals with clinical experience, are detailedhippendix C

Test on Hold Out Data

80% - Training/Validation o *

Fit Best Structure to Full Training Set i

SA: For each structure changel

—» 98 Swucturer outofBox Peform Motlemar's e
SA —Score, - Fit Structure; to each Train; (Compare All 0OB, SA Approach)
Shuffle - ?:\38; Structure, - Calculate performance on Va;
Simulated Annealin
Repeat

Times

0 i stroctore with bestscone
- Find structure with best score

Val5 Train5

> sa - Scoresg

OO0B — Structuresg

Figure6.2: Process of structure tuning for the -@ftbox (OOB) and simulated annealing (SA)
optimization algorithms. Stratified data splitting was employed to ensure that outcome

distributions were comparable between the training/validation and testing datasets.
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6.5 Results

Risk factorsthat were identified as potential direct relationships to the target endpoint
(cystitisgradeO 2 ) t h% couetption méetries (i.e. greater than zero) are providdélre
6.1. All risk factors were provided for potential use in the simulated annealing framework, however

only these risk factors were permitted to be directly connected to thedacyeiint

Table 6.2 outlines the performance of the compared Bayesian network structures on the
crossvalidation and holdout testing datasets. Metrics presented atmakweced accuracyl
macro scoregand the ROEAUC. Figure6.3 provides a sample network structure for the Greedy
Hill Climbing out-of-box modelling approach, performed with feature selection. Network
structures for all modelling approaches can be foundppendix C Figure 6.4 provides the
finalized structure from the simulated annealing algorithm. Model complexity is outlifedbia
6.3. The finalized model structure for proctitis is provided\ppendix C

Co c hr atesbwas uQed to compare the differences in model predictions arising from
model structure. It was found that for eftbox models with feature selection, there was a
significant difference between the four models (p = 0.0003 with featurgieale To investigate
which models were contributing to these differentedle6.2 provides the results of the pairwise
Mc Nemar 6 s t eokboxsmodels compared to tne simulated annealing m&awilar

results were found for the proctitis network, and results are provid&gpendix C
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Table6.1: Risk factors identified by th#s correlation metric. These risk factors were permitted
to be directly connected to the target node in the simulated annealing framéwrthlker details
about data type and values for each presented metric are availApjeeindix C

Risk Factor Name %a Correlation Value
EBRT Prescription Dose 0.15
Bladder D2em?® 0.15
EBRT V57Gy 0.14
EBRT V43Gy 0.13
BaselineUrinary Toxicity 0.12
BMI 0.12
EBRT Prescription DosgeQD?2) 0.12
Rectum D2n?® 0.11
TScoreat Brachytherapy 0.10
Age 0.09
Bowel Dxm? 0.09
ICRU Bladder Point 0.08
EBRT Paraaortic Elective Field 0.08
ICRU RectoVaginal Point 0.08
Hydronephrosisit Diagnosis 0.08
Painat Diagnosis 0.06
Bladder DO.tm? 0.06
BrachytherapyApplicator 0.06
Comorbidities 0.05
Sigmoid Dzm? 0.05
Laparoscopic Staging 0.05
ISV V60Gy3 0.04
Local FIGOStage 0.04
WHO Score 0.03
TScoreat Diagnosis 0.02
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ICRU RectoVaginal

Point
Rectum

D2cm?

Bladder
DO.1cm?

ISV V60Gy3

ICRU Bladder Sigmoid EBRT V43Gy

Point D2cm3 Brachytherapy

Applicator

EBRT V57Gy

TScore - Diagnosis
Bowel

TScore - D2cm?

Brachytherapy
Local IGO Comorbidities A0 BMI

Laparoscopic

Hydronephrosis WHQ Score Staging

™ EBRT Prescription
Cystitis Dose
Grade 22

Baseline Urinary
Toxicity

Figure 6.3: Sample oubf-box algorithm (Greedy Hill Climbing) generat&hyesian network

structure with feature selection foystitisgr ade O 2 prediction. Three
connections arkighlighted in blue. For these chains, the logical progression of patient/diagnostic
features to EBRT features to brachytherapy features to dosimetric features to outcomes is not
followed, regardless of chains are followed in the forward or reverse directi

HR-CTV Volume — Fraction 1

TScore - Diagnosis

1SV VB0GyY3
) TU“_"D" Bladder
Dimension Max DO.1cm?
Bladder
Local FIGO D2cm?
oca Involvement ICRU Bladder
Paint Rectum
D2cm?
Laparoscopic EBRT Prescription
Staging Dose e ICRU Rsz‘i(n[):faginal
Grade 22
WHO Score Pain Bowel D2cc

Baseline Urinary
Toxicity

Figure 6.4: Simulated annealing generat@ayesian networlstructure forcystiisgr ade O 2
prediction. Green arcs indicate direct relationships previously identified by Spamgireafo’

Yellow arcs indicate relationships that were identified by Spampatadbthat are related to the
toxicity endpoint through an intercorrelation. The arrows representing the top two strongest

correlations to the toxicity endpoint are bolded.

144



Table6.2: Performance metrics for the eot-box (OOB) algorithms with initial feature selection.

Metrics are presented for the performance on the -s@sg$ation data and the separate holdout

testing dataset. Provideevalues describBic Nemar 6 s test with Bonferro
comparing simulated annealing optimization to the-aftliox algorithms.CLO = ChowLiu
Optimization, TAN = TreeAugmented Naive Bayes, GHC = Greedy Hill Climbing, SA =
Simulated Annealing.

Validation Set Holdout Test Set
Algorithm | Balanced Balanced F1 ROC- p-value
F1M ROC-A
Accuracy acro Oc-AUC Accuracy Macro AUC

CLO 58.5+6.3% 53.2+4.0% 0.58+0.02| 55.9% 51.8% 0.56 0.0559

TAN 81.1+5.1% 65.6+3.5% 0.85+0.07| 63.2% 54.8% 0.66 0.0498

GHC 63.4 +5.3% 48.7+3.1% 0.65+0.07| 58.3% 49.0% 0.55 0.00aL
SA 60.9+5.6% 57.1+3.4% 0.64+0.07] 64.0% 55.9% 0.66 -

Table 6.3: Complexity of each generated model structaoenparing the oubf-box (OOB)
algorithms to the Bayesian network. CLO = Chbir Optimization, TAN = TreeAugmented
Naive Bayes, GHC = Greedy Hill Climbing, SA = Simulated Annealing.

Algorithm Number of Arcs Number of Nodes
ooB CLO 40 41
No Feature TAN 79 41
Selection GHC 43 38
CLO 23 24
oG8 reare  ran s 2
GHC 26 24
SA 18 18

6.6 Discussion

This work highlights the utility of an automatic and customizable simulated anrbaléegl
Bayesian network structure optimization algorithm in comparison to variousf-atx
optimization solutions. By building a custom simulated annealing frameworkyese able to
generate Bayesian networks with comparable predictive performancedblmax optimization
techniques while providing considerable improvements in network interpretability and logic,
which is critical for clinical implementatiorThese optnization techniques represent a critical
step in translating Bayesian network models to prospective desigpport that may be

transparently applied to inform patient treat

145



target for this initial investigation due to the lack of clinical presentation for {gvagte toxicities

(grade 1 cystitis) and lower incidence in the datasetofpigha de t oxi ci ti es (gr a
this developed framework can be adapted to mogl@ltarget endpoints in a streamlined manner

by adjusting the input data accordingly, and an example of such extension to proctitis modelling

is outlined briefly inAppendix C

The scores on the holdout dataset outline@iahle6.2, compared to the crosalidation
scores, can provide information on the model's sensitivity to specific training data and potential
overfitting. For models where the cresalidation performance metrics are higher than the holdout
set performance metrics, this could indicate a model that is very sensitive to dataset splitting. In
Bayesian networks, the conditional probability tables that expressrtibability of an outcome
occurring given certain prexisting conditions become exponentially more complex as the number
of arcs connected to a node increases. For models with many direct connections, the model is
potentially overly complex and has ofieto the data, with each entry in the conditional probability
table being associated with only a small number of data points, leading isemadivity to data
splits and overfitting. Of the models presented, this is most clear for theAliggrented Mive
Bayes (TAN) model. This may be attributed to the structure of the algorithm, as it inherently uses
all risk factors it is provided and makes many connections between included risk factors,
specifying each risk factor must be directly related to thgetaendpoint and one additional risk
factor. As such, performing feature selection in advance appears to be important for the Tree
Augmented Naive Bayes model, as the version that had a smaller subset of risk factors selected
overfit less. For the otheugof-box models, performing feature selection ahead of time does not

appear to drastically change the predictive performance as the same risk factor (hydronephrosis
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andbaseline urinary toxicifyare being directly connected in both the feature selected and non

feature selected models for both Greedy Hill Climbing and GhiomOptimization.

In terms of classification ability (balanced accuracy, F1 macro score;ARI5}, the
simulated annealing model performs comparably to theobbbx models on both the cress
validation and holdout test set. The TA®gmented Naive Bayes model outperfornoedthe
crossvalidation metrics, likely due to its overfitting as this enhanced performance does not
translate into the holdout dataset. The simulated annealing model performs slightly better on a
holdout dataset, particularly when compared to theoatit models (Chowliu Optimization
and Greedy Hill Climbing). When investigating if the way the models were making predictions
was different, the initial Cochran Q test indicated that there was a significant difference between
the models included inthemp ar i son. With the pairwise McNen
annealing and Greedy Hill Climbing models were found to be significantly different in the way

that they were making predictions, with the simulated annealing model performing better.

Beyond achieving comparable or improved performance metrics compared to-tfe out
box optimization techniques, simulated annealing generates a much more simplistic and
interpretable model with the complexity term minimizing the number of arcs and nctietenh
in the network. As such, this model has significantly fewer arcs and nodes than-tdidoxt
optimization techniques, illustrated Trable6.3, increasing model transparency without reducing
the predictive abilities. This is particularly important to aid in clinical adoption, as model
interpretability is important to ensure predictions are safe, accurate, and urbidsktitionally,

a highly interpretable model can allow the user to have a greater level of understanding in how the
model is operating, potentially addressing the challenge of low adoption of developed machine

learning tools in oncolog$?® This improved logic and interpretability was achieved, in part,
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through the inclusion of human input in the optimization through the exclusion of illogical risk
factor connections. The initial limitations on risk factor connectivity were based on the temporal
sequence of risk factor observations. This initial simglisiamework for incorporating human

input can be expanded in cases where more is known about relationships between risk factors and
clinical outcomes. In cases where thexstrong evidence for existing risk factors; such factors

can be manually forcedtm the network through the presented framework, ensuring that critical

clinical insights are retained and emphasized in the model's structure.

Both the outof-box and simulated annealing approachmsvide automatic model
generation, which may be useful when attempting to model complex outcomes or outcomes where
the full scope of influencing factors is not understood. The diaan nature of this optimization
technique allows the user to learn frime structure building process without relying on extensive
clinical knowledge. Additionally, the ability to customize the cost function to reflect individual
goals, such as adjusting the scoring metric to minimize certain undesirable predictionsnteprese
a strength of the simulated annealing approach. The ability to exclude certain improbable
connections from the model also increases its utility. Overall, the presented approach represents a
highly customizable framework to generate more simplistic easder to understand Bayesian

network structures without sacrificing predictive ability.

In future work, we aim to validate and build upon existing evidence surrounding risk factors
and outcomes for cervical cancer patients. Using our developed Bayesian network structure, we
aim to improve understanding of the impact of intercorrelations amgbaunding risk factors on
toxicity outcomes. In addition to understanding compounding risk factors, implementation of this

model clinically could allow for stratification of patients into risk categories based on their unique
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clinical profiles, enabling a patiespecific, adaptive approach to toxicity management and

decisionmaking for treatment.

6.7 Conclusion

The simulated annealidgased optimization framewortepresents a novel method for
automatic Bayesian network structure generation. The ability to incorporate betlridataand
manual structure building techniques paired with a highly tunable cost function represents a
valuable hybrid approach for clinicapplications where known clinical relationships between risk
factors may exist. Compared to aftbox optimization techniques, the simulated annealing
Bayesian networks provide comparable or superior predictive performance while constructing a

more simpe, interpretable network and avoiding illogical connections.
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Chapter 7 - Application of Bayesian Network Late Morbidity Prediction Models to

Enhance Clinical Understanding

7.1 Chapter Overview

Building on the foundational work presentedGhapter 6 this chaptercontinues to explore
how machine learning, specifically Bayesian networks, can provide results that complement and
enhance currergstablished clinical understanding of late toxicitesl their related risk factars
The primary objective of the following work is to leverage the developed cystitis network to
compare results with established clinical trends and guidelines derived from conventional
statistics. This comparative analysis aims to validate the reliabiity wility of Bayesian
networks in a clinical context. This approach reinforces the potential of machine learning models
to align with and expand upon tiidnal clinical knowledge.

Several suhinvestigations are presented to validate different aspects and relationships
identified in the Bayesian network. First, we aim to complaeediscretization of dose bins in the
Bayesian network to established dose stratification guidelines from the EMBRACE study. This
comparison not only wvalidates the Bayesian
evidence for updating and refiniegisting dose stratification guidelines. Second, we use SEM to
assess the strength and significance eattiatships in the Bayesian network. This analysis serves
to support existing known risk factors, to supplement these existing known risk factors with
strengths to provide further information on which of these risk factors may be most clinically
significant and to identify previously unidentified risk factohs.addition to exploration of these
relationships, we will examine the impact of cerdpecific biasedrom the multiinstitutional
EMBRACE datasetnd its influence on the predictive performance adhracteristics of our

models Finally, we will investigate how Bayesian networks can be used to stratify patients by risk
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at different points in the treatment proce€air goal is to move towards adaptive treatment
approaches for patients by stratifying them based on their risk at different points in the treatment
process. This approach has the potential to improve patient care strategies and outcomes by
tailoring treatnents to individual patient needs.
This chapterepresents work currently in progresspe compiled as manuscripfor peer

reviewed publication.
7.2 Discretization and Established Risk Thresholds
7.2.1 Motivation

The process of discretizing continuous variables into categorical variables is a critical pre
processing step when developing Bayesian networks. Discretization not only aids in managing
computational complexity but can also significantly influence theopmince of the developed
model?33234Djscretization techniques that consitlee distribution of the data and its relation to
the target variable can improve model accuracy by better capturing the underlying relationships
within the data.

In the context of analyzinghe treatment planning guidelines from tiEVIBRACE |
clinical trial, discretizatiorserves as a valuable tool within the Bayesian network for segmenting
continuous dose metrics into discrete categories that are related to toxicity risk. For example,
current EMBRACE | planning guidelines indicate tf@atbladder D2c&QD2, the planning aim
is < 80 Gyand the dose limit is <90 Gy, with movement into the e level associated with
an increase in toxicity risk® A given Bayesian network may also discretize the supplied
continuous dose risk factors into categories associated with an increased risk of toxicity, but the
datadriven nature of these approaches may yield divisions that differ from the established 80 Gy

and 90 Gy divisionsBy comparing these discretized dose categories auithent established
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treatment planning aims and dose limits we can eval uat e undéarlgingBay e s

parametersagainst welknown clinical guidelines Such comparisons not only help assess the
network's accuracy and reliability but also provide a framework for refining treatment guidelines
based on modeled predictions, potentially leading to improved patient care strategies and
outcomes.

7.2.2 Materials and Methods

Using the dataset outlined 64.17 EMBRACE Datasetvarious predefined automatic
discretization methods provided by the PyAgrum packageythion were investigated to identify
the impact ofrisk factor discretization andatabinning on model predictive accuraé$f To
determine which automatic discretization method performs best on our dataset, different
combinations of discretization parameters were tested usingwaltdationto identify an optimal
technique.

Once the initial comparison of automatic discretization methods was complete, the next
step was to compare the bins defined by the automatic discretization method to established
stratifications of these same risk factors in literati@. this investigation, we were primarily
interested in comparing the discretization of the OAR doses, focusing loladder D2ccrectum
D2cc, andbowel D2cc, with established planning aims and dose limits that exist from the
EMBRACE | clinical trial, referenced iMable 2.4 and with only the relevant OAR metrics
reproduced imTable7.1.43

In addition, we investigated thmpact of not employing automatic discretization methods
for the doses, instead manually setting the bin edges to reflect established planning aims and dose
limits. Changes to model performance were assessed based owatidestson performance

metrics to avoid biasing the model to the holdout dataset, however performance on the holdout
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dataset was also reportédl analysis was performed with tloystitisBayesian network structure

outlined inFigure6.4 and reproduced in this chapterragure7.1 for reference

HR-CTV Volume — Fraction 1

TScore - Diagnosis
ISV V60Gy3

) Tu r?'mr Bladder
Dimension Max DO.1cm?

Vagina
Involvement

Bladder
D2cm?

Local FIGO ICRU Bladder

Point Rectum

D2cm?

EBRT Prescription
Staging Dose Cystitis ICRU RectoVaginal

Point
Grade =2 ot
WHO Score Pain Bowel D2cc

Baseline Urinary
Toxicity

Figure7.1: Reproduction ofigure6.4, illustrating thesimulated annealing generated Bayesian
network structure for cystitis grade O 2 pr
previously identified by Spampinagbal.”*” Yellow arcs indicate relationships that were identified

by Spampinatcet al that are related to the toxicity endpoint through an intercorrelation. The
arrows representing the top two strongest correlations to the toxicity endpoint are bolded.

Table7.1: Planning aims (soft constraints) and prescribed dose limits ¢basdraints) for OARs
in cervical brachytherapy treatment planning. EQD2 includes 45 Gy/25 fractions delivered by
EBRT.

OAR Doses (EQD?2)

Bladder Rectum Recto Sigmoid Bowel
D2cc D2cc Vaginal D2cc D2cc

<80 Gy <65 Gy <65 Gy <70 Gy <70 Gy

Planning Aims
(Soft Constraints)
Dose Limits

(Hard Constraints)| <0Gy <76y  <75Gy  <75CGy  <75Cy

7.2.3 Results
Table7.2 outlines the impact on predictive performance that arises as a result of modifying
the parameters for automatic discretization using PyAgrum. Different combinations of

discretization strategies were investigated for both continuous and disisketiactors For
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discrete risk factors, the discretization process simply combines existing categorical data into a
smaller number of bins. For example, if the values for the risk fpaeincan beno pain(0), pain
T treated with noropioid medicatior{l), andpaini treatedwith opioid medicationg2), this could
be seen as three categories overall, or could further be condensaal jr@io(0) or paini treated

with any medicatiorl).

The best performingliscretizationmethod for continuous variables was the KMeans
method. The KMeans discretization technique uses a clustering approdefin®bins, and
addresses some of the weaknesses associated with ursfogn or quantile discretization.
Uniform discretization struggles with generalizing to data with outliersgaadtilediscretization
is sensitive to multiple data points with the same valti@he discretization method used
condense the number of statesdimcrete variables is somewhat important, with no discretization
resulting in slightly higher balanced accuraepmd similar ROGAUC and recall scores
Conversely, the 2 bin split meth¢cbmbining all possible states int@up3 results in a higher

precision and Finacro score.

Although the KMeans method with 3 bins resulted in the best performance mewias, i
observed that the CP1ar the discretization methods using more bins contained more entries with
missing data. Thesmissing entriesvere imputedautomaticallyusing a 50%/50% probabilityf
observing the target outcomehich could skewnodelperformance. It is hypothesized that the
recall for the KMeans 3 bin discretization method is artificially inflated dulkdse sparse CPTs
resulting in an oveprediction of positive caseAs such, the simpler 2 bin model was selected to

avoid any biasing ahe model towards ovearedicting positives due to missing data in the CPTs.
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Table 7.2: Crossvalidation performance results for various automatic discretization methods.
Scores on the holdout dataset are shown in parentidis.highlighted in green represent the
highest metrics achieved by any combination of discretization parameters, with cells highlighted
in orangeachieving the secondbest performance. Cells highlighted in red had the lowest

performance.

Variable Type

5-Fold CrossValidation Scores
(Holdout Scores)

Continuous Discrete Ealanced F1Macro | poc.auc | Precision Recall
ccuracy Score

None 60.9 £ 5.6%| 57.1+3.5% | 63.7 £ 7.0%| 19.7 +4.2% | 37.3 £ 11.2%

KMeans (64.0%) (55.9%) (66.0%) (18.0%) (50.0)

3 Bin Split 60.8 + 7.0%| 58.0 £ 5.1%| 62.8 +8.7%| 21.3+7.0% | 35.0 £ 13.1%
2 Bins (62.8%) (56.6%) (67.0%) (18.6%) (44.4%)
None 54.7 + 5.3%| 56.0 + 6.6%]| 63.2 + 7.2%]| 30.4 £26.2% | 16.4 + 7.0%

KMeans (61.2%) (62.1%) (65.5%) (33.3%) (27.8%)

2 Bin Split 56.7 +5.2%)| 58.4 +6.1%| 63.6 + 6.1%| 38.2 + 23.7%| 18.8 +7.0%
2 Bins (59.0%) (60.4%) (66.2%) (33.3%) (22.2%)

_ None 55.8 +3.7%| 51.0 + 2.3%]| 58.5+2.2%| 13.2+2.2% | 36.1+7.2%

Quantile (59.6%) (52.5%) (59.7%) (14.6%) (44.4%)

3 Bin Split 56.8 +3.7%)| 52.3 + 2.6%| 60.4 +6.5%| 14.4+2.6% | 36.1+6.2%
2 Bins (60.4%) (53.4%) (60.4%) (15.4%) (44.4%)
None 54.8 + 2.3%| 55.6 + 2.9%| 60.5 + 1.6%| 36.5 + 32.2%| 15.1 +4.6%

Quantile (54.6%) (54.7%) (71.1%) (17.7%) (16.7%)

2 Bin Split 53.0 £ 2.2%| 53.8 + 3.1%]| 62.2 + 3.0%]| 36.2 + 33.6%| 10.5 +2.3%
2 Bins (55.7%) (56.4%) (72.2%) (23.1%) (16.7%)
None 55.5+1.8%| 55.5+1.8%)| 58.1 +3.8%| 22.2+6.3% | 18.6 +5.6%

Uniform (55.7%) (56.4%) (61.0%) (23.1%) (16.7%)

3 Bin Split 54.6 + 2.7%| 55.0 + 3.3%| 57.0 £ 3.6%| 24.1+8.9% | 15.0+£6.8%
2 Bins (53.4%) (54.0%) (63.6%) (20.0%) (11.1%)
None 49.9 £ 2.2%| 49.0 £ 3.0%| 61.3+5.0% 6.9+8.6% | 3.5+4.7%

Uniform (51.7%) (51.6%) (62.8%) (20.0%) (5.6%)

2 Bin Split 50.3+1.9% | 49.2+2.9%| 62.5+3.7%| 6.4+88% | 3.5%4.7%
2 Bins (40.2%) (47.3%) (60.6%) (0.00%) (0.00%)

Next, we compared thbins automatically defined by the best performing discretization

method(ContinuousKMeans, 2 binsDiscrete Split, 2 bing to the establisheleatment planning

guidelinesoutlined inTable7.1. These results are presentedable7.3. In general, the ranges

identified by the Bayesian network align with the planning aims under the EMBRACE guidelines,

particularlyfor thebladder D2cd O 7 6

Gy

v e arsliegumd8cq OG\3) Gy

ver sus

Gy). However, the range identified for thwel D2cc is much lowethan the corresponding

EMBRACEpI| anni ng

ai

m

( O5 9ThiSmay suggest thahe ptainthg aBy )
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threshold for bowel dosis lower than originallydentifiedin literature potentially motivating a
more conservative approaghth guidelines that more closely align with those for rectal dose
However, these bins may also be overly sensitive, motivating the need to investigate any

improvements offered by manually setting EMBRACE guidelines as the bin edges.

Table7.3: Bin edges defined by automatic discretization (Continuous: KMeans, 2 bins, Discrete:
Split, 2 bins) compared to EMBRACE treatment planning aims and dose liRutsthe
EMBRACE divisions, the green cells indicate doses below the planning aim. Orange indicates
doses higher than the planning aim but lower than the dose limit, and red indicates doses above
the dose limits. For the Bayesian network, green cells septehe low risk group and red cells
represent the high risk group.

Method Bladder D2cc(Gy) Rectum D2cc (Gy) Bowel D2cc (Gy)

BayesNet 076 >76 063 >63 059 >59

EMBRACE| <80 |8090| O90 <65 |6575| O79 <70 |7075| O75

Finally, we adjusted the bin edges for iheludeddoserisk factors pladder D2ccrectum
D2cc, bowel D2cc)to conform to the specifiethresholdsoutlined in the EMBRACHreatment
planning guidelinesResults are illustrated ihable7.4. As the automatic discretizationethod
uses two bingContinuous: KMeans, 2 bins, Discrete: Split, 2 barsj the EMBRACE guidelines
are stratified into three levefplit by the planning aims and the dose limite conducted two
separate runs to aligadl OAR dose bingvith both the loweplanning aimsand the highedose
limits. Finally, we investigated the impactafjustingonly the OAR dose bins that already aligned
closely with EMBRACE planning aimisthe bladder D2candrectumD2cci then investigated
only adjusting the OAR dose bins foowel D2cc, which did not show good agreeménterall,
it was found that maintaining alignment closer to the EMBRACE planning aastead ofthe
higherdosdimits resulted in better model performan@éis suggests that tldéscretizatiorbased

on these guidelines more accurately refi¢loe true trends in cystitis occurrence. As wills
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closeralignment enhanced the precision and recall metrics, suggesting a higher likelihood of
accurately predicting true positive cases while reducing false negatives. Converselges
where there were only small differendestweenthe automatically defined bins derived through
datadriven optimizationrand EMBRACE planning aims, smaller reductions in predictive ability
were observedThis degradation in performance reflects the challenge of balancing clinically
driven guidelines with the underlying s&tical patterns present in the data.

These results highlight that while clinical guidelines may provide a framework for setting
discretization thresholds, it is also important to maintain-daten insights. The presented
Bayesian network aligns well with the current clinical guidelines for bladder and rectum planning
aims, however, it does not accurately reflect the planning finbowel dose. Part of this may be
attributed to the lack of rigorous dose guidelines for the bowel due to a lack of significant
correlation between D2cc measurements for bowel and morbidity from the EMBRACE 1 trial,
attributed partially to the mobilitgf the bowel** However, based on the assumption that the bowel
is more radiosensitive than the rectum, it was identified that clinical effects could arise from doses
around 6670 Gy more closely in line with the datdriven bins. Overall, the discretization
methods used effectively align with EMBRACE treatment planning guidelines for bladder and
rectum planning aims and holds the potential to provide additional data that coulatelabor
dose effects for organs like the bowel, where current evidence is less robust. Future work will

incorporate expert input to tune these boundaries further to attempt to maximize performance.
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Table 7.4: Bayesian network predictive performance with adjusted dose bins from EMBRACE
planning aims. Bold values in the dose stratification column indpateing aims or dose limits
takenfrom the EMBRACE clinical trial.Scores on the holdout dataset are shown in parenthesis.

Discretization
Bin Divisions

5-Fold CrossValidation Scores
(Holdout Scores)

Balanced
Accuracy

F1 Macro
Score

ROC-AUC

Precision

Recall

Bladder
076 Gy,
Rectum
063 Gy,
Bowel
059 Gy,

56.7 +5.2%
(59.0%)

58.4 + 6.1%
(60.4%)

63.6 + 6.1%
(66.2%)

38.2£23.7%

(33.3%)

18.8 + 7.0%
(22.2%)

Bladder
080 Gy,
Rectum
065 Gy,
Bowel
070 Gy,

52.4+ 34%
(61.26)

52.7+ 4.7%
(62.19%)

56.7+ 6.5%
(71.19%)

20.9+ 16.5%
(33.3%)

8.2+ 6.0%
(27.9%)

Bladder
090 Gy,
Rectum
075 Gy,
Bowel
075 Gy,

49.8+ 1.1%
(54.2%)

48.1+ 1.8%
(55.3%)

61.1+5.8%
(60.29%)

4.0+ 8.0%
(28.60%)

1.2+ 2.0%
(11.1%)

Bladder
076 Gy,
Rectum
063 Gy,
Bowel
070 Gy,

53.9+ 1.8%
(57.4%)

54.9+ 2.6%
(57.8%)

58.0+ 7.3%
(61.3%)

339+ 18.3%
(22.26)

10.5+ 2.5%
(22.2%6)

Bladder
080 Gy,
Rectum
065 Gy,
Bowel
059 Gy,

55.1+ 4.5%
(55.0%)

55.8+ 5.7%
(56.8%)

58.6+ 6.2%
(68.5%)

27.8+ 14.9%
(50.0%)

14.1+ 9.6%
(11.19%)
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7.3 Network Pruning and Risk Factor Strength with Structural Equation Modelling

7.3.1 Motivation

Using SEM in combination with an established Bayesian network structure can provide
insight into the strength of the relationships identified in the Bayesian network development
process, while also validating the established causal pathways by associating a strength and
statistical significance with the established connectiguslitionally, using this combination of
statistical methodsan inform the pruning of the Bayesian network by identifying weak or non
significantrisk factor relationshipthat do not contribute to the understanding of clinical outcomes.
This is crucial when comparing model predictions to established results from the EMBRACE trial,
as it ensures that the Bayesian network focus#seostrongegisk factorrelationshipsenhancing
its relevance and utility in clinical decisionaking. Pruning based awsk factorrelationship
strength helpseducemodelcomplexiy, making it more interpretable and practically applicable
In summary, combining SEM with Bayesian networks leverages the strengths of both methods to

build more accurate, robust, and clinically relevant models

7.3.2 Materials and Methods

Risk factor strength was assesssihg the dataset outlined®.1i EMBRACE Dataset
and the Bayesian network structure outlinedrigure7.1. Thesemopypackage for Python was
used to conduct th8EM.2% A structural model was built using the established Bayesian network
structure to investigate the strength between the diffeigntactors includedan the model. The
path coefficients provided by the structural model represent the strength and direction of the
relationships between the variables, similar to the regression coefficients in a multiple regression
model.Path coefficients take on values between and +B, with | arger absc

strong relationshipsVhen standardized, path coefficients generally take on values betiveah

159



+1, with larger coefficients being indicative of significant intercorrelafwsitive values suggest
a direct relationship where increases in one risk factor are associated with increases in another,
while negative values indicate an inverse relationshiygse coefficients were used to compare
riskf a c tingortan@e to those outlined in literature. In addition, risk factors previously identified
in literature through conventional statistical methods that were not included in the Bayesian
network as pdrof the optimization process were added to $#M and Bayesian netwotk
investigate if a potentially important relationship was initially missed.
7.3.3 Results

The structural model for cystitis prediction is showrigure 7.2 with the relevant path
coefficients and jwalues outlined for direct relationships and intercorrelatioriBainle 7.5 and
Table7.7, respectively Eacharc in the modek associated with a corresponding path coefficient
and pvalue. Through this investigation, the strongest direct risk factors were foungamtsnd
baseline urinary toxicityBaseline toxicity was previously identified as a statistically significant
risk factor by Spampinatet al?*’ Bladder D2calemonstrated the strongest relationship out of the
dosimetricrisk factors again in line with the results found by Spampireital >’ Here, small p
values indicate a low probability that the observed relationship is due to random chance, suggesting
evidence of a true relationship between risk factors. Although the small path coefficients may
imply that the linear relationships betweer tlisk factors are weak, several of the variables
including bladder D2cchave a comparatively high mutual information score, which is better at
expressing complex, ndimear relationships between these variables. In combination, this could
show that the relationship betwebladder D2ccand cystitis is significant, although it is more
complex than a simple linear relationshiRectum D2cc, TScore aiagnosis, and EBRT

prescriptiondose were identified as potentially unimportant disetlated risk factor§p-value >
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0.05) that coulgotentiallybe prunedrom the model Table 7.6 outlines the impact on model

performance of pruning the various directly connecigdfactors

Tumour
Dimension Max A4.042

p-val: <0.001 HR-CTV Volume — Fraction 1

TScore - Diagnosis 3.107
p-val: <0.001
0.007
Bladder
0.103 p-val: 0.456 DO.1cm?
p-val: <0.001
1.195
Local FIGO 0.063 p-val: <0.001
0|'0<108001 p-val: <0.001
p-val: <0.
ICRU Bladder

Paint

Bladder 0.983

Vagina

Involvement DL p-val: <0.001
Laparoscopic Rect
o ectum
Staging 0.008 D2crm?
p-val: <0.001
-1.415 EBRT Prescription 0.891
p-val: <0.001 Dose p-val: <0.001
0.003
0.009 e (=
p-val: 0.436 Cystitis G2 p-val: 0.398 ICRU RectoVaginal
o [y Point
0.237 0.286
p-val: <0.001 [y val: <0.001
Pain 0.004 sowel
Baseline Urinary ‘ 2y
Tonicity p-val: 0.050
0.407
WHO Score p-val: <0.001

Figure7.2: Structural model built from the developed Bayesian network cystitis prediction model.
Pathcoefficients are presented with their associatedlpe.
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Table7.5: Directly connectedisk factorswith their corresponding path coefficient andadue,

presented with the mutual information value (in bits) between the featureyarglt i t i.s gr ade
Directly ConnectedRisk Factor Pqth P-Value Mutual Information
Coefficient

Baseline Urinaryl oxicity 0.286 <0.001 0.025

Pain 0.237 <0.001 0.027

TScorei Diagnosis 0.007 0.456 0.42

Bladder D2cc 0.0(8 <0.001 1.003

Bowel D2cc 0.004 0.050 0.745

EBRT Prescription Dose 0.0 0.436 0.041

Rectum D2cc 0.003 0.398 1.031

Table7.6: Impact of pruning directly connecteigk factorson predictive accurackpr the grade
02 cy st ivValuespresentddanlbold represent the highest value for that performance metric
on the croswalidation dataset. Scores on the holdout dataset are shown in pareinegisst

row, O Al | shavatheuafeeencé performance with no ablasédfactors
: 5-Fold CrossValidation Scores
Do ik (Hoou Score)
Balanced F1 Macro .
Factor Accuracy Score ROC-AUC Precision Recall
56.7+52% 584+6.1% 63.6x6.1% 38.2+23.7% 18.8=x7.0%
All Features N 0 0 0
(59.0%) (60.4%) (66.2%) (33.3%) (22.2%)
Baseline Urinary 54.3+25% 555+3.6% 629+6.2% 425+18.3% 10.5+4.5%
Toxicity (54.5%) (55.7%) (65.1%) (33.3%) (11.11%)
Pain 542+3.0% 542+40% 61.3+7.3% 354+33.9% 11.6+8.3%
(56.7%) (58.4%) (67.1%) (33.3%) (16.7%)
TScorei Diagnosis 53.8+1.8% 54.8+2.6% 63.7+£59% 50.5+£30.2% 9.4+3.0%
9 (53.9%) (54.8%) (75.7%) (25.0%) (11.1%)
Bladder D2cc 492+1.8% 47.8+2.1% 585+86% 4.0+8.0% 1.2+2.4%
(54.5%) (55.7%) (60.8%) (33.3%) (11.1%)
Bowel D2cc 520+ 1.7% 51.7+29% 63.2+6.1% 199+13.1% 58+3.7%
(54.5%) (55.7%) (56.9%) (33.3%) (11.1%)
EBRT Prescription 51.8+27% 52.0+35% 62.1+9.9% 509+421% 5.9+3.7%
Dose (55.0%) (56.8%) (69.2%) (50.0%) (11.1%)
Rectum D2cc 524 +32% 53.0+43% 64.2x7.5% 50.7+41.7% 7.1+x4.4%
(52.5%) (52.7%) (62.3%) (50.0%) (5.6%)

From therisk factor ablation investigationTable 7.6), it was found that the most
significant reductionsn predictive ability came from removingadder D2ccas it negatively
impacted allperformancemetrics. As bladder D2ccis a known risk factor for cystitd; its

significant role in the model is expected and supports that the model is making decisions based on
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important clinical factors. Removal of the lowest strenigtk factorsdentified by SEMi TScore
at diagnosis, EBRTprescriptiondose andrectumD2cci all led to significantly reduced recall
scores. This suggests that theisé& factors even if weaklycorrelated do provide value when
attempting to identify true positive cases. The corresponding increase in precision supports this,
as the model is making fewer positive predictions overall, leading to fewer false positives
(increasing precision) but aldewer true positives (decreasing recall). Overall, these results have
identified a tradeoff between recall and precision in the modekhile removingrisk factors
improves precision, it is detrimental to recall. For potential clinical use as an interventional tool to
identify atrisk patients and adapt their treatment, a higher recall score may be the priority as it
ensures that true positive cases are identifieeln at the expense of accepting some false positives.
In addition to direct relationshipstreng intercorrelations were identified between
dosimetricrisk factors shown inTable7.7, with path coefficients much larger than those for direct
risk factor relationshipBladder D2cds strongly correlated with other bladd#se risk factors
T both bladder DO.1cc and the ICRhbladderpoint dose. Metrics related to the tumour size at
diagnosis were also strongly correlatediScore adiagnosismaximum tumour dimensigrand
local FIGO stageall incorporate measures of physical tumour size. Additionally, theCHR
volume at fraction 1, representative of the tumour size partway through treatpréot to
brachytherapyis correlated to the Isodose Surface Volul8¥§ V60Gy, the volume that receives
a dose of 60 Gy. The ISV can be representative of disease extent and the overall volume of the
body treatedOverall, resultsrom this SEM investigatiodemonstrate that the Bayesian network
optimization framework produces logical and strong intercorrelationsallitie intercorrelations

having a significant ywalue (<0.01).
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Table 7.7: Intercorrelatedrisk factorswith their corresponding path coefficient ane/adue,
presented with the mutual information value (in bits) betweerngkéactorandg r a d aystit(a 2

First Risk Factor SecondRisk Factor Pqth P-Value Mutua]
Coefficient Information

TScore- Diagnosis Tumour Dimension Max 4.042 <0.001 0.567
HRCTV Volume-

. ISV V60Gy3 3.107 <0.001 8.005
Fraction 1
Bladder D2cc Bladder DO.1cc 1.195 <0.001 9435
Bladder D2cc ICRU Bladder Point 0.9.83 <0.001 9428
Rectum D2cc ICRU RectoVaginal Point 0.891 <0.001 9490
WHO Score Pain 0.407 <0.001 0.063
TScore- Diagnosis Local FIGO Binary 0.1(8 <0.001 0.326
ISV V60Gy3 Bladder D2cc 0.063 <0.001 9.081
TScore- Diagnosis Vagina Involvement 0.018 <0.001 0.073

Laparoscopic Staging EBRT Prescription Dose -1.415 <0.001 0.126

Finally, ageand BMI were identified by Spampinagt al. as being risk factors for grade
2 or higher cystitis but were not included in the automatic structure optimization for our Bayesian
network?!’ Structural models were used to assetiseiéedirect relationships were significant for
theserisk factorsand models were +#t with these additionatisk factorsto quantify the impact
on various performance metrics, showrTable7.8. SEM found that th@ath coefficients were
0.003 forage(p-value = 0.00) and 0.024 for BMI {glue = 0.03)These path coefficients were
again small and generally similar in magnitude to the path coefficients for existing directly
connected risk factors shown Trable 7.5, indicating that they are not exceptionally strong
connections The inclusion of theseisk factorsdid not significantly improve or worsen any
metrics, however there was a slight improvement in recall for the addition cadpestmd BMI,
indicating that provided there is sufficient data to populate the CPTs without excessive imputation,

there may be value in including thessk factorsas direct relationships.
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Table 7.8: Impact of addinditerature identifieddirectly connectedisk factorson predictive
accuracyf or t he gr ad e Vadés presgraet in bold sepresentteel highest value for
that performance metric on tleeossvalidationdatasetScores on the holdout dataset are shown
in parenthesisThe firstroy 6 Al 1sd shaava theurefeeence performance with no adasd
factors

5-Fold CrossValidation Scores

Added (Holdout Scores)

Risk Factor Ealanced F1 Macro ROC-AUC Precision Recall
ccuracy Score

All Features 56.7+5.2% 584+6.1% 63.6+6.1% 38.2+23.7% 18.8+7.0%
(59.0%) (60.4%) (66.2%) (33.3%) (22.2%)

Age (Direct) 56.8x7.6% 564+65% 60.0x6.2% 21.9+9.9% 24.6x+11.5%
(58.0%) (56.3%) (62.8%) (18.5%) (27.8%)

BMI (Direct) 56.4x7.1% 540+£54% 62.3x54% 16.0£6.7% 29.2+12.5%
(62.3%) (55.9%) (66.3%) (17.8%) (44.4%)

In summary, this work has identified the most significant risk factors for cystitis, as
identified by the Bayesian netwoskructure combined witpreliminarySEM, asbaseline urinary
toxicity, bladder D2c¢cbowel D2cc, angain. Notably, bottbaselinetoxicity andbladder D2cc
have been previously recognized in the literature as significant risk factors, supporting our
findings. Future work will involve more comprehensive modeling with SEM, as there are several
alternatives t@emay that offer more extensive modelling capabilities. Additionaliyufe work
will involve a more rigorous examination of additional intercorrelations to enhance predictive
accuracy when observations are incomplatel all direct rik factors cannot be observed
Particularly, more work will be performed to identify if risk factors identified in literature such as
age and BMI might be integrated into the model through intercorrelations. Additional
investigations will also assess whether directly connectedrastactors such abladder D2cc
and rectum D2cc, can be exchanged for their ICRU point doses or DO0.1cc values as direct

relationships to identify which of these metrics are most important for toxicity prediction.
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7.4 Impact of Treatment Centre Bias

7.4.1 Motivation

Cente bias is an important consideration when dealing with rmstitutional data, as
differences irpatient population demographicgnte practice andtoxicity reporting can create
different patternsof toxicity. Assessing for cerdrbias using a Bayesian network involves
leveraging the network's structure and CPTs to identify and quantify variatitmsaity andrisk
factor characteristicaicross different cancer centres. Understanding edmds is crucial in
networks for several reasons. First, it assesses the generalizability of the model across different
settings. A model that fails to account for centre bias may perform well for some centres and poorly
for others, limiting its usefulness broader clinical applications. Coersely, identifying cemg
bias can uncover variations in care that may lead to disparities in patient outcomes, guiding efforts

to standardize care and improve overall treatment quality.

7.4.2 Materials and Methods

Centre bias was assessed using the dataset outlifetili EMBRACE Dataseand the
Bayesian network structure outlinedrigure?.1. Discretization settingom 7.2 - Discretization
and Established Risk Thresholdsre used.

First, unsupervised machine learning methods were used to group similar centres together
based on their patient and treatment characteristics. We first utilized Principal Component
Analysis PCA), a statistical technique used for dimensionality reducB&@A transforms a large
set of variables into two new, orthogonal variables called principal components. Principal
components are normalized linear combinations of the initial variables which still comtsirof

the information of the full seThe directions of the principal components are found by identifying
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the direction that captures the highest variance in the'®#aRCA was used taid in the
visualization of clustering, witRigure7.4 depicting the centre clusters.

To effectively cluster centres based on similarity, we first condensed individual patient
data into representative centre data by aggregating numeric features using the mean and encoding
categorical features using the mode. This was done to identify whineshad the most similar
patients overall without focusing on classifying individual patients into clustel®wing PCA,
KMeans clustering was employed to identify clusters of similar centres within the data. KMeans
clustering is a centroidased clatering technique that works by specifying a number of clusters
to divide the data into, then iteratively moving the centroids of these clusters to mininviziathe
cluster variancé*® To determine the optimal number of clusters, we employed the elbow method,
which involves plotting thélistortionscore against the number of clusters and looking for a 'kink'
or 'elbow' in the graplshown inFigure 7.3. This point indicates the number of clusters that
balances intra&luster compactness and intduster separation. The distortion score is commonly
used to evaluate the compactness of the clusters, and is also known as thelugitbirsum of

squaresand is defined as:

wTAOH & 6 i O YN 6 wi Qi m A

7.1

whereQis the number of cluster§, is the set of points belonging to clusi@ois a data
point in clusterQ)’ is the centroid of the clust&igenerally the mean of the pointsdn. The
Ay ‘& termis the squared Euclidean distance between a point in a cluster and the centroid of
its cluster.After the optimal number of clusters was identified, the KMeans algorithm was run

over several random seeds to verify the stability of the clustering process.
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Following this identification of similar centres, the optimization framework outlined in
Chapter 6was applied tselectcentre grouping resulting in individual models developed for
each similar cluster of centres. The performance of these unique,-seatiic models was
compared to the model generated using all centre data.

Finally, a similarity assessment was performetutther investigate which of the features
vary the mosamongcentres in the dataset. This analysis was done to identify any potential areas
of bias or centre specific trends. For each centrajiitiebutionof data was tested to determine if
the data follows a normal distribution according to the Shapiitks test. The distributions were
then compared for a given risk factor between pairs of centres to identify where significant
differences in risk facts occur. If the data was normally distributed, similarity was determined
using a itest. If the data was nemormal, similarity was determined using the Maithitney U
test.

7.4.3 Results

The plot illustrating thelbow methods shown inFigure7.3. Although theslbowis sloped
on the graph, visual inspection was used to identify nine clusters for KMeans modelling. With the
ideal number of clusters identified, KMeans modelling was performed to identify the different

clusters of centres in the full dataset.
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Elbow Method for Determining Optimal k
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Figure7.3: Plot employing the elbow method to determine the optimal number of clusters, k, for
KMeans clustering. The distortion score was used as the scoring metric to determine the number
of clusters.
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Figure 7.4 shows the different clusters identified by the KMeans model. From this plot,
there are three clear outlier centieKaposvar, Pamplona, and Chandigarh. Using these centre
clusters additional Bayesian network models werauitngthe methodology outlined i@hapter
6 to develop centre groupirgpecific models to investigate if this improved model quality by
removing noisy datar-ive centre clusters with varying dataset sizes and percentage of positive
instances weraitially selected and the results of the creabdated testing and holdout dataset
performance are shown Trable7.9. Other centre clusters were excluded from initial modelling

due to insufficient dataset size or a low number of positive cases.

Cluster of Centres

2
I British Columbia, Milwaukee, Oslo

° P Pamplona

Cluster

Kaposvar

PCA Component 2

| Amsterdam, Leiden, Maastricht,
Utrecht

Chandigarh

—a . - Arnheim, Trondheim

PCA Component 1

Figure7.4: Clustering of the 23 treatment centres into nine groups using KMeans clust
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Table 7.9: Performance metrics fdive different centre clustespecific modelsThe first row
contains the original model developedGhapter 6which contained all centres, as a reference.
The dataset size and number of positive cagas & d e  O)2are also given fori each model.
Scores on the holdout dataset are shown in parenthesis.

5-Fold CrossValidation Scores
D Size % (Holdout Scores)
Pos. Ealanced F1 Macro ROC-AUC Precision Recall
ccuracy Score

Al 1153 9.4% 56.7+5.2% 584+6.1% 63.6+6.1% 38.2+£23.7% 18.8+7.0%
' (59.0%) (60.4%) (66.2%) (33.3%) (22.2%)

1 167 13.8% 67.2+16.4% 63.7+11.9% 69.3+16.8% 34.5+14.0% 48.3+30.5%
' (66.3%) (67.7%) (58.9%) (50.0%) (40.0%)

2 106 7.9% 52.7+5.1% 53.0+5.8% 66.0£6.2% 17.9+18.6% 11.3+9.3%
' (57.6%) (60.4%) (51.7%) (50.0%) (16.7%)

3 72 15.3% 56.8+7.9% 53.8+7.5% 64.3+7.2% 18.3+15.3% 30.0=*24.5%
' (70.8%) (70.8%) (93.8%) (50.0%) (50.0%)

4 86 22.1% 63.5+9.8% 61.1+9.8% 73.4+14.6% 38.0+15.4% 53.3+16.3%
' (64.3%) (63.0%) (60.7%) (40.0%) (50.0%)

8 185  7.6% 61.0+8.6% 559+6.7% 74.3+11.5% 17.5+11.3% 36.7+19.4%
' (60.7%) (59.2%) (74.0%) (25.0%) (33.3%)

In all cases, fitting a centre clustgpecific model either enhanced or resulted in
comparable performance metrics for balanced accuraayaEfo score and the RQEUC when
compared to the model developedGhapter 6that used all centre$n general, centre clusters
with a higher overall percentage of positive instances in the dataset resulted in more balanced
precision and recall scores that are significantly higher than when modelling the individual dataset
overall. For these centre$iet higher incidence of toxicity may be contributing to CPTs that are
more complete andhore representative of thenderlying data distributionsSpecifically, the
models for Clusters 1 andpé&rformed well, with precision and recall scores exceeding all other
centre groupingsThis suggest that variations in center practices or characteristics significantly
influence model performancand centre bias should further be investigated by identifying which

metrics are drivinghese differences performanceBy identifying and understanding these
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metrics, we can better account for cerdpecific influences, ultimately enhancing the

generalizability and accuracy of models in a clinical setting.

TScore at Diagnosis Similarity Between Centres
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Figure 7.5. Sample centre similarity plot for TScore at Diagnosis. Centres with statistically
significant differences in thask factor distribution are shown in re@entres with fewer than
twenty patients were excluded from this analysis.

Finally, centre similarity plots were generated and usedeuwtify risk factors thavary
significantly across thdatasetThese plots help identify network nodes potentially affected by
center bias, providing a visual tool to understand how specific risk factors vary among éenters.
sample of a centre similarity plot is shown for TScordiagnosis inFigure7.5. Centres that have
statistically significant differences are shown in red. This plot illustrates that Mumbai and Leeds
aresignificantly different from many other centr&milarly, other metrics related to the tumour
volume throughout treatment (TScore lachytherapylocal FIGO stage maximum tumour
dimensionand HRCTV volumeatfraction1) demonstrate similar distinct lines where individual

centres are significantly different from other centres in the #ataire work willleverage these
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results, in combination with the trained Bayesian networks, to identify major differences in the

CPTs of centres that have significantly different feature characteristics.

In summary, this work has identified distinct clusters of similar centres within the
EMBRACE dataset and pinpointed kegk factors mainly concerning tume extent during
treatment, that differ significantly across these centers and may influence patterns of late toxicity.
Additionally, through direct Bayesian network modelling of similar centres, we constructed
models with higher overall predictive perfomt®, supporting th@otion that differences in
patient characteristics and practice between centres may result in varying patterns of latg toxicity
even in a higlguality dataset derived fromstandardizedlinical trial protocol Future work will
involve indepth investigations of the censpecific models to further identify the primary factors

driving these differences between centers.

7.5 Impact of Compounding Risk Factors and Risk Stratification

7.5.1 Motivation

Investigating the impact of compounding risk factors is important in cancer care,
particularly foridentifying patients atisk of experiencing toxicityand moving towards more
adaptive treatment techniquesce these patients have been identifidds approach not only
provides a methodology for identifying patients at higher risk of toxicity throughout different
phases of treatment, but the risk stratification framework can also be used to allocate resources

effectively.

Bayesian networks offer powerful tools to investigate risk stratificatsotiey camodel
the intercorrelationsand conditional probabilities that define how risk factors combine to affect

patient outcomes. These networks can incorporate both observable data and expert knowledge,
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allowing for the dynamic updating of risk assessments as new information becomes available.
Bayesian networbased risk stratification and intervention models have been developed for
predicting posstroke outcome®outcomes for patients with renal cell carcinoma treated with
immunotherapy® lymph node metastasis and cancer specific survival for endometrial

patients’3"238and tissue toxicity in breast radiother&py.

7.5.2 Materials and Methods

Risk stratification and compounding risk factors were investigated using the dataset
outlined in6.4.11 EMBRACE Dataseand the Bayesian network structure outline#figure7.1.

First, CPTs wer@vestigated to ensure that they were populated primarily by true values and not
suffering from excessive missing values, which are imputed with a 50%/50% equal odds likelihood
of observing and not observing the toxicity. The spread of the CPTs wasgatedtand used to
identify potential decision boundaries to stratify patients into varying levels of risk.

Following initial CPT inspection, an initial decision boundary was optimized using-cross
validation. Without decision boundary tuning, a patient would be classified as having cystitis if
the model s confidence | evel r e a edthresdhreShold or h
from 50%10% in 1% intervals. The decision boundary that maximized theedi®, balancing
precision and recall, on the cregaidation testing set waslectedUsing this optimized decision
boundary, several potentiglinicals cenar i os were modell ed to trat
evolve in these hypothetical scenari®s. assess how the model predicts and performs as more
patient and treatment factors are observed, we defined three stages of tréabDregnosis,

EBRT, and PosTreatment. Characteristics of the CPTs at these stages, along with predictive

performance, we identified and compared @ssess how a Bayesian network model might
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provide a clinically valuable tool for assessing patient risk and assisting with adaptive treatment
approaches.
7.5.3 Results

Samples from the CPT for the cystitis node in the Bayesian network are shbwguiria
7.6. Comparing the general trends in the CPT, lower risk areas of thesi@® low likelihoods
of cystitis <10%.This aligns closely with the baseline incidence of grade 2 or higher cystitis in
our dataset, with approximately 9% of patients experiencing this level of to¥oitgxample, in
the top frame oFigure7.6, we can see if a patient has loladder D2cd O 76 G@egtym | ow
D2cc (O 6bbwey) D2kew (O 59 Gy), no pain at diac
low EBRT prescription dose (<48 Gy), and a low TScore at diagno$i} tbe probability of
cystitis is only 5.11%n the higher risk area of the CPT where more compounding risk factors are
observed, particularly those related to OAR doses, there is a shift towards higher probabilities of

cystitis in the 2660% range.

14% of all entries in the CPT contained missing values, which were naively asaigned
50%/50% probability splitAs this division may not align with expected probabilities, especially
in entries with few observed risk factors, future work will involve refining this approach and
employing morenformedimputation techniques or incorporating expert knowledge into defining
these CPT entrie§his adjustment could potentially enhance the accuracy and reliability of our
predictive models by providing a more realistic probability assessment based on observed data

trendsand clinical knowledge
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Figure7.6: Subset ofhe CPT forobservinggrade® cystitis.The top image shows the portion of

the CPT with fewer observed risk factors and the bottom image shows the portion with all OAR
dose risk factors observetihe included dose risk factors are stratified into low and high risk as
follows:bladderD2cd 0 = O 76 Gyectlum D2c7c6 (Qy )= ©owsl3 Gy,
D2cc (0 = O 59 Gy, 1 = > 5 9pairG¥ 3 no pad,tlh=pain i nc |
requiring medicatio)) baseline urinary toxicitfO = no baseline toxicityl =gradeOQ bhseline

toxicity), and TScore atiagnosis (0 = &b, 1 = 716).

Next, we optimized the decision boundary using ckadiglation. The decision boundary
that resulted in the highest F1 score on the evabdation test set was 0.20meaning a patient
would be classified of having cystita being at risk of cystiti§ the modelpredicted cystitis
would occur with a probabilitgreater than or equal to 20®erformance of this division boundary
compared to the standard threshold is showralie7.10. From these results, we see the expected

trend that as we make the decision threshold more lenient, it will be easier for the model to predict

176

u



positive cases. As such, we expect to see an increase in recall score as the number of true positives
predicted increases, however, we do also see a corresponding decrease in precision as the increased
positive prediction comes with more false positives.

Table7.10: Crossvalidated performance of the same Bayesian network model using the standard

(50%) and optimized(20%) decision thresholdsScores on the holdout dataset are shown in
parenthesis.

5-Fold CrossValidation Scores

Decision (Holdout Scores)

Threshold Ealanced F1 Macro Score ROC-AUC Precision Recall
ccuracy

50% 56.7 +5.2% 58.4+6.1% 62.2+6.8% 38.2+23.7% 18.8+7.0%
(59.0%) (60.4%) (65.9%) (33.3%) (22.2%)

20% 60.3+4.2% 57.2 +3.2% 62.2+6.8% 20.1+45% 35.1+8.8%
(68.6%) (63.0%) (65.9%) (27.20) (50.0%)

For our developed model to be clinically useful, it must demonstrate the ability to
distinguish between patientsrgk and not atisk of toxicity during first phase of decisianaking
to ensure adaptations to their treatment can be implemented, agcd assess how the model
performs as more treatment factors are observed, we investigated model performance and CPT
characteristics at the Diagnosis, EBRT, and Hosatment stages.

First, with only diagnostic features and using the model depictEdyure 7.1 we fit our
Bayesian network model and investigated the CPT. Performance metricstaenamsousstages
of observation are shownTrable7.14, andTable7.11 outlines the probability of cystitis occurring
based on observed diagnostic risk factors. At this stage of treatment, we can pasei@core
atdiagnosisandbaselinaurinary toxicityas features that directipnpacttheprobability of cystitis
Additionally, thelaparoscopistaging node can be used to inform EBR€scription doseefore
it is observed through the intercorrelation. Using the optimized 20% boundary identifies ~38% of
patients at risk, witlpain and the presence of one additional risk factor beingpotern at this

stage of treatmenAdditionally, there is a division between observind @nd 2+ risk factors,
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indicating the decision boundary couldtbaed to 46-17% for an initial risk stratificatioto fully
capture patients with multiple initial risk factors
Table7.11: Probability of grade 2+ cystitis based on observing only diagnostic feallurese

features includg@ain (0 =no pan, 1 =pain requiring medicatignbaseline urinary toxicity0 =
no baseline toxicityl =gradeO baselinetoxicity), and TScore aliagnosis (0 = &, 1 = 716).

o E?If]il“r;e TS;:tore # Risk Probability of
Toxici . . Factors Present  Grade 2+ Cystitis
oxicity Diagnosis

0 0 0 0 6.98%

0 0 1 1 11.92%
1 0 0 1 12.16%
0 1 0 1 15.13%
0 1 1 2 17.79%
1 0 1 2 24.43%
1 1 1 3 25.24%
1 1 0 2 30.10%

From here, we further investigated two scenarios to show the evolution from this initial
prediction at diagnosis. The first scenario we investigated was for the-casestscenario at
diagnosis, where a patient demonstrated a high level of risk. Thigisdsrautlined inTable7.12
and outlines the potential impact of interventions during treatment. Second, we investigated how
risk would evolve for a patient with no initial risk factors at diagnosis. This scenario is outlined in

Table7.13.

178



Table7.12. Probability of grade 2+ cystitis based on obsenatigliagnostic risk factors and

different combinations of posteatment featured hese features includéadder D2c 0 = O 76
Gy,1=>76Gy)rectumD2cqd 0 = O 63 GybpwellD2ce( &> =630 &9 Gy, 1
Gy).

Initial Bladder Rectum Bowel # Risk Probability of

Risk D2cc D2cc D2cc Factors Present  Grade 2+ Cystitis

25.24% 0 1 0 1 5.2%

25.24% 0 1 1 2 6.5%

25.24% 0 0 1 1 9.0%

25.24% 1 1 0 2 13.2%

25.24% 0 0 0 0 16.5%

25.24% 1 0 0 1 17.3%

25.24% 1 1 1 3 69.2%

25.24% 1 0 1 2 82.7%

Table7.13: Probability of grade 2+ cystitis based on observiagnitial diagnostic risk factors

and different combinations of peseatment featureJhese features includ#adder D2cd 0 = O
76 Gy,1=>76Gyect um D2cc (0 = o8| GP2ct £0>=68 6¢
59 Gy).

Initial Bladder Rectum Bowel # Risk Probability of

Risk D2cc D2cc D2cc Factors Present  Grade 2+ Cystitis

6.98% 0 1 0 1 1.1%

6.98% 0 0 1 1 3.1%

6.98% 0 1 1 2 4.7%

6.98% 0 0 0 0 5.9%

6.98% 1 1 0 2 7.3%

6.98% 1 0 0 1 9.3%

6.98% 1 0 1 2 12.9%

6.98% 1 1 1 3 17.4%

Table 7.12 illustrates risk escalation for an initially higlsk patient with all three
diagnostic risk factors observed. From these results, we can see that providieddie D2cc
remainsat an acceptable level, the patient will be at very low risk for cystitis. However, if the
bladder dose, along with at least one other dose metric is elevated, the risk can fescakate
initial risk of 25%to more than50%. In this scenario, according to our optimized decision
boundary, we would identify two patients as at risbwever, these represent some of the mest at

risk patients in our dataset. As such, a kigh group could tentatively be identified as having
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probability >50%.By examining other risk factors, we might consider manually adjusting this
boundary downwards onodifying CPTs to include patients who show high initial risk levels and
some OAR dose risk factors pastatment. Such an adjustment could help in capturing a broader
spectrum of patients who might benefit from preventative or mitigative interventions. Wigkno ri

at diagnosis, shown ifiable 7.13, we can see that most patients in this cohort will not be at a
significant cystitis risk. Similar to the previous scenario, the decision boundary or individual CPTs
could be adjusted to better reflect the overall trend of multiple dose risk fatdoatingtoxicity

risk. Overall, it is important to highlight that some relative probabilities currently do not align
logically, with instances where no observed dose factors result in higher probabilities than some
observed cases. This suggests a need for further tuning anthsrgoaf these probabilities to
ensure they accurately reflect the underlying risk factors.

Finally, inTable7.14 we can see model performance on the holdout dataset when applied
at different stages of treatment, with different observed features. As is expected, the model
performs better as more risk factors are observed. However, the results also underscore the
possibility for Bayesian networks to be used to make risk prediodhgartial evidencat the
time of diagnosis. With further tuning of the CPTs and adjustment of decision boundaries, there is
the potential to increase model accuracy at earlier treatment stages. Specifically, modeling more
intercorrelations among risk factors could impreagly diagnostic predictiorsy informing what

later features are likely to beffering valuable insights fadaptivetreatments
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Table7.14: Performance metrics on holdout datasepf@dictions made with varying degrees of
evidence. Intercorrelations indicates that although only diagnostic features are directly observed,
subsequent features may be predicted through intercorrelations.

Treatment Stage Eialanced F1 Macro Score ROC-AUC Precision Recall
ccuracy

Diagnostic 55.3% 52.7% 66.7% 13.5% 27.8%

Diagnostic 57.3% 53.4% 64.5% 14.6% 33.3%

(Intercorrelations)

EBRT 55.1% 50.9% 66.0% 12.2% 33.3%

All Observed 68.6% 63.0% 65.9% 27.3% 50.0%

Overall, this work demonstrates how a Bayesian nethasded applicatiompredicting
patient risk as they travel through treatment might operate, as well as identifying initidiidata
boundaries for cystitis risk stratification. From ddtasen results, an initial boundary of 20%
identifies patients at moderate risk for cystitislater stages of treatment, high risk patients have
cystitis probabilities exceeding 50%, potentially marking a dnigk cohort. In summary, by
adjusting the decision bouaxy to accurately represent risk, we can further refine how we identify
and categorize risk stratifications within our dataset. This advanced modeling allows us to track
patients with medium and higisk as they proceed through their treatment, facilitaidgptive
interventions that could lead to better clinioatcomes.

7.6 Chapter Summary

This chapter has explored various initial approaches for employing Bayesian networks to
provide evidence supporting existing clinical guidelinesdiege planning aimslose limitsand
risk factors while also facilitating further investigations and modelling of centre bias and risk
stratification. Additionally, it highlighted the possibility for risk factor stratification and risk level

prediction at various treatment stages. Initial results sudigasthese methodologies could be

181



prospectively applied in clinical settings to enhance adaptive workflows and reinforce current

clinical guidelines.
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Chapter 8 - Conclusion

8.1 Thesis Summary

Brachytherapy, when combined with EBRT and chemotherapy, represents the current
standard of care for LACC patierffs3 Brachytherapy is critical to patient outcomes with its use
being strongly correlated to improved overall survival when compared to EBRT %&ldFee
complexity of brachytherapy, characterized by extensive data collection and potentially complex
and nonlinear relationshipgmpacting outcomespresents a prime opportunity for machine
learning techniques to streamline processes and enhance detwaimy.In this thesiskey areas
addressed include applicator amgbrid interstitialneedleprediction- traditionally highly reliant
on clinician judgment and experiencee and the modeling of late toxicities, which lack
comprehensive predictive models due to the constraints of conventional statistical methods and
singleinstitution or limited quality dataset§his thesis presented development axtelgration of
machinelearninginto the HDR cervical brachytherapy workflow, showcasing its potential to
enhance treatment quality and consistensyreamline clinical decisions;larify complex
relationships and intercorrelations between treatment parameters and late toxicity oudoomes,
ultimately enhance patient care.
8.2 Thesis Findings

As applicator selection for cervical brachytherapy is complex and highly dependent on
physicianexperience a machine learninbased tool could provide valuabiiecisionsupport,
improving the consistency and quality of these clinical decisibr@hapter 4details the
development of a machine learning moadal a retrospective dataskdr optimal applicator
selection in HDR cervical brachytherapy. This work identified that machine learning modkls

achievehigh predictive performanc@ccuracy ~ 90%jor applicator selectig with HR-CTV
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geometry featurebeing predictive. This work highlighted the potential for machine learning to
provide valuable decisiesupport in the brachytherapy workflow, providing the technical
foundation for further development of this model and subsequent clinical testing and
implementation of the developed model.

Following model development, it is important to perform model validation to allow for full
integration of machine learning into the clinical workflouChapter Sbuilds upon the work
presented inChapter 4by implementing a fully prospectiyeethicsapprowed clinical study
investigating the generalizability and application of the developed applicator and hybrid interstitial
needle prediction models. This work found that when compared to the dosimetric ground truth, the
machine learning model performed compiaedy to the expert radiation oncologists for applicator
prediction(accuracy= 70% for both), with machine learning demonstrating a superior ability to
identify the need for hybrid interstitial needlesdall = 57.1%for radiation oncologist versus
71.4%for machine learning)Additionally, it was found that using the machine learrpnedicted
applicatorand needle arrangemamisulted inan average decrease total OAR doses of 2.0 Gy
EQD2across three treatment fractiofifiis work underscores thegatical abilityof the model to
be integrated into and streamline a clinical workflow, while also emphasizing the potential for
utilization of these decisieaupport tools to enhance treatment quality and decision consistency,
particularly in centres that might not hassgensive brachytherapy experience.

Late toxicities significantly impact quality of life, making predictive models potentially
valuable for improving patient outcomes lotegm?'7:?22 Conventional statistical methods are
additionally often limited by intercorrelations among treatment factors, making machine learning
a promising avenue to address these limitatfétShapter 6ntroduces a novel simulated annealing
structure optimization framework for developing Bayesiatwork models for late toxicity prediction.

Simulated annealinrbased model performance was higher than the othefdagx modelsifalanced
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accuracy = 64.0% for cystitis), howevenly the Greedy Hill Climbing algorithm (balanced accuracy

= 58.3% for cystitis) showed a statistically significant difference in the patterns of decision making.
Other outof-box modelsinvestigated were the Tresugmented Naive Bayes algorithm (balanced
accuracy = 63.2% for cystitis) and Chdww algorithm (balanced accuracy = 55.9% for cystitis).
However, the primary benefit of the simulated annealing approach was a more simplistic, logical
network composed of only 18 arcs and 18 nodes versd$§ 28cs and 24 nodesother modelsThis
streamlined structure significantly enhances interpretability, making it more practical and
accessible for clinicians who would potentially use the rioddinical settingsThis foundational

work allows for the streamlined development of Bayesian network structures with comparable
performance to oubf-box optimization methods, with the advantage of being highly customizable and
resulting in more interpretable netwerk

Finally, Chapter 7demonstrates several potential applications of dbeeloped Bayesian
network models to enhanadinical understandingThis chaptefocusedon investigating the impact
of discretization on Bayesian network performamceparingBayesian network results known risk
factors studying the impact of centre bias, and investigating preliminary approaches to risk
stratification.

Through our discretization investigation, we observed that the automatically discretized bin
edges for the dose metrics aligns well with the current clinical EMBRACE planning aims for bladder
and rectum, however, it does not reflect pkenning aimgor bowel doseThis alignment for bladder
and rectum provides model validation, while the disagreement for bowel demonstrates that the
Bayesian network approach may hold gmential toinform suitablerisk-baseddoseconstraintdor
organswith less robust ase effect evidence

Through investigation of risk factor importance, we identified that the most significant risk

factors for cystitis, as identified by the Bayesian network and SEM, baseline urinary toxicity
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bladder D2c¢bowel D2cc, andpain. Both baseline urinary toxicityand bladder D2cchave been
previously recognized in the literature as significant risk factorgyiding validation for model
structure Our model suggests that TScored@gnosis could be a potential risk factor, with a strong
intercorrelation with the FIGQtage, a previously identified risk factor. This demonstrates how
Bayesian networks may help in identifying new, intercorrelated risk factors to provide a more
comprehensive understand of toxicity risk compared to existing literature.

Through investigation of centre bias, distinct clusters of similar centres within the EMBRACE
dataset were identifigénd it was found that models fit on data from similar centres achiegldr
overall predictive performancdhis work, paired with initial investigations identifying the specific
risk factors that cause centres to differpports the idethat differences in patient characteristics and
practice between centres may result in varying patterns of late toxicity.

Through investigation of risk stratificatiomjtial datadriven risk stratifications were obtained
to simulate hova Bayesian networkased applicationould predict evolving risk as a patient moves
through treatmentDatadriven resultsindicatedan initial probability of cystitisof 20% identifies
patients at moderate risk for cystitis. At later stages of treatmentyislghatientamay have cystitis
probabilities exceeding 50%, potentially marking a highk cohort This analysis not only validates
the models againgstablished clinical knowledge but also highlights their potential to inform risk
stratificatian, setting the stage for potential usepatientspecific, adaptive treatment strategies in
the future This approach showcases the potential of machine learning to captulardydomplex
relationships and intercorrelations between treatment parameters and late toxicity oubéiemes,
insights that extend beyond traditional statistical analyses.

8.3 Future Work
This PhD thesis lays the groundwork fapplications of machine learning to thHDR

cervical brachytherapy workflow based on patient, EBRT, brachytherapy, and other treatment
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characteristics. This womkill help to guide thelinical decisionmakingprocess foHDR cervical
brachytherapy to improve decision quality and consistency, while contributing tooatioel
outcome aftertreatmentBeforefurtherclinical implementation of the presented work, limitations
of this thesis should be identified, and further assessments and studies are needed.

For applicator andhybrid interstitialneedle selectiorfurther multtinstitutional validation
should be performed to assess how the model generalizes to a fully independent institution, and
how it can be integrated into different clinical workflows. Additionally, as treatment methods
advance and more clinical knowledge becomes avajlttderesented model should beragned
and updated to reflect current best practices for contouring and treatment planning. One major
drawback of the current model its reliance on contours for the H&TV and approximate
applicator position prior to machine learning prediction. This step is an additional burden on the
treating radiation oncologists, and the developnmard incorporation of an autmntouring
module could reduce errors due to contour variabilitysirehmlinehe process further.

There isadditionally much room for the applicator and needle selection model to be
enhancedand expandedCurrently, the model predicts only intracavitary or hybrid interstitial
treatments. Inclusion of the ability to predict ISBT patients treated with a!Sgklétt template
would represent a major benefit to the model, encompassing the major treatmemugschni
available. Additionally, although Venezia patients were included in the model, the current model
is only able to predict parallel needles. Fartlexpansion could include the ability to predict
obliqgue needles for Venezia patier@®her potential avenues to investigate would be expanding
hybrid interstitial needle prediction to ISBT needle prediction, although the complexity associated

with this task may necessitate a deep learbiagedapproach.
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For outcome prediction, the model performance was not ideal, with much room for
improvemengs the balanced accuracy was 64.0% on the holdout dataset for cystitis. Although the
dataset was large and high quality, there are some possible approaches that could enhance model
performance. First and foremost, the use of DVH metrics alone insteBddufsg distributions is
a major model limitation as DVHs do not provide detailed spatial dose information. As this spatial
information is potentially important forubcome prediction and has been shown to benefit toxicity
prediction models, this avenue could be investig&t&8'?2123In addition to this spatial dose
information, a larger dataset could be acquired. As the presented late toxicities are rare, with only
5-9% positive instances in the dataset, a larger dataset would provide a larger pool from which
CPTs could be determinetnproving how representative the model is to the true underlying
distributions. Due to increased accessibility, more imaging data is being collected throughout the
workflow for cervical cancer patients. As such, there is also the potential to integtai@ic or
dosiomic features into the predictive models if they are found to be infornfatidemic features
are quantitative features extracted from images that capture high lever twmagcacteristics (i.e.
texture), while dosiomic features are derived from dose distribution patterns, reflecting detailed
spatial and dosimetric properties of the treatmrd&hAnother possible avenue to increase model
performance would be through the use of deep learning. Deep learning has advanced rapidly over
the past years and has shown high accuracies for outcome predictihs?!243 However, these
models can suffer from overfitting and are significantly less interpretable tteanutilized
Bayesian network approaét.?44

Secondly, this toxicity modelling only considered the planned dose distributions, and it is
likely that the true delivered dose distributions may deviate from the plan and may be more closely

related to late morbidityWith increased image guidance and deformable image registration,
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advanced dose accumulation could allow for delivered radiation dose to be assessed and compared
to planned dose distributioA®

Finally, this work only modelled cystitis and proctitis, while there are numerous other
potential toxicities that would be novel to further investigatedadacterizeOne major area that
was not investigateth this work was vaginal toxicity. These toxicities are not only highly
i mpactful to a patient6s dWbatlthey aye alsd muchimore f ol |
common within the EMBRACE | clinical trial dataset, witfi% ofpatients experiencingrade 2
or highervaginal stenosis, for exampl@oxicities such as late persistent fatigue with less
formalized doseeffect relationships could benefit from the interpretability of Bayesian
networks?*® Overall, continued refinement, advancement, adaptation, and validation of these
models are crucial to their successful integration into clinical practice, with the ultimate aim of

enhancing patient care atrdatment outcomes in HDR cervical brachytherapy.
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Appendix A

The following document is the Supplementary Information document submitted with the

applicator prediction machine learning model development manuscript preseGteapier 4
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Table S1 List of compared classifiers, their optimized hyperparameters, final optimized
hyperparameter values, and compatability with using weighted samples when training the
classifier.

Weighted
Classifier Abbreviation Tuned Hyperparameters Samples?
AdaBoost Classifier ABC learning_rate = 1.4 Yes
n_estimators = 50
Gaussian Naive Bayes Classifi GNB var_smoothing = 0.00000000001 Yes
Gaussian Process Classifier GPC max_iter_predict = 50 No
n_restarts_optimizer = 0
Gradient Boosting Classifier  GBC learning_rate = 0.09 Yes
max_depth =5
max_features = 3
min_samples_leaf = 15
min_samples_split = 2
n_estimators = 55
subsample = 0.8
K-Nearest Neighbours Classific KNN algorithm =kd_tree No
leaf size =3
n_neighbours =5
p=1
Linear Discriminant Analysis  LDA solver = svd No
store_covariance = True
tol = 0.0000001
Logistic Regression Classifier LRC Cc=0.01 Yes
max_iter = 90
penalty = 12
solver = newtorcg
tol = 0.00001
Multi-layer Perceptron MLPC activation = relu No
Classifier alpha = 0.001
max_iter = 200
solver = Ibfgs
tol = 0.00001
Nearest Centroid Classifier NCC metric = cosine No
shrink_threshold = 0.00001
Nu-Support Vector Classifier NuSVC gamma =1 Yes
kernel =rbf
nu = 0.45
shrinking = False
tol = 0.00001
Quadratic Discriminant Analysi QDA reg_param =0.0000001 No
tol = 0.0000001
Random Forest Classifier RFC max_depth =7 Yes
max_features = 2
min_samples_leaf = 2
min_samples_split = 2
n_estimators = 75
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Appendix B
The following document is the Supplementary Information document submitted with the

prospective applicator and hybrid interstitial needle study manuscript prese@iealter 5

Supplementary Material |. Table of Algorithms Used and Tuned Hyperparameters

Table S1List of algorithms used for applicator and needle prediction along with their optimized
hyperparameter values

Machine Learning Model Classifier Tuned Hyperparameters
Applicator Selection AdaBoost Classifier learning_rate = 0.3
(Combined using n_estimators = 5
VotingClassifier) Gradient Boosting learning_rate = 0.11
Classifier max_depth =2

max_features = 2
min_samples_leaf = 5
min_samples_split = 25
n_estimators = 15
subsample = 0.83
Random Forest Classifie max_depth =2
max_features = 1
min_samples_leaf = 2
min_samples_split = 15
n_estimators = 15
Needle Arrangement ~ Random Forest Classifie max_depth = 5
Selection max_features = 14
min_samples_leaf = 1
min_samples_split = 3
n_estimators = 60
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Supplementary Material |l. Detailed Table of Replanning Results

Table S2Results of replanning study comparing dosimetry of the clinical plan with the ML prec
plans (upper). Additionally, replans for cases where both ML and radiation oncologists predicte«
applicator are shown on the bottom to provide support fomdsic ground truth. Total difference
between the clinical plan and the replan are accumulated assuming the same dose over three
EQD2 and BED are calculated i gnor i Green shdded ceall
(Pass), orange stied cells (Caution), and red shaded cells (Fail) represent the adherence to EME
I clinical planning aims.

Applicators Fraction 1 Doses (Gy) Total Impact: Dose
Patient Bladder D2cc Rectum D2cc Sigmoid D2cc Bowel D2cc Diﬁm? nce for 3
P | Clinical e Clinical | ML | Clinical | ML Clﬁ%.i[:al ML | Clinical | ML Eipctions (G
Predicted | "blan | Plan | Plan | Plan | Plan | Plan | Plan | Plan | Do | EQD% | BED;
1 IC IC 6.8 6.8 3.9 3.9 39 39 3.7 3.7 0 0 0
2 IC IC 74 74 58 58 14 14 0.7 0.7 0 0 0
3 Ic IC/1S 71 6.6 _ 41 32 25 1.7 -8.4 -9.8 -l16.4
4 IC/TS IC/TS 6.5 6.6 4.6 45 52 4.7 2.6 25 -15 -1.0 -1.7
5 IC/IS IC/IS 6.9 59 53 4.8 42 12 11 -6.7 -7.0 -11.6
6 IC/TS IC/TS 0.7 6.6 49 51 25 235 11 11 02 02 03
7 IC/1S Ic 6.1 45 52 4.0 42 1.1 1.2 71 76 12.6
8 IC IC/IS 0.3 6.1 2.6 28 4.1 4.1 1.8 2.0 0.7 0.5 0.8
9 Ic IC/IS 74 6.5 5.6 47 52 33 1.7 1.7 -5.6 -5.4 91
10 IC IC 0.9 6.9 4.1 4.1 31 31 N/A N/A 0 0 0
Total change if ML predicted applicator and needle arrangement used | -14.1 -151 | =251
Average per change if ML predicted applicator and needle arrangement used | -1.4 -1.5 -2.5
Ground Truth Verification — IC Agreement
) Fraction 1 Doses (Gy) Total Impact: Dose
Patient Applicators Bladder D2cc Rectum D2cc Sigmoid D2cc Bowel D2cc [1):1EE‘er_an - for.j
D : : = : ractions (Gv)
Clinical Pretl'.];te 4| ICPlan ;:p}fn IC Plan ;Ep’}fn IC Plan Ff; }asn C]I‘,T”a;"l ;:p}fn Dose | EQD2; | BED:
1 Ic IcC 6.5 6.4 39 36 3g 36 37 32 -49 -4.5 -7.6
2 IC IC 74 72 58 5.7 14 14 0.7 07 | 09| 06 | 09
10 Ic IC 6.9 63 41 4.0 31 3.1 NA | A | 22| a8 | 27
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Appendix C

The following document is the Supplementary Information document submitted wsiimihlated

annealingbased Bayesian network structure optimizatimnuscript presented @©hapter 6
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Table S1Data characteristics of risk factors used in Bayesian network modelling of cystitis and proctitis.

Risk Factor Name Risk Factor Type Data Type Values
Age Patient Specific Numeric 21-91 years
Patient Smoking Status Patient Specific Binary Cl) : $(ce)s
Comorbidities at : o . 0=No
Diagnosis Patient Specific Binary 1= Yes
1 = Normal Weight
: - . 2 =Underweight
BMI Patient Specific Categorical 3 = Overweight
4 = Obese
PreviousAbdominal or : . . 0=No
Pelvic Surgery Patient Specific Binary 1= Yes
0=PSO
WHO Performance Score¢ . : : 1=pPst
at Diagnosis Diagnostic Categorical 2 = PS2
g 3=PS3
4=PS4
0 =No
Pain at Diagnosis Diagnostic Categorical 1 = NonOpioid Medication
2 =Opioids Required
';B'as'(:)l'ltneFUrlnary Diagnostic Binar 0=Grade 0
OXI.C_I y (Frequency or g y 1=Graded 1
Cystitis)
Laparoscopic Stagin Diagnostic Binar 0=No
p p ging g Y 1=vYes
) . . 0 = Stage IAIIB
Local FIGO Stage Diagnostic Binary 1 = Stage IIAIVA
M_aX|mu_m Tumqur . Diagnostic Numeric 10-110 mm
Dimension at Diagnosis
. 0 = No or Upper 1/3
\é‘;"f'?zs'ir;"o"’emem 8 Dbiagnostic Categorical 1 = Middle 1/3
9 2 = Lower 1/3
Rectum Involvement at 0=No
Diagnosis (MRI Diagnostic Categorical 1 =Mesorectum Invaded
assessed) 2 = Rectal Wall Invaded
. 0 =No
H_ydrone_phr05|s at Diagnostic Categorical 1 = Unilateral
Diagnosis — Ri
2 = Bilateral
TScore at Diagnosis Diagnostic Categorical 0-16
HRCTV Volume- Treatment Brachytherapy =~ Numeric 5.3-155.0 cm
Fraction 1
TScore- Brachytherapy Treatment Brachytherapy Numeric 0-14
, . 0 = All Intracavitary
Brachytherapy Techniqut Treatment Brachytherapy Binary Eractions
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1 = Minimum One Hybrid
Interstitial Fraction

Brachytherapy Applicatol Treatment Brachytherapy Categorical

1= Ring & Tandem
2 = Tandem & Ovoid

3 = Other
. 1=HDR

Brachytherapy Dose Rat Treatment Brachytherapy Binary > - PDR
Overall Treatment Time Treatment Other Numeric 30-86 days
Chemo Cycles Treatment Other Categorical 0 f 03 cycles

1 =48 cycles

. . 0 =3DCRT

EBRT Technique Treatment EBRT Binary 1 = IMRTVMAT
EBRT Prescription Dose Treatment EBRT Numeric 41.451 Gy
(EEngz';reSC”pt'o” Dose  rreatment EBRT Numeric 37.854.3 GYEQD2
EBRTV43Gy Treatment EBRT Numeric 1147691cm?®

0 = No Boost

1 =< 57 Gy Boost
EBRT V57Gy Treatment EBRT Categorical 2 => 57 Gy Boost, Treated

Vol umecn® 165
3 =>57 Gy Boost, Treated
Volume > 165cm?®

EBRT paraaortic . 0=No
clective field Treatment EBRT Binary 1 = Yes
Rectum D2m? Dosimetric Numeric 46.60- 96.55 GyEQD2
Rectum DO.tn?® Dosimetric Numeric 47.95- 214.51 GyEQDZ
Sigmoid Dzm? Dosimetric Numeric 44.45- 106.30 GYEQD2
Sigmoid DO.tm? Dosimetric Numeric 46.63- 274.84 GyEQDZ
Bowel DZxm? Dosimetric Numeric 43.2- 124.52 GyEQDZ
Bladder Dznm?® Dosimetric Numeric 51.56- 106.26 GYEQDZ
Bladder DO.tm? Dosimetric Numeric 53.49- 159.85 GyEQDZ
ICRU Bladder Point Dosimetric Numeric 46.69- 110.00 GYEQDZ
:DC()?nL: Rectovaginal Dosimetric Numeric 47.36- 123.68 GYEQD2;
Total ISV V60Gy3 Dosimetric Numeric 69.9- 737.9cnm?®
" . 0=Grade <2
Cystitis G2 (CTCAEV3) Outcome Binary 1 = Grade O 2
" . 0=Grade <2
Proctitis G2 (CTCAEvV3) Outcome Binary 1 = Grade O 2
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Table S2Humandefined logical relationships permitted in Bayesian network optimization framework.

Risk Factor Type

Permitted Parent Nodes

Permitted Child Nodes

Patient Specific Patient Specific Diagnostic
Treatment EBRT
Treatment Brachytherapy
Treatment Other
Outcome
Diagnostic Patient Specific Diagnostic
Diagnostic Treatment EBRT
Treatmeni Brachytherapy
Treatmeni Other
Outcome
Treatment Brachytherapy Patient Specific Treatment Brachytherapy
Diagnostic Treatment Other
Treatmeni EBRT Dosimetric
Treatment Brachytherapy Outcome
Treatment Other
Treatment EBRT Patient Specific Treatmeni EBRT
Diagnostic Treatment Brachytherapy
Treatmeni EBRT Treatmeni Other
Treatment Other Dosimetric
Outcome
Treatment Other Patient Specific Treatment EBRT
Diagnostic Treatment Brachytherapy
Treatment EBRT Treatmeni Other
Treatment Brachytherapy Outcome
Treatment Other
Dosimetric PatientSpecific Dosimetric
Diagnostic Outcome
Treatment EBRT
Treatment Brachytherapy
Treatmeni Other
Dosimetric
Outcome Patient Specific None
Diagnostic

Treatment EBRT
Treatment Brachytherapy
Treatment Other
Dosimetric
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Figure S10ut-of-box algorithm (ChowLiu) generated Bayesian network structwith feature selection

for cystitis grade O 2 prediction.
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Table S3Performance metrics for the enf-box (OOB) algorithms with initial feature selection. Metrics

are presented for the performance on the evalidation data and the separate holdout testing dataset.

Provided pvalues describ#c Nemar 6 s test with Bonferroni adj ust e
annealing optimization to the eaf-box algorithms.CLO = ChowLiu Optimization, TAN = Tree

Augmented Naive Bayes, GHC = Greedy Hill Climbing, SA = Simulated Annealing.

Validation Set Holdout Test Set
Algorithm Balanced Balanced F1 ROG | p-value
Accuracy F1 Macro ROGAUC Accuracy Macro AUC
CLO 62.61+7.27% 50.01 £3.06% 0.64+£0.08| 53.43% 46.24% 0.57 | <0.001
TAN 85.00 £ 6.37% 63.99+3.97% 0.88+0.08| 56.26% 52.27% 0.54 0.036
GHC 63.96 £ 7.73% 43.29+2.88% 0.68+0.09| 58.87% 41.48% 0.61 | <0.001

SA 58.18 £+ 6.70% 56.28 +4.48% 0.69+0.05| 64.63% 61.51% 0.74
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work.

Regards

S. Yanushkevich

To whom it may concern,

| grant Kailyn Stenhouse permission to use our co authored manuscripts in her PhD thesis entitled
Applications of Machine Learning to the High-Dose-Rate Cervical Brachytherapy Workflow: Applicator
Prediction and Late Toxicity Modelling.

The manuscripts are:

K. Stenhouse, M. Roumelictis, P. Ciunkiewicz, R. Banerjee, S. Yanushkevich, and P. McGeachy.
Development of a Machine Learning Model for Optimal Applicator Selection in High-Dose-Rate
Cervical Brachytherapy. Frontiers in Oncology, 11:611437, 2021.

K. Stenhouse, M. Roumelictis, P. Ciunkiewicz, K. Martell, S. Quirk, R, Banerjee, C. Doll, T, Phan, S.
Yanushkevich, and P. McGeachy. Prospective Validation of a Machine Learning Model for Applicator
and Hybrid |nterstitial Needle Selection in High-Dose-Rate (HDR) Cervical

Brachytherapy. Brachytherapy, In Press, 2024.

Best regards,

Dr. Svetlana Yanushkevich (she/her), PhD, Dr. Hab., PEng

Professor, Department of Electrical & Software Engineering

Associate Dean Research, Innovation and Strategic Partnership, Schulich School of Engineering
University of Calgary

Biometric Technologies Laboratory: www.ucalearv.ca/btlab
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From: Kirchheiner Kathrin _

Sent: May 2, 2024 6:29 AM

To: Kailyn Stenhouse |G < T-nderup I :ofi- Spampinato
I
ce: Philip McGeachy <G \ch2c! Roumeliotis (.

Subject: AW: Thesis Manuscript Permissions

Caution - This email came from an external address and may contain unsafe content, Ensure you trust this sender before
opening attachments or clicking any links in this message

Hi Kailyn,

sure you have my permission and approval as co-authors to reproduce our joint manuscript in your
thesis.
To whom it may concern,

I grant Kailyn Stenhouse permission to use our co authored manuscripts in her PhD thesis entitled
Applications of Machine Learning to the High-Dose-Rate Cervical Brachytherapy Workflow:
Applicator Prediction and Late Toxicity Modelling.

The manuscript is:

K. Stenhouse, P. McGeachy, S. Spampinato, K. Tanderup, K. Kirchheiner, K. Martell, S. Quirk, and M.
Roumeliotis. A Simulated Annealing-Based Bayesian Network Structure Optimization Framework for
Late Morbidity Prediction in a Large Prospective Clinical Dataset. Submitted for publication May
2024.

Kind regards,

Kathrin
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From: Kari Tanderup <_=-

Sent: Tuesday, May 7, 2024 12:30 PM

To: Kailyn Stenhouse

Subject: Permission to use co authored manuscript
Follow Up Flag: Flag for follow up

Flag Status: Flagged

Caution - This email came from an external address and may contain unsafe content. Ensure you frust this sender before
opening attachments or clicking any links in this message

To whom it may concern,

| grant Kailyn Stenhouse permission to use our co authored manuscripts in her PhD thesis entitled Applications of
Machine Learning to the High-Dose-Rate Cervical Brachytherapy Workflow: Applicator Prediction and Late Toxicity
Modelling.

The manuscript is:

K. Stenhouse, P. McGeachy, 5. Spampinato, K. Tanderup, K. Kirchheinar, K. Martell, 5. Quirk, and M.
Roumeliotis. A Simulated Annealing-Based Bayesian Metwork Structure Optimization Framework for
Late Morbidity Prediction in a Large Prospective Clinical Dataset. Submitted for publication May 2024,

Kind regards
Kari Tanderup

Kind reqards

Kari Tanderup Institute of Clinical
Medicine/Danish Center for

Professor, ph.d. Particle Therapy
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From: Sofia Spampinato _>

Sent: May 2, 2024 2:08 AM

To: Kaiyn stennouse <

Subject: Re: Thesis Manuscript Permissions

Caution - This email came from an external address and may contain unsafe content. Ensure you trust this sender before
opening attachments or clicking any links in this message

Hi Kailyn,
here my permission.

To whom it may concern,

| grant Kailyn Stenhouse permission to use our co authored manuscripts in her PhD thesis entitled Applications
of Machine Learning to the High-Dose-Rate Cervical Brachytherapy Workflow: Applicator Prediction and Late
Toxicity Modelling.

The manuscript is:

K. Stenhouse, P. McGeachy, S. Spampinato, K. Tanderup, K. Kirchheiner, K. Martell, S. Quirk, and M.
Roumeliotis. A Simulated Annealing-Based Bayesian Network Structure Optimization Framework for Late
Morbidity Prediction in a Large Prospective Clinical Dataset. Submitted for publication May 2024

Kind regards,
Sofia Spampinato
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From: hilp Cunkiewic: <

Sent: April 18, 2024 10:05 AM
To: Kailyn Stenhouse <
Subject: Re: Thasis Manuscript Permissions

Caution - This email came from an external address and may contain unsafe content, Ensure you trust this sender before
opening attachments or clicking any links in this message

Hi Kailyn,

Absolutely!

To whom it may concern,

| grant Kailyn Stenhouse permission to use our co authored manuscripts in her PhD thesis entitled Applications
of Machine Learning to the High-Dose-Rate Cervical Brachytherapy Workflow: Applicator Prediction and Late
Toxicity Modelling.

The manuscripts are:

K. Stenhouse, M. Roumelictis, P. Ciunkiewicz, R. Banerjee, S. Yanushkevich, and P. McGeachy. Development
of a Machine Learning Model for Optimal Applicator Selection in High-Dose-Rate Cervical
Brachytherapy. Frontiers in Oncology, 11:611437, 2021,

K. Stenhouse, M, Roumeliotis, P. Ciunkiewicz, K. Martell, S, Quirk, R. Banerjee, C, Doll, T. Phan, S.
Yanushkevich, and P. McGeachy. Prospective Validation of a Machine Learning Model for Applicator and Hybrid
Interstitial Needle Selection in High-Dose-Rate (HDR) Cervical Brachytherapy. Brachytherapy, In Press, 2024,

Signed,
Philip Ciunkiewicz
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Appendix FT Image Reproduction Permissions

From: Morssink, Peter N

Sent: Wednesday, March 13, 2024 3:47 PM

To: Kailyn Stenhouse

Ce: Maffei, Kurt R

Subject: RE: Pardot Eniaiement Studio Proiram: Contact Us - GLO 2.4 -

Attachments: Geneva 2.0 full set 20mm + RR 0098-2.0.TIF; Elekta Geneva Fullset i tube.TIF; Venezia
Applicator 1JPG; Venezia Applicator - Grey Background.PNG; Fletcher.jpg; CTMR
T&R,jpg

Follow Up Flag: Flag for follow up

Flag Status: Flagged

You don't often get email from peter.morssink@elekta.com. Learn why this is important

Caution - This email came from an external address and may contain unsafe content. Ensure you trust this sender before
opening attachments or clicking any links in this message

Hi Kailyn,

As long as you reference Elekta as the source, you can use the images. Based on your request, | attached some images. |
can't find an image for the Vienna as we don’t sell it anymore.

Best regards,

Peter
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Besl medical international

Katlyn Stenhouse

April 24, 2024

RE: LIMITED AND RESTRICTED PERMISSION FOR USE OF AN IMAGE
Dear Kailyn Stenhouse:

In your letter of April 23, 2024 (“Letier™). to Best Medical International, Inc. (“BEST™). copy attached, you advise that as
a doctoral candidate in Radiation Oncology Physics at the University of Calgary you are requesting permission to include
in your Phi thesis an image of what you describe as a “Syed/Neblett GYN template™ that appears in BEST s “December

2014 product catalog™ The specific image being identified is in your Letter and on the cover page of BEST s December

2014 Templates brochure/catalog (“Image™). Copy also attached.

BEST hereby gives you permission. subject to the extent Best has any rights to use. reproduce or permit others to
nsefrepraduce the Image. This is a limited permission to include the Image in your PhD thesis. for educational purposes
and not any other use. Capying or reproduction of the Image is otherwise strictly prohibited and not granted by the
permission. This limited permission for use/reproduction of the Image is not 10 be construed as cither an assignment of or
an unrestricted license to use/reproduce the Image.,

We and you agree that in your PhiD thesis you will acknowledge the source of the Image as the following: “Rendering of a
lemplate image from the cover page of Best Medical International, Inc.’s December 2014 Templates brochure/catalog”.

Please sign, date and return a copy of this letter to acknowledge your agreement 1o its terms and conditions for such

himited use and reproduction of the Tmage

Sincerely,

Senior Vice President and General Counsel

ACKNOWLEDGEMENT AND AGREEMENT TO TERMS AND CONDITIONS

I. Kailyn Stenhouse, agree to the alorementioned terms, conditions and limited permission for use and reproduction of the
! v g

Image as described and set forth in the above letter.

Signature; Date: _

Attachments ®
) ( TEAMBEST GLOBAL® )

Stenhouse Letter of April 23, 2024 ‘\‘ . o"@

Best Medical International Inc.”s December 2014 Templates catalog/brochure

healrheare for everyone

JeamBest’

Youwr True Partner

www.teambest.com

AFRICA ASIA EUROPE LATIN AMERICA MIDDLE EAST NORTH AMERICA www.teambest.com
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