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Abstract 

Cervical cancer is a significant global health issue, with brachytherapy being crucial for 

treating locally advanced disease. Brachytherapy involves inserting an applicator through the 

vaginal cavity to escalate radiation dose to the affected areas. Applicator geometries vary and 

impact the achievable dose distribution. Limited criteria exist to guide applicator selection, making 

it dependent on physician experience, presenting challenges in selection consistency and outcome 

variability. Suboptimal treatment may increase the likelihood of adverse effects post-treatment that 

impact quality of life. Additionally, there are currently limited comprehensive predictive models 

for treatment toxicities based on multi-institutional datasets. Machine learning can identify 

complex relationships and generate predictive models, and thus this thesis explored itôs potential 

to enhance the cervical cancer brachytherapy workflow by developing tools that assist physicians 

in making more informed treatment decisions.  

We first developed a decision-support tool for selecting the optimal treatment applicator, 

including hybrid interstitial needle arrangement. Using algorithm comparison and analyzing 

feature importance on retrospective data, we identified that boosted tree-based models combined 

with geometric features of the target volume provided the highest predictive accuracy. These 

models, validated through a prospective study, demonstrated comparable accuracy to expert 

radiation oncologists, with accuracies of 70% for applicator prediction and 82.5% for hybrid 

interstitial needle prediction. Machine learning predictions improved organ-at-risk dose compared 

to clinical predictions, demonstrating potential dosimetric benefit. 

Using a robust, multi-institutional dataset, we developed a Bayesian network approach to 

model late treatment toxicities, aiding in personalized and adaptive treatment strategies. We first 

developed a customized simulated annealing framework for optimizing network structures, 

integrating expert knowledge to ensure generated models have a logical structure that represent 

current clinical understanding. This framework demonstrated predictive performance comparable 

to out-of-box optimization methods, while providing a highly interpretable network structure. We 

explored potential clinical applications of these networks, including risk stratification, risk factor 

identification, and centre bias analysis. This thesis highlights novel applications of machine 

learning in supporting key aspects of the brachytherapy workflow for cervical cancer, potentially 

enhancing treatment quality and consistency, reducing treatment errors, and providing powerful 

clinical decision-support tools to physicians. 
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Chapter 1- Introduction  

This chapter introduces some of the fundamental challenges associated with treating locally 

advanced cervical cancer (LACC ), focusing on the essential role of brachytherapy. The purpose 

of this chapter is to introduce the motivation for the investigations outlined in the thesis, 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 represents a significant global health challenge, being the 4th most commonly 

diagnosed cancer and the 4th leading cause of cancer death in women.1 The term LACC 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 radiation treatment called brachytherapy is essential for 

patient survival.2ï5 

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 tumour. This approach 

is highly localized, limiting the exposure of surrounding healthy tissues to radiation. The most 

commonly used type of brachytherapy for treating cervical cancer is intracavitary brachytherapy,6  

which involves placing an applicator through the vaginal cavity to treat areas potentially affected 

by cancer, such as the upper vagina, cervix, and uterus (see Figure 2.1). Further detail about 

radiation therapy in general, along with the brachytherapy treatment process is provided in Chapter 

2. Although brachytherapy for cervical cancer has been shown to play an essential role in patient 

survival,2ï5 the quality of treatment is dependent on physician experience, which represents a 

significant challenge potentially leading to variability in treatment outcomes. Suboptimal 
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treatment may increase the likelihood that a patient will experience adverse effects post-treatment 

than can impact quality of life for years following the completion of treatment. These adverse 

effects are commonly referred to in literature as late toxicities or morbidities and are a commonly 

recorded outcome of treatment. During 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. However, 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 datasets. By learning 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 advantages over conventional statistical modelling as it can analyze 

large volumes of treatment information consisting of multiple data types. Additionally, machine 

learning excels at identifying complex or non-linear relationships between variables which are 

commonly seen in the medical domain.7 This ability to address some of the challenges with the 

extensive clinical data collected during cervical cancer treatment allows for development of 

meaningful tools that can aid physicians in the decision-making process. Among the classical 

machine learning methods utilized in these scenarios is the Bayesian network, which can model 

the probability of a certain event occurring based on observed related characteristics. For example, 

a Bayesian network could model the probability of the grass on a lawn being wet (the event) based 

on whether or not there are rain clouds in the sky (related characteristics). These networks are 

adept at handling uncertainties and predicting outcomes based on incomplete datasets,8 making 

them invaluable in settings where decision-making is complex and data-driven insights are critical. 
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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 inefficiencies and introduce data-driven 

decision-support tools into the high-dose-rate (HDR) cervical brachytherapy workflow using 

machine learning techniques. The large quantity of data collected, paired with the potentially 

complex and non-linear relationships encoded between variables influencing treatment quality 

makes brachytherapy problems well-suited for machine learning modelling. Specifically, we look 

to address two aspects of the workflow ï the process of applicator and interstitial needle selection 

as well as late toxicity 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 of providing channels for the radioactive source to pass through during treatment to 

reach the tumour, defining the possible locations that the radioactive source can dwell to deliver 

the treatment. In addition to the base applicator geometry, applicators may have the ability to 

include arrangements of hybrid interstitial needles, providing further locations that the radioactive 

source can dwell and improving target coverage. The 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 the doses delivered to the tumour and healthy tissues, potentially 

reducing the effectiveness of the treatment or increasing the risk of negative side effects.9,10 

Applicator and hybrid interstitial needle selection lends itself to machine learning modelling 

primarily due to the process being highly dependent on clinical judgement and experience.11 The 

complexity and its critical impact on patient outcomes motivates the need for predictive models as 

a decision-support tool for physicians.  
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In radiation therapy, several types of side effects can occur. Late toxicities are negative health 

effects arising from the irradiation of healthy tissues, and some examples include urinary or fecal 

incontinence, narrowing of the vagina (stenosis), or urinary and gastrointestinal bleeding. These 

effects can appear months to years after radiation therapy has ended, potentially impacting 

patientôs quality of life for years after treatment is complete.12 Although some patterns between 

the dose of radiation given and these late effects have been identified, there are few comprehensive 

models for predicting these toxicities. Existing models are based primarily on single institution 

data and leverage conventional statistical techniques, which may be unable to address complexities 

such as non-linear relationships and intercorrelations between influencing variables. The 

development of a comprehensive toxicity modelling and prediction framework based on high-

quality, 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 into the HDR 

cervical brachytherapy workflow can first enhance treatment quality and consistency while 

reducing treatment errors by providing decision-support for the applicator and hybrid interstitial 

needle prediction process traditionally reliant solely on physician judgement. Furthermore, it 

proposes a novel method for data-driven modeling of late treatment toxicity through the 

application of Bayesian networks on multi-institutional datasets to develop comprehensive 

predictive models. Application of these models is expected to clarify complex relationships and 

intercorrelations between treatment parameters and late toxicity outcomes, facilitating the adoption 

of patient-specific, adaptive treatment strategies in the future. For example, these models could 

allow for the pre-treatment 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 
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affected organ to minimize this risk. Ultimately, the machine learning framework introduced in 

this study is expected to serve as a powerful decision-support tool, promoting more precise, 

consistent, and high-quality patient care. 

1.2 Organization of Thesis 

This thesis is formatted as a manuscript-based thesis consisting of eight chapters. Chapter 

2provides a comprehensive overview of the clinical radiotherapy process for cervical cancer 

patients, with an emphasis on the details of the institutional brachytherapy workflow. Chapter 

3provides an overview of the basic concepts of machine learning and optimization, with an 

additional focus on Bayesian network techniques for toxicity modelling. The subsequent four 

chapters represent manuscript contributions. Chapter 4 provides an overview of the feature 

selection, algorithm comparison, and hyperparameter tuning process for the purpose of applicator 

prediction in cervical brachytherapy. This chapter represents the necessary initial validation of 

machine learning for the applicator selection problem on a retrospective dataset. Chapter 5provides 

the results of the implementation of this applicator selection model and an additional hybrid 

interstitial needle selection model in an ethics-approved prospective clinical study. In Chapter 6, 

we outline the process of developing a simulated annealing-based optimization algorithm for the 

automatic development of Bayesian network structures for outcome prediction in cervical 

brachytherapy. This foundational work was important to facilitate comprehensive, streamlined 

modelling of multiple toxicities for further investigations. Chapter 7 presents a preliminary 

investigation identifying clinical insights that can be gained from the analysis of the previously 

developed Bayesian network models from Chapter 6. Chapter 8 provides a conclusion of this PhD 

research, summarizing the impact and major findings of the work as well as outlining limitations 

and future work. 
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1.3 Research Contributions 

Chapter 4 content has been published in Frontiers in Oncology.13 Supplementary material for 

this manuscript is included in Appendix A. Copyright and co-author permissions are included in 

Appendix D ï Journal Permissions and Appendix E ï Author Permissions. The contributing 

authors are Kailyn Stenhouse, Dr. Michael Roumeliotis, Philip Ciunkiewicz, Dr. Robyn Banerjee, 

Dr. Svetlana Yanushkevich, and Dr. Philip McGeachy. I 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, assisted with interpretation of results, and provided supervision. Dr. 

Banerjee provided feedback on study design from the perspective of a radiation oncologist using 

a machine learning tool in the clinic. Philip Ciunkiewicz assisted in data collection, feature 

extraction, preliminary machine learning modelling, and interpretation of results. Dr. 

Yanushkevich provided additional expertise and input on the machine learning aspects of the 

study. All authors provided feedback on the final manuscript. 

Chapter 5 content has been published in Brachytherapy.14 Supplementary material for this 

manuscript is included in Appendix B. Copyright and co-author permissions are included in 

Appendix D ï Journal Permissions and Appendix E ï Author Permissions. The contributing 

authors are Kailyn Stenhouse, Dr. Michael Roumeliotis, Philip Ciunkiewicz, Dr. Kevin Martell, 

Dr. Sarah Quirk, Dr. Robyn Banerjee, Dr. Corinne Doll, Dr. Tien Phan, Dr. Svetlana 

Yanushkevich, and Dr. Philip McGeachy. I 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 revisions. Dr. McGeachy and 

Dr. Roumeliotis assisted in study conceptualization and design, assisted with interpretation of 
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results, and provided supervision. Dr. Banerjee, Dr. Doll, Dr. Martell, and Dr. Phan accrued 

patients into the study, provided necessary contours, and provided feedback on study design.  Dr. 

Yanushkevich and Philip Ciunkiewicz provided additional expertise and input on the machine 

learning aspects of the study. Dr. Quirk provided feedback on study design and interpretation of 

results. All authors provided feedback on the final manuscript. 

Chapter 6 content is a manuscript prepared and submitted for publication in Physics in 

Medicine and Biology in May 2024. Supplementary material for this manuscript is included in 

Appendix C. Copyright and co-author permissions are included in Appendix D ï Journal 

Permissions and Appendix E ï Author Permissions. The contributing authors are Kailyn 

Stenhouse, Dr. Philip McGeachy, Dr. Sofia Spampinato, Dr. Kari Tanderup, Dr. Kathrin 

Kirchheiner, Dr. Kevin Martell, Dr. Sarah Quirk, and Dr. Michael Roumeliotis. I 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, assisted with interpretation of results, and provided 

supervision. Dr. Tanderup, Dr. Kirchheiner, and Dr. Spampinato provided expertise related to the 

EMBRACE clinical trial, toxicity modelling, and assisted with identifying the study purpose. Dr. 

Martell and Dr. Quirk provided additional expertise related to the cervical brachytherapy 

workflow. All authors provided feedback on the final manuscript. 

Chapter 7 content represents work currently in progress to be compiled and submitted as a 

manuscript to a peer reviewed publication at a later date. The contributing authors are Kailyn 

Stenhouse, Dr. Philip McGeachy, Dr. Sofia Spampinato, Dr. Kari Tanderup, Dr. Kathrin 

Kirchheiner, Dr. Kevin Martell, Dr. Sarah Quirk, and Dr. Michael Roumeliotis. I conceptualized 

and designed the individual studies, prepared data and code for Bayesian network modelling, 
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performed the data analysis, and prepared the initial results for publication within this thesis. Dr. 

McGeachy and Dr. Roumeliotis assisted in study conceptualization and design, assisted with 

interpretation of results, and provided supervision. Dr. Tanderup, Dr. Kirchheiner, and Dr. 

Spampinato provided expertise related to the EMBRACE clinical trial, toxicity modelling, and 

assisted with identifying potential avenues for investigation. 
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Chapter 2 - Clinical Cervical Cancer Background 

This chapter provides a comprehensive background on the clinical aspects of cervical cancer 

and its treatment, discussing prevalence, anatomy, screening and diagnosis, and various treatment 

modalities including surgical approaches, brachytherapy, and external beam radiation therapy 

(EBRT). Following this initial overview, we then detail the clinical trials which have shaped the 

current standard of care practices in cervical cancer treatment utilizing brachytherapy. As this 

research focuses on brachytherapy specifically, a thorough overview of this technique and all steps 

of the treatment workflow is provided. This chapter also examines outcomes related to tumour 

control and survival, as well as complications such as bladder, gastrointestinal, and vaginal late 

toxicities and discusses approaches that have been used to model these outcomes. 

2.1 Cervical Cancer 

2.1.1 Prevalence  

Cervical cancer is the 15th most diagnosed cancer in Canadian women.15 Globally, cervical 

cancer is the 4th most commonly diagnosed cancer and the 4th leading cause of cancer death in 

women.1 Cervical cancer is a rare long-term outcome of persistent human papillomavirus (HPV) 

infection, and as such its incidence and mortality are higher in low- and middle-income countries 

where access to adequate healthcare, screening, and education is often limited.16,17 
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2.1.2 Cervix Anatomy 

 

  

 

 

 

 

 

 

 

The cervix (Figure 2.1), located at the lower end of the uterus, is a cylindrical passage 2-4 

cm in length connecting the uterus to the vaginal canal. The ectocervix is the intravaginal structure 

and is lined by squamous epithelial cells.18 These 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 cells. Almost 

all cases of cervical carcinoma develop within the transformation zone or squamo-columnar 

junction, where squamous and columnar epithelial cells meet.16 

Surrounding the cervix and the uterus, the pelvic space includes several critical structures 

and organs-at-risk (OARs), depicted in Figure 2.2. 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 

 
Figure 2.1: Cervix anatomy. © 2023 Terese Winslow LLC, U.S. Govt. has certain rights. (see 

Appendix F ï Image Reproduction Permissions for permissions) 
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and ovaries. The uterus itself is composed of three layers ï the innermost layer is the endometrium, 

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 to the uterus and cervix.19 Advanced 

stage cervical cancer can expand into the parametrium. 

 

 

 

Figure 2.2: 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 F ï Image Reproduction Permissions for permissions) 

2.1.3 Screening, Diagnosis, Staging 

Currently, cervical cancer is controlled and prevented through a two-pronged approach. 

Cervical cancer is first prevented via HPV vaccination programs and regular screening for 

precancerous lesions (colposcopy or Papanicolaou (Pap) smear) is used to detect disease in the 

early stages.16 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 immunosuppression.18 Statistics show a 60-75% drop 
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in cervical cancer incidence following the first cohort of HPV vaccinations, foreshadowing steep 

reductions in the burden of HPV-associated cancers.20ï22 In Canada, screening programs have led 

to improved early detection, with over half of all cervical cancers diagnosed at stage I in 2017.23 

In asymptomatic patients, cervical cancer may be discovered as part of the routine 

screening process. For patients exhibiting symptoms suggestive of cervical cancer ï most 

commonly abnormal or heavy vaginal bleeding (>80% of cases) ï a pelvic examination and 

biopsies of visible lesions are performed.10 The diagnosis of cervical cancer is made based upon 

evaluation of this biopsy, or alternatively cold-knife conization if no gross lesions are visible.24 

Imaging modalities are typically not used for diagnosis and are not employed until the staging 

process. 

Cervical cancer is staged according to the International Federation of Gynecology and 

Obstetrics (FIGO ) guidelines, summarized in Table 2.1.25 For the EMBRACE II clinical trial, 

disease is also staged using the American Joint Committee on Cancer Tumour-Node-Metastasis 

(TNM ) classification system, also summarized in Table 2.1.11 Magnetic resonance imaging (MRI ) 

is considered the reference imaging examination for tumour assessment due to its superior soft 

tissue resolution when compared to computed tomography (CT). In particular, the sensitivity for 

parametrium, bladder, and rectum invasion is high for MRI.26 Nodal 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 detecting small pathological nodes (<1 cm in size), CT and MRI 

have low sensitivities and positron emission tomography (PET) may serve as an alternative 

imaging modality. Indication for surgical nodal staging remains unclear, however laparoscopic 

node dissection appears to be a safe and effective method for surgical staging, if employed.26 
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Table 2.1: 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 

 T1a  IA  Microscopic, not clinically visible, Ò 5 mm depth 

  T1a1 IA1 Ò 3 mm depth 

  T1a2 IA2 > 3 mm and Ò 5 mm depth 

 T1b  IB Limited to cervix uteri with > 5 mm depth 

  T1b1 IB1 Ò 2 cm in greatest dimension 

  T1b2 IB2 > 2 cm and Ò 4 cm in greatest dimension 

  T1b3 IB3 > 4 cm in greatest dimension 

T2   II  Extends beyond cervix, no involvement in pelvic wall or 

lower 1/3 vagina 

 T2a  IIA  Involvement of upper 2/3 of vagina, no parametrial invasion 

  T2a1 IIA1 No parametrial involvement, Ò 4 cm in greatest dimension 

  T2a2 IIA2 No parametrial involvement, > 4 cm in greatest dimension 

 T2b  IIB  Parametrial involvement 

T3   III  Involvement in lower 1/3 vagina, pelvic wall, or 

hydronephrosis 

 T3a  IIIA  Extension to lower 1/3 vagina 

 T3b  IIIB  Extension to pelvic wall or hydronephrosis 

T4   IVA  Spread to adjacent organs (rectal or bladder involvement) 

Regional Lymph 

Node (N) Category 
FIGO Definition  

N

X 

  - Regional lymph nodes cannot be assessed 

N0   - No regional lymph node metastasis  

N1   IIIC1 Regional (pelvic) lymph node metastasis 

N2   IIIC2 Para-aortic lymph node metastasis (±pelvic lymph nodes) 

Distant Metastasis 

(M) Category 
FIGO  Definition  

M

0 

  No distant metastasis 

M

1 

 IVB Distant metastasis   
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2.1.4 Prognostic Factors 

 A variety of prognostic factors have been identified for cervical cancer patients. Tumour 

size, FIGO stage, and nodal involvement are particularly strong prognostic factors impacting 

survival rates.26,27 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 disease stage.26,27  

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 desire for fertility sparing treatment, and 

tumour histology.24,28  

2.1.5.1 Surgical Approaches 

For early stage resectable cancers (stage IA-IIA), hysterectomy and radiation therapy result 

in equivalent tumour control.10 If fertility sparing is desired, procedures that preserve the ovaries 

and uterus can be utilized instead of a radical hysterectomy or chemoradiation.18 For example, 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 benefits compared to chemoradiation, including more effective 

treatment of tumour histologies that are radioresistant and the ability to precisely stage the disease 

based on postoperative findings.16 Adenocarcinomas, which comprise ~25% of cervical cancer 

cases, are generally treated surgically due to the low radiosensitivity of the tumour compared with 

squamous cell carcinomas (~70% of cervical cancer cases).29,30 For 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 malignancy.18 Combining surgical and chemoradiation 

treatments should be avoided, as this combination is demonstrated to result in worse toxicity than 

chemoradiation alone without a significant clinical benefit.18  

2.1.5.2 Brachytherapy 

The use of brachytherapy is critical for patient outcomes. Brachytherapy involves the 

placement of radioactive sources proximal to or within the tumour, enabling a targeted and highly 

localized delivery of radiation. Intracavitary brachytherapy is the most commonly practiced form 

of brachytherapy for the treatment of cervical cancer,6 with HDR brachytherapy surpassing low-

dose-rate (LDR ) brachytherapy in utilization over the past 20 years.6,11,31 LDR brachytherapy and 

HDR brachytherapy differ primarily in the duration of radiation delivery. LDR brachytherapy 

delivers radiation at dose rates between 0.4-2.0 Gray/hour (Gy, 1 Gy = 1 J/kg), generally 

administering radiation over an extended period of 24-48 hours.32 Conversely, HDR brachytherapy 

delivers radiation at dose rates in excess of 12 Gy/hour, reducing the treatment delivery time to 

minutes allowing for outpatient treatment.32 Iridium-192 is the most commonly utilized 

radioisotope for HDR brachytherapy, and itôs characteristics are outlined in Table 2.2.32 

 

Table 2.2: Characteristics of Iridium-192 isotope used in HDR brachytherapy.32 

Isotope Decay Mode Mean Photon Energy (keV) Half -Life (Days) 

Iridium-192 
ɓ Emission (96%) 

Electron Capture (4%) 
380 74 
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Cervical HDR brachytherapy treatments use an applicator, placed through the vaginal 

cavity abutting the cervix that dictates the possible positions an internal radioactive source can 

occupy for a predetermined time interval, treating the upper vagina, cervix, and uterus.11 Figure 

2.3 depicts the equipment used in a typical cervical brachytherapy treatment. The remote 

afterloader is a treatment device that contains the radioactive source in a shielded vault within the 

device when 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 located, automating the motion of the radioactive source from the afterloader to the 

treatment site within the patient. This functionality significantly reduces radiation exposure risks 

compared to manual radiation source placement techniques. The source guide tubes connect the 

applicator to the remote afterloader, allowing the radioactive source to move into the patient during 

treatment. The Iridium-192 source is typically around the size of a grain of rice - the source used 

institutionally is 3.5 mm in length and 0.6 mm in diameter - enclosed in a stainless steel capsule.33 

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 dose fall-off outside 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 techniques.34,35 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.2ï5  
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Figure 2.3: 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 into the patient for treatment 

delivery. Images: Flexitron Remote Afterloader and Ring CT/MR Applicator, Elekta AB, 

Stockholm, Sweden. (see Appendix F ï Image Reproduction Permissions for permissions) 

 

2.1.5.3 External Beam Radiation Therapy 

In contrast to brachytherapy, which is delivered internally, EBRT treatments are delivered 

externally using a linear accelerator (Linac) which delivers a complex three-dimensional (3D) 

dose to a target using high-energy x-rays. Prior to beginning EBRT treatment, a CT scan of the 

patient in a comfortable and reproducible position is acquired and a treatment plan for EBRT is 

created using the acquired image set. This treatment plan will then be used to deliver daily 

treatments to the patient on the linac. A diagram showing the main components of a medical linac 

is shown in Figure 2.4. For EBRT treatment, the patient lays on the treatment couch located at the 

center of the linacôs rotational gantry and is aligned using the on-unit lasers, reproducing the 
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position the patient was CT scanned in for planning purposes. To ensure radiation is delivered 

accurately to the tumour volume, the tumour is localized using the kilovoltage (kV ) imaging arms 

or the megavoltage (MV ) portal imager. The patientôs position is then adjusted to match the image 

set that the treatment plan was developed on. The rotating gantry is used to direct a focused beam 

of radiation at the tumour volume, with 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, defining its maximum 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 collimators (MLC s) 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 modulation.36 There 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 achieve a targeted dose.37 More advanced techniques include intensity-modulated 

radiation therapy, where the radiation beam is delivered at several gantry angles with dynamically 

modulated MLCs to shape the beam. Finally, volumetric-modulated arc therapy involves the 

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 speed, to yield a conformal radiation dose distribution to minimize dose to surrounding 

healthy tissues.37 

For LACC, referring to FIGO stage IB2 and ÓIIB (Table 2.1), the current standard of care 

is combined chemoradiation with curative EBRT and concurrent therapy followed by a 

brachytherapy boost to the target volume.26,38 The most common chemotherapy regimen is weekly 
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cisplatin mono-therapy (40 mg/m2).26 The total duration of treatment should remain less than 55 

days for the most promising prognosis.26,39 

 

 

2.2 EMBRACE Clinical Trials  

 The European Study on MRI-guided Brachytherapy in Locally Advanced Cervical Cancer 

(EMBRACE ) trials are currently the most comprehensive, international, multi-institutional 

clinical studies setting the evidence-based standards for gynecologic brachytherapy. There are 

three notable trials from this collaborative group - the EMBRACE I and EMBRACE II trials, and 

the foundational retrospective retroEMBRACE study.  

 In the early 2000s, the concept of using image guidance to account for not only the primary 

tumour volume, but also regression of the tumour throughout the treatment process and then adapt 

Figure 2.4: Main components of a medical linac used in EBRT. 
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brachytherapy treatments to this volume was introduced.40,41 This process is known as image-

guided adaptive brachytherapy (IGABT ), however clinical evidence for the safety and efficacy of 

this approach was initially limited.42  

 The retroEMBRACE study was a preliminary retrospective multi-institutional 

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 morbidity.42 This retrospective work laid the foundation for the future 

prospective studies. 

 Initiated in 2008, the EMBRACE trial aimed to provide clinical evidence for the safety and 

utility of IGABT.42 Accrual was finalized in 2015, and 1416 patients in total were enrolled. For 

these patients, tumour and normal tissue doses, patient and treatment characteristics, and outcomes 

(survival, control, and morbidity) were recorded for analysis. Historically, 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 in an international, multi-institutional setting and benchmark itôs clinical 

outcomes in a large patient population, to correlate doses delivered to the tumour and normal tissue 

with outcomes, and to develop evidence-based guidelines and prognostic models for clinical 

outcomes considering volumetric, dosimetric, clinical, and biological risk factors.42 

 Following the completion of the initial EMBRACE trial and the demonstrated utility of 

IGABT, the EMBRACE II trial was initiated in 2016. The primary aim of the EMBRACE II 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, risk-adaptive dose prescription protocol based on 

evidence of relationships between delivered dose and outcomes or morbidity from the initial 
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EMBRACE I trial. This study focuses on the implementation of advanced brachytherapy 

techniques, including utilization of more advanced brachytherapy applicators and EBRT 

technology which will allow for tumour dose escalation and OAR dose de-escalation under 

extensive image guidance.43 

2.3 Overview of Cervical Brachytherapy 

Intracavitary gynecologic brachytherapy is the most widely used modern application of 

brachytherapy.26 As such, several groups including the American Brachytherapy Society 

(ABS),3,44 the Groupe Européen de Curiethérapie ï European Society for Radiotherapy and 

Oncology (GEC-ESTRO),28,45ï47 and the International Commission on Radiation Units and 

Measurements (ICRU )26,48 have developed reference documents and guidelines for cervical 

brachytherapy. These documents provide a comprehensive overview of the cervical brachytherapy 

workflow and provide recommendations for all aspects of treatment based on treatment outcome 

data and multi-institutional clinical trials.  
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2.3.1 Workflow Overview 

 

The institutional treatment workflow for brachytherapy for cervical cancer patients is outlined 

in Figure 2.5. Sections 2.3.2 - Imaging to 2.3.8 - Outcomes describe each of the above steps in 

further detail for the HDR cervical brachytherapy workflow. Following diagnosis, the patient 

undergoes imaging to aid in tumour assessment and staging. These imaging techniques are also 

used in the generation of EBRT and brachytherapy treatment plans. The primary imaging modality 

for treatment planning is CT, as it provides the necessary electron density information required for 

dose calculations in heterogenous tissue. To provide additional tumour visualization, MRI and/or 

PET are obtained for tumour and lymph node visualization, with 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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Figure 2.5: Steps in the institutional cervical cancer radiotherapy treatment workflow. 
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while minimizing dose to the OARs. Further details about assessing treatment plan quality are 

outlined in Section 2.3.7 - Treatment Planning. EBRT dose prescriptions are commonly 45-50 Gy, 

delivered in 1.8 Gy/day to 2.0 Gy/day fractions over the course of several weeks. The current 

EMBRACE II trial requires a prescription dose of 45 Gy to the planning target volume (PTV) in 

1.8 Gy/day fractions.43 In the case of parametrial disease or positive nodes, an additional EBRT 

boost can also be delivered. For nodal boosts, the EMBRACE II guidelines recommend a total 

EBRT and brachytherapy dose in the range of 55-65 Gy EQD2.43 Specific fractionations are 

recommended based on the location of the involved nodes. For nodal involvement inside the true 

pelvis (external/internal iliac, obturator nodes) fractionation guidelines outline a simultaneous 

integrated boost of 25 x 2.2 Gy.43 A 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 lower doses to 

surrounding healthy tissues. For nodal involvement outside of the true pelvis (common iliac, para-

aortic, inguinal nodes) fractionation guidelines outline a simultaneous integrated boost of 25 x 2.3 

Gy.43 

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.26 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.43,49,50  

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 nearby OARs due to the steep absorbed dose gradient 
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and the radiation sourceôs ability to travel within or close to the tumour based on the applicator 

used for treatment.51 Prior to brachytherapy, an MRI is obtained to assess the tumour response to 

EBRT. At this stage, the appropriate brachytherapy applicator providing suitable tumour coverage 

is selected. Further details outlining the different available applicators are provided in Section 2.3.3 

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

and various common fractionation regimens for intact cervical cancer are outlined in Table 2.3.52 

Table 2.3: Common fractionation schemes for intact (no surgery) cervical brachytherapy.52 

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 tissues. Image registration is performed to 

align the acquired images from the CT and MRI datasets in a common reference frame. Some 

institutions are transitioning towards using MRI only for both volume delineation and the treatment 

plan generation in brachytherapy, eliminating the need for CT images.53 For brachytherapy, CT 

images may not be required as the most common dose calculation algorithm is the TG-43 

formalism, which treats the body uniformly as water and thus does not rely on electron density 
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information.54 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 notable challenges that currently 

faces MR-only workflows is the difficulties involved with visualizing the applicator and catheters 

on MR images.55ï57 

Contouring is then performed to delineate the targets and OARs in the registered image, 

preferably using the MRI as reference due to its superior soft tissue visualization. Following image 

acquisition and registration, a process of applicator reconstruction is performed to precisely map 

the position of the brachytherapy applicator within the patientôs anatomy. This process allows for 

accurate localization of the radiation source and is necessary for treatment planning. A treatment 

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 OARs. Following 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 status of potentially pathological lymph nodes.26 For 

both EBRT and brachytherapy, CT serves as the primary modality for treatment planning. 

However, the adoption of image guidance in brachytherapy has been more recent, only becoming 

standard practice in the past few years.31,58 CT images are required for EBRT treatment planning 

as they provide a map of electron density information required for dose calculations in 

heterogenous tissue. As mentioned in the previous section, CT images may not be required for 

brachytherapy if a centre has shifted to MR-only 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 needles.45,59 Additionally, high resolution CTs are the preferred 

modality to reconstruct applicator source paths.43 It is recommended that reconstruction be 

performed on images acquired with a slice thickness of Ò 5 mm.26 

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.60 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 position. Imaging 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 disagreeing.26 For EBRT, images are acquired with the patient in the 

supine position. For brachytherapy, images are acquired with the applicator in situ and the patient 

in a supine position with legs bent at the knees. The CTs are acquired with a 3 mm slice thickness 

adhering to the EMBRACE II trial guidelines.60 Institutionally, an energy of 120 kilovoltage 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 MRI, 

which allows for better tumour visualization and can be used to assess local spread and parametrial 

invasion.61,62 Although suitable for OAR delineation, CT tumour contours significantly 

overestimate tumour width, resulting in significant differences in dose metrics.59 

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, illustrated in Figure 2.6.59 As 

such, pelvic MRI has become the new standard for imaging gynecologic cancers.26 Acquisition 
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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 imaged on T2-weighted sequences with 

long time between successive radiofrequency (RF) pulses (time to repetition: TR) and time 

between the RF pulse and peak of the echo signal (time to echo: TE).46 In contrast, T1-weighted 

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

comprising the applicators.46 

 

 

Figure 2.6: Axial pelvic T2-weighted MR (left) and CT (right) images of a cervical cancer patient 

with the HR-CTV contour (pink) illustrating the superior soft-tissue visualization provided by MR. 

Due to soft tissue contrast, MRI is particularly useful for monitoring and assessing 

treatment response, and as such a pre-brachytherapy MRI image is obtained as part of the 

brachytherapy workflow to assess the patientôs response to EBRT.63 As MRI does not provide 

tissue-specific electron density information, it is less commonly used for EBRT treatment 

planning.64 As mentioned in previous sections, brachytherapy planning may be conducted on MR 

images in an MR-only workflow as the commonly used TG-43 dose calculation algorithm assumes 

the treatment is occurring in a uniform water phantom and does not require tissue-specific 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 future.65 

2.3.2.3 Positron Emission Tomography 

 The use of PET in combination with CT is standard in the initial assessment of cervical 

cancer patients.66 PET provides the advantage of being a functional image, compared to the 

anatomical images provided by CT and MRI, that is able to identify tumours based on the uptake 

of fluorine-18 labelled fluorodeoxyglucose (FDG). Uptake of 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 treatment response.67 

2.3.3 Applicator Prediction 

 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 brachytherapy is an intracavitary applicator 

(IC ), comprised of an intrauterine tandem with ovoids or a ring abutting the cervix and providing 

vaginal dose.68 In cases of bulky tumours or unfavourable pelvic anatomy, additional hybrid 

interstitial needles may supplement the intracavitary approach in hybrid interstitial (IC/IS ) 

applicators. Examples of these applicators include the Utrecht, Vienna, Geneva, and Venezia 

applicators.69ï71 In even more advanced disease, a perineal template-based interstitial (IS) 

applicator may be used.72 In all cases, it is important to select the applicator that will provide 

sufficient target coverage while minimizing normal tissue dose.5,9,10,73 Figure 2.7 provides images 

of various cervical brachytherapy applicators. 
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Historically, guidelines recommended that patients with high-risk clinical target volumes 

(HR-CTVs) > 30 cubic centimeters (cc) or HR-CTVs with a lateral extent > 25 mm be treated 

with an IC/IS approach to provide sufficient tumour coverage.43,69 However, there has recently 

been an increasing use of IC/IS applicators even in patients with non-bulky tumours (HR-CTV < 

30 cc) due to improvements in OAR sparing compared with conventional IC applicators.43,74  

Recent studies have investigated different methods for predicting the optimal applicator 

and needle configuration for cervical brachytherapy, however many of these approaches are still 

heuristic-based or cannot be used for the first fraction of treatment as they rely on post-insertion 

imaging. One method attempted to initially stratify patients into those at risk for insufficient HR-

CTV coverage by correlating initial tumour dimensions from pre-EBRT MRIs to brachytherapy 

tumour coverage adequacy.75 Although this approach may be sufficient for an initial broad 

classification of potentially at risk patients and allow for referral of these patients to more 

adequately resourced centres, it is a purely criteria-based approach and does not take into account 

the individual response to EBRT, which can vary depending on patient and disease characteristics. 

Knowledge-based dose prediction models have also been used to inform the need for hybrid 

interstitial needles. A study by Kallis et al. attempted to identify if patients required hybrid 

interstitial needles by using a knowledge-based dose prediction model to predict OAR doses based 

on post-insertion anatomy. Although this model achieved high predictive accuracy, it is limited in 

its application as it does not predict the number or location of needles required, and additionally 

cannot be used fully prospectively for the first fraction of treatment as it requires contours from 

the post-insertion image.76 Finally, a study by Smolic et al. investigated different methods for 

predicting optimal hybrid interstitial needle configurations for the first fraction of brachytherapy.77 

While seeking to develop a pre-insertion 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 arrangements are sparse 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 arrangements pre-brachytherapy. 

 

 

 

Figure 2.7: Cervical brachytherapy 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) Syed-Neblett Perineal Template ApplicatorÀ.  

*Elekta AB, Stockholm, Sweden. ÀBest Medical International, Springfield, VA, USA (see 

Appendix F ï Image Reproduction Permissions for permissions) 
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2.3.4 Applicator Insertion  

Depending on the treatment technique, applicator insertion may be performed at every 

fraction or the applicator may remain in situ for several fractions.52 Generally, intracavitary and 

hybrid interstitial approaches will consist of one fraction per insertion, while template techniques 

will deliver all fractions with only a single insertion. Patients must be properly sedated for patient 

comfort, optimal applicator placement, and applicator stability during treatment delivery. Various 

options for sedation exist, ranging from general to regional anesthesia.78 

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 bladder. The endo-cervical canal is measured for 

selection of appropriate tandem length. The cervix is then 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 interstitial needles 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 used. Applicator insertion is guided using ultrasound to ensure 

full applicator insertion and to minimize the risk of OAR perforation.79,80 Ultrasound imaging is 

commonly performed using handheld two-dimensional (2D) transabdominal or transrectal probes. 



32 

 

2.3.5 Contouring  

 

Figure 2.8: A CT image of an intracavitary implant in the axial plane (left) and sagittal plane (right) 

with contours of the target structures: GTV (red), HR-CTV (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 accurate delineation of these 

structures is important for both the treatment planning and dose reporting steps. As such, any large-

scale clinical trials investigating dose-effect relationships must define standard contouring 

protocols. Important structures for treatment can be broadly divided into two categories ï targets 

and OARs. Examples of all contours relevant for cervical brachytherapy are shown in Figure 2.8. 

Rigorous contouring guidelines for cervical brachytherapy were initially outlined by the GEC-

ESTRO Recommendations I and II,28,47 with updates provided in the ICRU Report 89 and the 

EMBRACE II study protocol.26,43 

For cervical brachytherapy, OARs include the bladder, rectum, sigmoid colon, 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 the ano-rectal sphincter to the sigmoid colon at 

the recto-sigmoid junction. The sigmoid colon contour extends onward from the recto-sigmoid 

junction to the left iliac fossa. The bowel consists of the remainder of the intestinal track (bowel 

loops) including the mesenterium within 3-4 cm of the applicator.43 

Target volumes for brachytherapy include the gross tumour volume (GTV ), the HR-CTV, 

and the intermediate-risk clinical target volume (IR-CTV ). The GTV consists of the residual 

tumour volume at the time of brachytherapy (following EBRT) that is clinically visible through 

clinical examination and visualized on MRI.12,15 It is also known as the GTVres to distinguish from 

the original gross tumour volume at the time of diagnosis. The HR-CTV includes the GTVres, the 

entire cervix (if present), and any residual pathologic tissue. Residual pathologic tissue includes 

edema or fibrosis in the region of the GTV. A critical component of HR-CTV assessment and 

definition is the clinical vaginal examination performed by the radiation oncologist. The IR-CTV 

is then extended from the HR-CTV to include the initial gross tumour volume at the time of EBRT 

to account for any potential microscopic residual disease remaining that is not visible on imaging. 

This also includes a safety margin of 5-15 mm depending on tumour size and location, potential 

tumour spread, tumour regression, and treatment strategy.15 

In addition to target and OAR volumes, several reference points are used for dose reporting 

in cervical brachytherapy. The 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 region.64 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 assessment. The first of these points is the ICRU bladder point, which is located at the 

posterior surface of the bladder balloon on the anterior-posterior line passing through the center of 
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the balloon. The ICRU recto-vaginal point is defined with respect to the applicator position, and 

is 5 mm behind the posterior vaginal wall on an anterior-posterior line drawn from the middle of 

the vaginal sources (ring or ovoids).26 Finally, the post-inferior border of the pubic symphysis 

(PIBS) points serve as reference points for dose to the upper, middle and lower part of the vagina. 

The primary PIBS point is located on the posterior-inferior border of the pubic symphysis at its 

intersection point with the tandem. Two additional points are positioned 2 cm superior (PIBS+2) 

and inferior (PIBS-2) from this point along the tandem axis. These points are shown on Figure 2.9. 
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Figure 2.9: Location of Point A (top ï coronal view) and ICRU Recto-vaginal 

point, bladder point, and PIBS (+2 and -2) points (bottom ï sagittal view). 
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2.3.6 Applicator Reconstruction 

Following applicator insertion and image acquisition with the applicator inserted the 

imaging data is imported into the clinical treatment planning system. Before creating 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 in the acquired images relative to patient 

anatomy.26  

Due to the steep dose gradients present in brachytherapy (5-12% per mm in intracavitary 

applications at distances of 1-3 cm from the source), positional accuracy of applicator 

reconstruction is critical as small positional discrepancies propagate into large uncertainties 

between the planned and delivered dose distributions.45 CT-based reconstruction for intracavitary 

applicators is generally excellent, with sub 2 mm reconstruction accuracy from planned to true 

delivered dwell positions achievable.45,81 CT imaging is preferred for applicator reconstruction as 

the applicator and source paths are well visualized. In contrast, MR-based reconstruction requires 

additional commercially available markers as the air and applicator material do not provide any 

signal.45 

The applicator reconstruction process may be done manually or by using software-based 

templates from libraries that relate the visualized outer dimensions of the applicator with the 

possible dwell positions.30 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 paths can be quickly 

and automatically digitized.64 Manual reconstruction is significantly more challenging, and 

requires manually selecting source paths within the applicator channels and needle lumen.45 For 

highly curved applicators, such as a ring applicator, it is recommended that each dwell position be 
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imaged separately with a dummy source as the true source path may not necessarily be along the 

central axis of the channel.30 

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 shown in Figure 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 percentage of the maximum dose delivered by the treatment. 

Brachytherapy dose distributions, shown in Figure 2.10, are characterized by a steep dose gradient, 

represented by isodose lines that are tightly packed around the source. Additionally, brachytherapy 

dose distributions are more conformal ï meaning that the isodose lines closely encompass the 

target volume ï and have a smaller volume of the body exposed to a low dose wash.  
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Figure 2.10: Sample brachytherapy dose distribution with the 100% isodose line coloured white. 

The area within this line receives at least 100% of the prescription dose. The density of the isodose 

lines represents rapid dose fall-off, with high conformality and a smaller region of the body 

covered in a low dose wash. 

 

Figure 2.11: Sample EBRT dose distribution with the 100% isodose line coloured white. The lower 

density of the isodose lines represents a more gradual dose fall-off compared to Figure 2.10, with 

a larger region of the body covered in a low dose wash (30% isodose line in orange). 
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In brachytherapy, treatment plan optimization is achieved by manually or automatically 

adjusting the length of time for which the source dwells at a given position, called a dwell position, 

within the digitized applicator. The 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 similar approach wherein the isodose lines in the treatment are 

manually dragged and adjusted in the treatment planning system, with dwell times updating based 

on the changes to the isodose lines. Finally, inverse optimization algorithms can be used to 

optimize dwell times. Common commercially-available optimization algorithms for 

brachytherapy include inverse planning simulated annealing (IPSA) and hybrid inverse planning 

optimization (HIPO ).82ï85 In 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 20%.43 

 To compare the biological effects of different dose rate and fractionation schedules, as well 

as to compare and combine the effects of EBRT and brachytherapy treatments, dose is converted 

into equi-effective dose, as if it were delivered in 2 Gy fractions (EQD2).30 In brachytherapy, it is 

standard to report doses as EQD2 values. This value is derived from the linear-quadratic model, 

and is described in Equation 2.1 as:87 
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2.1 

where D is the total dose, d is the dose per fraction, and  is an endpoint- and tissue-specific 

parameter comprised of the linear (Ŭ) and quadratic (ɓ) components of cell death. The Ŭ/ɓ ratio for 

targets and OARs is assumed to be 10 and 3, respectively. For example, Equations 2.2 and 2.3 
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demonstrate the EMBRACE-recommended EBRT fractionation of 1.8 Gy/fraction for 25 fractions 

giving a total dose of 45 Gy would result in an EQD2 for normal tissues (σ and tumour (

ρπ of: 
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 In addition to point dose measurements and investigation of the isodose lines, dose-volume 

histograms (DVHs) are routinely used in radiation therapy to evaluate the quality of the planned 

dose distribution.88 Treatment planning aims are often specified by dosimetric parameters, which 

are points on a DVH. For cervical brachytherapy, the minimum dose received by the hottest x 

volume (Dx) are common, where x 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 HR-CTV D90% represents the minimum dose delivered to the hottest 90% of the 

HR-CTV. OAR volumes are generally expressed in ccs and similarly the bladder D2cc would 

express the minimum dose received by the hottest 2cc of the structure. An example of a cumulative 

DVH is shown in Figure 2.12. The EMBRACE II planning aims are outlined in Table 2.4 where 

doses include the EBRT dose of 45 Gy in 25 fractions.43  

A dose-volume 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 across target volumes and the surrounding OARs, 

allowing clinicians to balance the need to deliver a therapeutic dose to the tumour volume while 
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minimizing exposure to adjacent OARs. As such, dose-volume constraints play a pivotal role in 

treatment planning, serving as thresholds that guide the acceptable dose levels for target volumes 

and the OARs. By comparing the actual treatment plan's DVH metrics against these established 

dose-volume 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 made to meet these constraints without 

compromising the treatment efficacy.  

 

Figure 2.12: Cumulative DVH for a sample patient including GTV, IR-CTV, HR-CTV, bladder, 

rectum, and sigmoid for an intracavitary cervical brachytherapy patient. 
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For cervical brachytherapy, constraints are categorized as prescribed dose limits (hard 

constraints) or planning aims (soft constraints) and generally have the following priority:  

1. Target Hard Constraints 

2. OAR Hard Constraints 

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 recurrence.9,10 OAR doses are then 

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

to adhere to soft constraints, if 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 (EQD210) 

 HR-CTV 

D90% 

HR-CTV 

D98% 

GTV res  

D98% 

IR-CTV 

D98% 
Point A 

Planning Aims 

(Soft Constraints) 
90-95 Gy > 75 Gy > 95 Gy > 60 Gy > 65 Gy 

Dose Limits 

(Hard Constraints) 
> 85 Gy - > 90 Gy - - 

OARs (EQD23) 

 
Bladder 

D2cc 

Rectum 

D2cc 

Recto-Vaginal 

Point 

Sigmoid 

D2cc 

Bowel 

D2cc 

Planning Aims 

(Soft Constraints) 
< 80 Gy < 65 Gy < 65 Gy < 70 Gy < 70 Gy 

Dose Limits 

(Hard Constraints) 
< 90 Gy < 75 Gy < 75 Gy < 75 Gy < 75 Gy 
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Although DVHs are valuable for plan quality assessment, most of the spatial information 

regarding the 3D dose distribution is lost. DVHs do not provide detailed information on the 

locations of hot or 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 toxicities.89ï93 

2.3.8 Outcomes 

 Identifying patient outcomes and dose-effect relationships that are predictive of these 

outcomes are crucial parts of the follow-up process to assess treatment quality in terms of overall 

survival, acute toxicity, and late toxicity. This section will outline the findings for tumour control, 

survival, and OAR toxicities. Many of these relationships were identified in the aforementioned 

retroEMBRACE and EMBRACE I clinical trials.  

2.3.8.1 Tumour Control and Survival 

First, image-guidance in brachytherapy provides a clear benefit over traditional 2D 

brachytherapy techniques for improving tumour control and overall survival while reducing 

recurrence and toxicity.94ï97  

Sufficient dose to the target volumes is associated with local control. The retroEMBRACE 

trial found that for stage II and III disease, the HR-CTV D90% was significant for local control 

with an HR-CTV D90% Ó 85 Gy EQD2 found to provide 3-year local control rates 

of >94%, >93%, and >86% in small (20 cc), intermediate (30 cc), and large (70 cc) HR-CTVs, 

respectively.39 Similarly, local control was found to have significant dose-effect relationships with 

the GTV, IR-CTV, and HR-CTV volumes.39,98,99 

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

with an HR-CTV Ó 30 cc, the usage of an IC/IS applicator was associated with up to a 10% increase 
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in the 3-year local control rate with no related significant difference in the incidence of late 

morbidity between the IC/IS and IC only group.10,100 

Overall treatment time (OTT ), which is measured from the start of EBRT to the completion 

of brachytherapy boost, is 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 HR-CTV of 5 Gy is required to compensate an increase of OTT by one 

week.39 EMBRACE II clinical trial guidelines recommend limiting the OTT to 50Ò days for best 

prognosis.60 

Para-aortic failures were the common source of nodal failure 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 receive para-aortic irradiation.101 As 

such, investigating the importance of para-aortic nodal irradiation in high-risk patients was a target 

of the EMBRACE II trial.43 

2.3.8.2 Bladder Toxicity 

 Bladder toxicities seen in cervical radiotherapy include frequency, urgency, incontinence, 

cystitis, fistula, and bleeding.12,102 From the EMBRACE study, it was found that bladder D2cc > 

80 Gy EQD2 is associated with a clinically significant increase in grade 2 cystitis.12 Similarly, 

ICRU bladder point doses >75 Gy are associated with an increase in grade 2 incontinence.102 Dose-

effect relationships were found correlating bladder D2cc with grade 2 or higher fistula, bleeding, 

and cystitis while the ICRU bladder point dose is correlated with cystitis, pain, urgency, and 

incontinence.12,103 For patient-specific factors, baseline urinary toxicity and a high body mass 

index (BMI ) were found to be significant risk factors for most bladder endpoints while age and 
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local FIGO stage were predictive of grade 2 cystitis.12,102 In addition to bladder D2cc, other studies 

have correlated bladder D0.1cc dose with bladder toxicities.104 

  The location of the bladder D2cc has been shown to 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 neck/trigone.103 As such, the ratio between D2cc and ICRU bladder 

point dose has been developed as a surrogate of the D2cc location.105 

2.3.8.3 Gastrointestinal Toxicity 

 For the sigmoid colon and bowel, it can be challenging to assess dose-effect relationships 

due to the mobility of these organs. As the EMBRACE trial did not record information about the 

mobility of these organs between brachytherapy fractions, no dose-effect relationships currently 

exist.43,106 Although there is an absence of dose-effect relationships, the EMBRACE trial found 

that patients with large lymph node boosts (V57 Gy) were at higher risk for sigmoid events and 

rectal toxicity.107 

 Commonly reported rectal toxicities include proctitis and rectal bleeding. Fistula is another 

possible toxicity; however, it is a less common outcome. Overall rectal toxicity grade has been 

found to progressively increase with rectum D0.1cc and D2cc.108 The ICRU recto-vaginal point 

dose is also correlated with rectal toxicity.107 A rectum D2cc Ò 65 Gy is associated with more 

minor and less frequent rectal toxicity, particularly for rectal bleeding and proctitis, with doses Ó 

75 Gy associated with more major and frequent morbidity and an increased fistula risk.108 Ujaimi 

et al. also investigated intermediate dose-volume 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.109  
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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 recto-vaginal point dose, with an increase in incidence of grade 2 or higher 

toxicity from 20% to 34% with an increase of dose from 65 Gy to 85 Gy.110 Vaginal dryness was 

found to be the second most common toxicity with bleeding and mucositis being mild and rare.111 

For the EMBRACE II trial, vaginal dose de-escalation 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 applicators.43  

2.3.9 Outcome Modelling 

In addition to identifying dose-volume 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 interest. Jiang et 

al. developed nomograms for predicting 1, 3, and 5-year overall survival and cancer-specific 

survival including  patient, tumour, and treatment characteristics.112 Performance of these 

nomograms for the training and validation cohort was excellent, with receiver operating 

characteristic ï area under the curve (ROC-AUC) values above 80% for all models.27  

The ROC-AUC, 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 classes. The ROC-AUC measures the area under the ROC curve, which 

plots the True Positive Rate (TPR) against the False Positive Rate (FPR) 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 are incorrectly classified as positive by the 

model. A sample of an ROC plot is shown in Figure 2.13. Note that an ROC-AUC 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 better-than-random performance, 

with a value of 1 indicating a perfect classifier. 

 

Figure 2.13: Sample ROC curve for a trained model (orange line) and a random classifier (blue 

line). The AUC is listed for each of the classifiers.  
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Although the nomogram-based models mentioned above are accurate, these models 

included few features related to radiation therapy. Similar models have been developed by other 

research groups to model progression-free survival, pelvic recurrence, and subgroup models for 

overall and cancer-specific survival.27,113ï116 Development of these nomograms for cervical cancer 

patients has largely focused on survival modelling and not toxicities, although Meng et al. recently 

developed a nomogram for predicting acute hematologic toxicity.117 In addition to nomograms, 

survival modelling has been performed with machine learning. Several publications have emerged 

using various neural network structures to model 5- and 10-year overall survival. These models 

generally performed well, with ROC-AUCs around 0.80.118ï120  

The use of machine learning for toxicity prediction is seeing increased use for patients with 

cervical cancer. Notably, convolutional neural networks are being used for predicting bladder and 

rectal toxicity in cervical cancer patients. A study by Cheon et 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 identified bladder D2cc, D5cc, and ICRU bladder point as important 

features.121 Zhen et al. similarly used convolutional neural networks with transfer learning to 

model rectal toxicity, achieving an ROC-AUC of 0.96 when using deformable image registration 

to obtain detailed rectum surface dose maps.122 Chen et al. also investigated rectal toxicity with 

rectal surface dose maps and a support vector machine model, achieving an ROC-AUC of 0.91, 

highlighting the value of detailed 3D positional dose information for predicting these toxicities.123 

Radiation-induced fistula has also been modelled using machine learning techniques, with Tian et 

al. utilizing a support vector machine model and achieving an ROC-AUC of 0.90.124 

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 toxicities.122,123 However, these models have been limited to single-

institution data and may not generalize well to multi-institutional data. Additionally, these models 

may suffer from overfitting due to model complexity in the case of Zhen et al.,122 and as neural 

networks, may lack the interpretability that could undermine their application in the clinical 

setting.125 This work emphasizes the importance of developing simple, interpretable models 

trained on multi-institutional data by highlighting the potential limitations such as overfitting due 

to model complexity and the lack of interpretability inherent in neural networks. By addressing 

these 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 diagnosis processes, and treatment options with a 

focus on the application of radiotherapy in the form of EBRT and brachytherapy. This worked to 

emphasize the complexity of the treatment workflow and the extensive data collected throughout 

the course of radiotherapy in the form of patient and treatment information, imaging, and dose 

distributions. Additionally, this outlined two of the major components of the workflow where 

decision-support would be advantageous, specifically in the processes of applicator 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 

techniques, Chapter 3 will provide an outline of the technical details of various machine learning 

techniques that can be applied within this complex treatment landscape to address 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 Techniques  

 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 predicting outcomes has 

increased significantly. In 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 could be a delivered 

dose, an OAR volume, or a diagnostic characteristic, among others. The ability of machine 

learning models to deal with large amounts of complex data with potentially non-linear 

relationships makes it particularly well-suited for such complex modelling issues. There 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 patterns than a comparative expert human 

observer.126 

 In recent years, machine learning has seen extensive applications in cancer care and 

radiation therapy. There have been several applications to brachytherapy-specific problems,127 

including toxicity modelling,121ï124 applicator digitization,128 seed detection,129,130 treatment 

planning,131ï134 dose prediction,135 quality assurance (QA),136 and auto-contouring.137ï142 These 

applications cover many different stages of the cervical brachytherapy workflow, however there 

is still space to further investigate toxicity modelling and decision-support for the applicator 

selection process. As the optimal radiation therapy plan and treatment 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 high-quality, patient-specific 

treatments. 

 This chapter provides an overview on basic machine learning concepts with a focus on the 

supervised classical machine learning and Bayesian network-based machine reasoning approaches 

utilized in this thesis.  

3.1 Classical Machine Learning 

 Broadly speaking, classical machine learning ï that 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 provided ï supervised, semi-supervised, unsupervised, and 

reinforcement learning.143 This work will focus on supervised classical machine learning and will 

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 variables. The algorithm is then tasked with using these provided 

inputs to predict the values of the outputs, which are known or labelled. Semi-supervised learning 

is useful when a dataset is partially labelled or so large that manual labelling 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. Reinforcement learning, unlike other types, involves an agent that 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 achieving its goals.143 This trial-and-error approach to learning is 

fundamentally different from tracking an input to a label, as it focuses on maximizing long-term 

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 predicting a qualitative or 

categorical output, it is a classification algorithm. If it is instead predicting a series of continuous 

quantitative outputs, it is a regression algorithm.143 The 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 common supervised learning algorithms utilized in the research are outlined below.  

3.1.1 Decision Tree and Random Forest 

One of the most simplistic and flexible machine learning classification algorithms is the 

decision tree. A decision tree is a non-parametric supervised learning method, meaning that it 

makes no assumptions about the underlying distribution of the data. An illustrative sample of a 

simplistic decision tree structure is shown in Figure 3.1. A decision tree is a simplistic structure 

composed of nodes, which are points where the tree splits according to a true/false question based 

on feature characteristics to segment the predictor space.144 In Figure 3.1, 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 is if the tumour FIGO stage is Ò IIA . If it is true, the decision tree moves on 

to the next step, asking if the patient desires fertility sparing. This process continues until a 

classification of surgery or radiation is determined.   
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Figure 3.1: Structure of a decision tree algorithm based 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, either the Gini index or the entropy will be used to 

evaluate the quality of a particular split. The Gini index measures the probability of an observation 

being incorrectly classified when randomly chosen. It is defined in Equation 3.1 as:145 
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3.1 

where ὴis the proportion of observations in class Ὥ at node ὸ and ὑ 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 being pure. 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 Equation 3.2 as:145 
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3.2 

where ὴis the proportion of observations in class Ὥ at node ὸ and ὑ 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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reduces entropy or 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 model. To lower the variance and 

reduce the dominance of any single feature, a series 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 average prediction from all individual trees is combined and this 

becomes the final class determination.144 Figure 3.2 provides a diagram illustrating the structure 

of the random forest algorithm. 

 

Figure 3.2: Structure of a random forest algorithm. This structure is an ensemble-based method of 

multiple individual decision trees. In 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 Gradient Boosted Decision Trees 

Building further on the concept of a random forest, gradient boosting is another ensemble 

tree-based classification method. Boosted 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, gradient boosting 

trains weak, shallow trees in a sequential manner, with the algorithm attempting to reduce the 

model error in each step to generate a strong ensemble.146,147 

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 label.  An additional weak learner is 

then constructed, with 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 learning rate, which controls the 

contribution of each tree to the overall ensemble. A lower learning rate makes the training more 

robust but requires more trees.145 The term ógradientô comes from the stochastic gradient descent 

optimization process, which minimizes a loss function by iteratively fitting weak learners to the 

negative gradient of the loss function.143 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 ensemble-based 

method of multiple individual decision trees. 

3.1.3 Support Vector Machine 

A support vector machine differs in structure from the previously outlined tree-based 

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 form the support vectors. The 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.144 Figure 3.4 illustrates how this hyperplane is drawn through the 

multidimensional space with the support vectors and the margin. In the non-separable case, non-
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linear boundaries are generated by constructing a linear boundary in a large, transformed version 

of the feature space.143 

 

Figure 3.4: Structure of a support vector machine algorithm. This model is classifying class A or 

class B for 2D feature vectors X1 and X2. 

3.1.4 K-Nearest Neighbours 

 K-nearest neighbours is a non-parametric clustering algorithm which 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 provided in Figure 3.5. The 

hyperparameter k, 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. Common distance 

metrics are the Euclidean distance, the Manhattan distance, and the Minkowski distance.143 From 

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 then classified based on the most frequent label among the k nearest 

neighbours. 

 

Figure 3.5: Structure of a K-nearest neighbours clustering algorithm. This model is classifying 

class A or class B for 2D feature vectors X1 and X2. 
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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 are illustrated in Figure 3.6 and described in further detail in the following sections. 

 

Figure 3.6: 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 collection. In the clinical setting, 

this data may come from numerous sources. Treatment 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 the problem 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 learning models, impacting the modelôs efficacy and accuracy. As 

such, acquiring the highest-quality, most complete data during this process is desirable. Data from 

clinical trials, particularly multi-institutional trials, are high-quality sources of data due to their 

rigorous data acquisition protocols and QA 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 models.148 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 variables.148 For Bayesian networks, all continuous data must 

be discretized into bins prior to modelling. Image-based data may require additional pre-processing 

steps such as registration, cropping, and adjustments to image resolution. 

Data profiling is a related subtask to data preparation, and it involves performing statistical 

analysis and visualization steps to form a comprehensive understanding of the dataôs 

characteristics, distribution, and potential underlying 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 importance analysis is a crucial step that aids in understanding the relevance and 

contribution of different features to the modelôs predictive performance. Several different methods 

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 redundant variables.149 Overall, the process of identifying 

feature importance can improve model performance and reduce the complexity of the model 

enhancing its efficiency and interpretability.  

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

varying subsets of input features.149 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.149 These approaches use metrics such as correlation coefficients or mutual information 

to filter input variables based on these scores. Mutual information is defined in Equation 3.3 as: 

ὓόὸόὥὰ ὍὲὪέὶάὥὸὭέὲ ὢȟὣ ὖ ὼȟώ ὰέὫ 
ὖ ὼȟώ

ὖ ὼὖ ώ ɴ  ɴ 
 

3.3 

where X and Y represent the parent and child nodes. PXY represents the joint probability 

mass function of X and Y, which gives the probability that two discrete random variables in a 

probability space will take on certain values ï for example, ὖ ὢ  ὼȟὣ  ώ represents the 

probability that ὢ  ὼ and ὣ  ώ simultaneously. The sum of probabilities over all possible 

values of ὢ and ὣ is equal to 1. Additionally, Px, Py represent the marginal probability mass 

functions of X and Y which gives the probabilities of individual events without reference to values 

of other variables ï for example, ὖ ὢ  ὼ represents the probability that ὢ  ὼ regardless of 

the value of  ὣȢ It is obtained by integrating the joint probability mass function over all possible 

values of the other variables.150 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, some machine learning algorithms also perform feature selection inherently 

during the model training process, such as decision trees. 

3.2.4 Algorithm Comparison ï Nested Cross-Validation 

Algorithm comparison is a crucial step in model selection. It allows 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 dataset or model hyperparameters.151 

When dealing with a small dataset, a process known as nested cross-validation is often employed. 

In this process, two k-fold cross-validation 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.151,152 This methodology, illustrated in Figure 3.7, provides a more conservative estimate 

of the modelôs true performance, providing an algorithm that generalizes well to unseen data.153 

 

Figure 3.7: Diagram illustrating the process of nested cross-validation for algorithm comparison.  

3.2.5 Hyperparameter Tuning and Model Optimization 

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 model (known as its hyperparameters) that maximize performance. This 

process involves iterating through each combination of supplied hyperparameters and selecting the 

combination that provides the highest model performance.  
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Repeated k-fold cross-validation is a robust technique for hyperparameter tuning.151 In this 

methodology, the full dataset is divided in two. A smaller subset is set aside and never used in the 

model tuning process ï this is the holdout dataset that is used to evaluate the model after tuning is 

complete and generally consists of 10-20% of the overall data. The larger set is used to tune the 

model hyperparameters.  

The subset used for hyperparameter tuning is then split into k equal sized folds of data. One 

fold is reserved for validation ï that is, to assess the performance of the current set of 

hyperparameters ï and the remaining k-1 folds are used to train the model. This process is repeated 

n times with shuffled data each time to provide folds composed of different training/validation 

data. When using a grid search methodology, all possible combinations of hyperparameters are 

compared across these k-fold repetitions, searching for the specific combination of 

hyperparameters that yields the best performing model for each combination of data. The 

hyperparameter combination that results in the highest average performance across these k * n 

estimates is the optimized combination of hyperparameters. Figure 3.8 outlines the repeated k-fold 

cross-validation process. 
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Figure 3.8: Diagram illustrating the process of repeated k-fold cross-validation for algorithm 

optimization.  

 

3.2.6 Model Performance Assessment and Usage 

Model performance assessment is the final step in building an effective machine learning 

solution. Once algorithm selection and hyperparameter tuning on the training dataset has been 

completed and the optimal model is identified, the 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 dataset (previously split into training and validation in the k-fold cross-validation 

process) and tested 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 calculated in terms of the modelôs true positive (TP), true negative (TN), false positive 
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(FP), and false negative (FN) predictions. These types of classifications are often visualized in a 

confusion matrix, shown in Figure 3.9. The four different prediction scenarios are outlined below: 

1. True Positive: Model predicts positive class, ground truth is positive class 

2. True Negative: Model predicts negative class, ground truth is negative class 

3. False Positive: Model predicts positive class, ground truth is negative class 

4. False Negative: Model predicts negative class, ground truth is positive class 

             

Figure 3.9: Sample confusion matrix for 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 

it may misrepresent the modelôs true performance, particularly in an imbalanced dataset.154 

Accuracy, shown in Equation 3.4 is simply the ratio of correctly classified samples over all samples 

in the dataset: 

 

ὃὧὧόὶὥὧώ 
Ὕὖ Ὕὔ

Ὕὖ Ὕὔ Ὂὖ Ὂὔ
 

3.4 
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Other commonly used metrics include the precision (Equation 3.5), recall or sensitivity 

(Equation 3.6), specificity (Equation 3.7), and the F1 score (Equation 3.8):   

ὖὶὩὧὭίὭέὲ 
Ὕὖ

Ὕὖ Ὂὖ
 

3.5 

ὙὩὧὥὰὰ ὛὩὲίὭὸὭὺὭὸώ 
Ὕὖ

Ὕὖ Ὂὔ
 

3.6 

ὛὴὩὧὭὪὭὧὭὸώ 
Ὕὔ

Ὕὔ Ὂὖ
 

3.7 

Ὂρ ὛὧέὶὩ 
ς Ὕὖ
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3.8 

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). Recall or sensitivity represents 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 samples in the 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 either.154 This metric is important for medical studies, since it is generally 

desirable to avoid missing positive instances.154  

To provide a more generalized idea of model performance on a holdout dataset, a process 

known as bootstrapping can be conducted to provide an estimate of the uncertainty in a modelôs 

performance. From this bootstrapping technique, a 95% confidence interval can be generated. The 

general approach to bootstrapping is to draw a random single sample with replacement from the 

original dataset (of size n) until the bootstrap contains n samples. This process is then repeated k 
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times to form a series of bootstrapped sets. The average performance metrics for the model are 

then computed for the k bootstrapped sets. The confidence interval can then be calculated using 

the percentile method, where the upper and lower confidence interval bounds of a performance 

metric, P, in a distribution Pboot, are calculated as:155 

ὖ  ‌  ὴὩὶὧὩὲὸὭὰὩ έὪ ὸὬὩ ὖ  ὨὭίὸὶὭὦόὸὭέὲ 

3.9 

ὖ  ρππϷ ‌  ὴὩὶὧὩὲὸὭὰὩ έὪ ὸὬὩ ὖ  ὨὭίὸὶὭὦόὸὭέὲ 

3.10 

Given the desired confidence interval, commonly 95%, the value of the percent of the population 

‌ can be calculated: 

‌  
ρππϷὅέὲὪὭὨὩὲὧὩ ὍὲὸὩὶὺὥὰ

ς
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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 more.156,157 Although commercial artificial intelligence solutions exist in radiation 

therapy, primarily in the auto-contouring and automatic treatment planning spaces,158,159 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 learning-based tool.160 Some of 

this hesitancy in adoption is related to a lack of machine learning education,7 a lack of model 
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interpretability and explainability,161 and the resources required to develop and validate models in 

the clinical setting.161 

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 transparent reporting, machine learning education, 

rigorous validation protocols, and multi-institutional collaboration.7,156,157,161ï163 Despite these 

hurdles, there have been some prospective implementations of machine learning tools, specifically 

in the brachytherapy space. Many of these prospective studies have focused on validating machine 

learning-based treatment planning approaches. Nicolae et al. evaluated the non-inferiority of their 

machine learning-based treatment planning system for LDR prostate brachytherapy compared to 

the conventional treatment planning technique through a Phase I randomized controlled trial.132 

Similarly, these implementations can not only validate the non-inferiority 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 learning-based planning 

system for HDR prostate brachytherapy, identifying the need for additional optimization aims to 

further clinical applicability.164 

In summary, the prospective clinical utilization of machine learning tools in radiation 

therapy holds promise for advancing the field. However, 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 uncertainty.8 Unlike 
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the conventional machine learning approaches outlined in the previous section which rely on 

deterministic algorithms or frequency-based statistics, Bayesian networks operate off of the 

principles of Bayesian inference to update probability estimates for an outcome 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 on data-driven 

techniques, but also inherently allow for the manual incorporation of prior 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 and can effectively make predictions with missing or incomplete data and can 

handle mixed data types with ease.8 

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 providing an overview 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 techniques. In this section, we will provide a general 

outline on the basic theory behind Bayesian networks, as well as providing detail on how they are 

visualized, developed, and used for inference.  

3.3.1 Bayesian Network Theory 

Bayesian networks are a type of probabilistic graphical model that represents a joint 

probability distribution over a set of variables and their conditional dependencies.165 The structure 

of a Bayesian network is a directed acyclic graph (DAG), where nodes represent variables and 
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edges connecting nodes depict probabilistic dependencies between variables.166 Complimenting 

this graphical representation is a set of conditional probability distributions in the form of 

conditional probability tables (CPTs) associated with each node. This combination of graphical 

structure and probability tables enables efficient and probabilistically sound decision-making, 

making Bayesian networks a potentially valuable tool for modelling complex or rare outcomes, 

particularly in the realm of medicine.167 Bayesian networks are based on Bayesô theorem, wherein 

the probability of observing some outcome or event based on prior knowledge of conditions related 

to said event. It can be expressed in Equation 3.12 as the following:168 

ὖὃȿὄ ὖὄȿὃϽ 
ὖὃ

ὖὄ
 

3.12 

where ὖὃȿὄ  is the probability of outcome A occurring given that you have observed 

some cause B, ὖὄȿὃ is the probability of outcome B occurring given that you have observed 

some cause A, and ὖὃ and ὖὄ  being the base probabilities of each of these outcomes occurring 

without observing any other influencing factors. In 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 based on the evidence provided by the parent nodes. This continual updating of 

belief enables Bayesian networks to adapt to new data and observations. 

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 ὲ variables in a Bayesian network, the joint probability distribution, shown in Equation 3.13 

can be expressed as:169 
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ὖὢȟὢȟȣȟὢ  ὖὢȿὖὥὢ  

3.13 

where ὖὥὢ  is the set of parent nodes influencing node ὢ 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 node  ὢ with parents ὖὥὢ  the CPT specifies the 

probability of an outcome of ὢ assuming each possible combination of values for the parent nodes 

ὖὥὢ . 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 a data-driven approach.  

3.3.2 Directed Acyclic Graphs 

DAGs are fundamental components of Bayesian networks, offering a clear framework for 

representing and inferring probabilistic relationships among a set of variables. The graphical 

representation is beneficial for model interpretability as it allows for a clear visualization of the 

dependencies among variables, which makes complex multivariable models more 

understandable.170 The "acyclic" property ensures that there are no loops or cycles in 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 simpler conditional probabilities, simplifying the 

process of probabilistic inference.171 Inference algorithms such as belief propagation, variable 

elimination, and junction tree algorithms leverage this necessary acyclic structure to compute 

probabilities and make inferences efficiently. 
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Figure 3.10: Sample DAG to determine the probability of an accident occurring based on observed 

features impacting traffic.  

A simple example of a DAG is shown in Figure 3.10. In this DAG, the nodes in the network 

are óWeather Conditionsô, óTraffic Congestionô, óTime of Dayô, óDay of Weekô, and óAccident 

Riskô. These nodes represent random variables, and in the context of radiation therapy could 

include variables such as patient characteristics, disease symptoms, or treatment parameters. The 

directed arrows or arcs indicate probabilistic dependencies between the variables. For example, 

the arc from óWeather Conditionsô to óAccident Riskô indicates that the current weather conditions 

influence the likelihood that a traffic accident will occur. The parent nodes influence the 

probability distribution of the child nodes. The absence of an arc implies independence, for 

example, óTime of Dayô is conditionally independent of óWeather Conditionsô. The direction of an 

arc signifies the direction of influence, for example, the arc from óTime of Dayô to óTraffic 

Congestionô indicates that the time of day influences the state of traffic 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 network ï manually or 

automatically from databases.165 Optimizing the structure involves determining the optimal 

arrangement of nodes (i.e. variables) and arcs (i.e. dependencies) that represent the underlying data 

structure. Various algorithms and approaches exist for structure optimization, with two general 

methods ï constraint-based approaches and score-based approaches. Constraint-based approaches 

leverage statistical tests to identify conditional independencies in the data and build the structure 

based on satisfying these independencies. A common constraint-based approach is the PC 

algorithm, which iteratively tests for independencies to construct the Bayesian network.172 As the 

name suggests, score-based 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 Criterion (AIC ), defined in Equations 3.14 and 3.15: 

ὃὍὅςὯ ςÌÎὒ 
3.14 

where Ὧ is the number of parameters in the Bayesian network, which is the number of 

independent entries in all of the CPTs, and ὒ is the maximum likelihood of the data given the 

Bayesian network, described later in Equation 3.16. The BIC can be expressed as: 

ὄὍὅÌÎὲὯ ςÌÎὒ  
3.15 

where Ὧ is the number of parameters in the Bayesian network, ὲ is the number of data 

points in the data set, and ὒ is the maximum likelihood of the data given the Bayesian network. 

The AIC and BIC are useful scoring metrics as they balance model complexity ï the number of 
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parameters ï with a goodness of fit estimate from the likelihood. Greedy Hill Climbing, Chow-

Liu, and Tree-Augmented Naïve Bayes algorithms are common score-based techniques and are 

discussed in further detail due to their use in Chapter 6.173,174  There are also hybrid approaches, 

which are a mix of both constraint- and score-based methods.  

The Chow-Liu algorithm makes the assumption that the Bayesian network can be modelled 

as a tree structure ï meaning that the structure is acyclic and any two nodes are connected by 

exactly one path.175 The scoring metric used for the Chow-Liu algorithm is mutual information. In 

the Chow-Liu algorithm, mutual information is calculated between every pair of variables in the 

dataset to guide structure building. Once mutual information has been calculated, the algorithm 

constructs the network by maximizing the sum of the mutual information across the arcs included 

in the tree and assigns directionality to each edge. The Tree-Augmented Naïve Bayes algorithm is 

similar, creating a Chow-Liu tree using tests that are conditional on the target variable. This 

algorithm learns the network structure using mutual information criteria that is conditioned on the 

target variable. Additionally, the algorithm imposes the structural limitation that each feature node 

can have the target node (i.e. the target variable) and one other feature node as parents.176 The 

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 structure, and the change is kept if it 

improves the score. The ógreedyô aspect ensures that the algorithm always moves towards higher 

scoring configurations, but as such might be prone to getting stuck in local minima.177  

Once the structure of the Bayesian network has been established, the next step is parameter 

optimization wherein the CPTs associated with each node are learned. Parameter optimization is 

generally performed using maximum likelihood estimation (MLE ) or Bayesian parameter 
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estimation. MLE seeks to find parameters that maximize the likelihood function, which assesses 

how likely it is to observe the given training data under a specific set of parameters. Essentially, 

this process seeks to define the parameters that best represent the dataset. For a set of model 

parameters, —, and the observed data, Ὀ, the likelihood function shown in Equation 3.16 is:169 

ὒ—ȿὈ ὖὈȿ—  ὖὨȿ— 
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where ὔ is the total number of data points and Ὠ represents the individual data points. In 

Bayesian network modelling, it is generally the log-likelihood that is used, which is simply the 

logarithm of the above likelihood calculation. It is used to simplify the calculations by converting 

the product into a sum as shown in Equation 3.17:169 

ὰέὫὒ—ȿὈ  ὰέὫὖὨȿ— 

3.17 

Bayesian parameter estimation has its roots in Bayesô Theorem, as outlined in Equation 

3.12. Unlike MLE, this approach incorporates prior belief about parameters and 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 estimation shown in Equation 3.18, given a prior estimate of the 

distribution, ὖ—, and observed data, Ὀ, the output posterior parameter distribution, ὖ—ȿὈ , is:178 

ὖ—ȿὈ ὖὈȿ—Ͻ 
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Both structure and parameter optimization are interconnected and iterative processes. As 

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 in fine-tuning 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 evidence.179 Inference involves calculating the posterior 

distribution of variables, which reflects the updated beliefs about the variables given the available 

evidence. There are two broad types of inference methods ï exact inference and approximate 

inference.179 Exact inference methods calculate the exact probabilities according to the Bayesian 

networkôs model, and examples include variable elimination and belief updates based on junction 

trees.179 The primary downside of exact methods is that they can be computationally intensive and 

are often infeasible in complex network structures. Approximate inference algorithms use Monte 

Carlo simulations to sample from the local distributions, providing an estimate of the posterior 

distribution.179 Examples of approximate inference algorithms include loopy belief propagation 

and Markov Chain Monte Carlo methods. 

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 inference.180 Lazy 

Propagation operates by strategically delaying the computation of probabilities until the values are 

explicitly required by model queries.181 A query is simply the process of asking the model to make 

an inference, for example ï with an observed set of risk factors, what is the probability that a given 

patient will experience a late toxicity? When an inference query is made, Lazy Propagation begins 

by marking all 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 nodes that are indirectly be affected by this evidence are flagged as 

uncomputed and their probabilities will  need to be recalculated due to observed evidence.182 

Probabilities are calculated using the Bayesian formula outlined in Equation 3.12, and can be 

expressed in terms of the nodes as: 

ὖὔȿὖὥὶὩὲὸίὔ ὖὖὥὶὩὲὸίὔȿὔ Ͻ 
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where N is the node with the probability to be calculated, and Parents(N) are the parent 

nodes of the node to be updated, N. Overall, the selective updating in Lazy Propagation helps 

manage computational resources better, with computations only being carried out when a query 

requires a probability that depends on them.  

3.3.5 Structural Equation Modelling and Bayesian Networks 

Structural equation modelling (SEM) 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 useful 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.183 

 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 measured but can be inferred from 

other observed variables. For example, a latent variable in HDR cervical brachytherapy might be 

ñpatient resilienceò, which is an unobserved, abstract variable that could be inferred from observed 
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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 variables using a previously 

developed Bayesian network structure, represented by path coefficients. These coefficients allow 

for comparison of the strength of different relationships within the model. A path coefficient close 

to 0 indicates a weak relationship, while a coefficient with larger positive or negative value 

suggests stronger direct or inverse relationships. Additionally, these path coefficients are generally 

presented along with associated p-values describing the statistical significance of these 

relationships. A low p-value, usually below 0.05, suggests that the observed relationship is 

statistically 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 radiotherapy, particularly for 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 volume. Broadly speaking, 

optimization algorithms are mathematical approaches that work to iteratively improve the value of 

a cost function and move through solution space towards an optimal solution to a problem, 

however that optimality is defined by the user. In brachytherapy, optimization techniques were 

first investigated in the 1970s with simplistic approaches to determine the number and strength of 

radiation seeds required to deliver a treatment.184 As brachytherapy treatment planning increased 

in complexity, so too did the optimization approaches used with several notable contributions in 
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the 1990s, including Pouliot et al., who proposed a simulated annealing-based algorithm for LDR 

prostate brachytherapy seed optimization.85 

When looking at multi-objective optimization ï 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 optimized. Figure 3.11 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 optimized solutions represents the Pareto Frontier, shown with the bold red line. 

Any point along this line represents a truly optimized minimization of the cost function, with the 

improvement of any one objective resulting in the others being worsened. Also included in the 

image are infeasible points, shaded in orange, those that lay beyond the Pareto Frontier and cannot 

be accessed. Finally, there is the theoretical Utopia Point, where all objectives are optimized 

without any reduction in other objectives.184 

 

Figure 3.11: Different possible solutions for an optimization problem based on two objectives A 

and B.  
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There are many approaches to optimization, with each type having many different specific 

algorithms that can be used. One common approach to categorizing optimization algorithms is 

labelling them as either stochastic, hybrid, or deterministic. Stochastic optimization algorithms 

employ randomness or probability when changing the variables to 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 to benefit from the strengths of 

each component. Although there are many different optimization approaches, the workflow for 

optimization generally follows the following steps:184 

1. Define a cost function. 

2. Initialize the algorithm (define an initial solution). 

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 3-6 until an optimal solution is found, or the maximum 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 is 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 approach.84  
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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 for navigating 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 may be adept at revealing underlying data 

relationships within vast, undefined solution spaces. Simulated annealing-based approaches have 

been employed for Bayesian network structure learning in the past,185ï187 however, itôs specific 

potential for applications in radiotherapy remains uninvestigated. 

3.4.1 Simulated Annealing 

As outlined in the previous section, simulated annealing is a stochastic global optimization 

algorithm that has found use in brachytherapy, particularly in the treatment planning process. This 

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 

a more stable, optimal state.188 It 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 starts with an 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 solutions. The likelihood 

of accepting a suboptimal solution is controlled by a ótemperatureô parameter, which gradually 

decreases over time mimicking the cooling process in annealing. As the ótemperatureô decreases, 

the probability of accepting a suboptimal solution is lowered. The randomness and gradual 

reduction of exploration probability is notable as it allows simulated annealing to escape local 
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minima and converge towards a global optimum. Figure 3.12 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 of the algorithm 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 schedules to accelerate convergence without compromising 

the algorithmôs global search capabilities.189 Pseudo-code for the developed fast simulated 

annealing framework can also be found in Figure 6.1 for more detailed algorithm information. 

 

 

Figure 3.12: Illustration of process of minimizing an objective function in a simulated annealing 

framework. The red line illustrates the path of optimization, demonstrating the hill-climbing 

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 algorithms, details of the development workflow, and the 

processes for comparing and fine-tuning these algorithms. Additionally, this chapter provides a 

focused explanation of Bayesian networks including their theory, representation, and structure and 

parameter optimization techniques. A general overview on optimization techniques was provided, 

followed by specific details on simulated annealing, which was the technique employed for 

Bayesian network optimization in Chapter 6. The background outlined in this chapter sets the 

foundation for the analytical techniques employed in Chapter 4 through Chapter 7. The upcoming 

sections will leverage the presented machine learning techniques on the HDR cervical 

brachytherapy workflow. These investigations demonstrate the potential for machine learning to 

provide valuable decision-support for applicator selection to 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 expertise.11 The development of a machine learning-based tool could 

provide valuable decision-support, improving the consistency and quality of these clinical 

decisions. The aim 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 classical machine learning models 

for the applicator selection problem. This foundational work sets the stage for future prospective 

studies, guiding the optimization of models based on pre-insertion 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. Future work could 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 approaches 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 

assessment. Chapter 5 of 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 acquired after 
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applicator insertion, anticipating a later adaptation to pre-insertion imaging including a holdout 

dataset. 

The following is a reproduction of a work previously published in Frontiers in Oncology13 

with permission from the journal, publisher, and all co-authors (see permissions in Appendix D ï 

Journal Permissions and Appendix E ï Author Permissions). Only minor changes have been made 

to format the article to be consistent with this thesis. Supplementary documentation submitted with 

the manuscript can be found in Appendix A. 
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4.2 Abstract 

Purpose: To develop and validate a preliminary machine learning model aiding in the selection of 

intracavitary (IC ) versus hybrid interstitial (IC/ IS) applicators for high-dose-rate (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 HR-CTV, proximity of OARs to the HR-CTV, mean and maximum lateral and vertical 

HR-CTV extent, and offset of the HR-CTV centre-of-mass from the applicator tandem axis. 

Feature selection using an ANOVA F-test and mutual information removed uninformative features 

from this set. Twelve classification algorithms were trained and tested over 100 iterations to 

determine the highest performing individual models through nested 5-fold cross-validation. 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 HR-CTV were the most informative features and were thus provided 

to the machine learning models. Relative feature importances indicated that the HR-CTV 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 methods ï AdaBoost Classifier (ABC), Gradient Boosting Classifier (GBC), and 

Random Forest Classifier (RFC). 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 1,000 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 brachytherapy, high-dose-rate 

brachytherapy, radiation oncology, machine learning, decision-support 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 women.190,191 For patients with locally advanced disease ï 

International Federation of Gynecology and Obstetrics (FIGO ) stage IB2-IVA - the current 

standard of care includes pelvic external beam radiotherapy (EBRT) with concurrent 

chemotherapy plus a brachytherapy boost.6,11,38,191,192 High-dose-rate (HDR) brachytherapy is 

crucial in the treatment of locally advanced cervical cancer (LACC ). Due to its high dose 

conformity and rapid dose fall-off 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 techniques.31,34,35 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 uterus.11 The most commonly used intracavitary (IC ) 

applicators are the tandem and ovoid and ring and tandem.11 Additionally, hybrid intracavitary-

interstitial (IC/ IS) applicators have been developed that allow for the use of interstitial catheters 

that are guided by the ring or ovoid, once positioned in the patient.69,70,192 

One challenge inherent to this procedure is the selection of the applicator, as different 

applicator geometries result in a different dose distribution.69 Some recommendations exist to 

guide applicator selection ï current literature identifies a lateral extent of the high-risk clinical 

target volume (HR-CTV ) > 25 mm and an HR-CTV volume > 30 cm3 as indicators for the use of 

interstitial needles.44,47 However, the decision is still largely dependent on the physicianôs 

judgement and experience.11 Sub-optimal applicator selection may arise, resulting in sub-par dose 
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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 to less-desirable patient 

outcomes.194ï196 

Machine learning has been applied in radiotherapy to act as an expert decision-support tool 

which has seen increased attention in medical physics in recent years.126 Machine learning 

techniques have seen considerable interest in radiation oncology, with applications in 

brachytherapy ranging from treatment planning to automatic low-dose-rate (LDR ) seed 

detection.127,129,131,197 In recent years, there has been an increased focus on utilizing machine 

learning to improve HDR cervical brachytherapy. Recent work has included predicting fistula 

formation for patients receiving interstitial gynecologic brachytherapy,124 machine learning-aided 

automatic digitization of interstitial needles and applicators,128,198 and reinforcement-learning 

based inverse treatment planning for tandem-and-ovoid brachytherapy.133 Despite this research, 

the extent to which machine learning can be used to support the applicator selection process for 

cervical HDR brachytherapy has not been explored. 

The ability of machine learning models to mimic human modes of thinking in highly 

complex reasoning tasks makes them well suited to provide decision-support for the applicator 

selection process.199 Additionally, machine learning models 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 assistance 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 of a machine learning model, 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 learning to be used as a decision-support tool in the applicator selection process. In its 

current state, the model can provide external validation for a physicianôs selection of applicator 

post-insertion. This preliminary validation will allow for future expansion of the model to include 

predictions for optimal needle arrangements for treatments requiring interstitial needles and for 

future use in prospective applicator selection for HDR cervical brachytherapy following clinical 

validation. A prospective study utilizing the presented machine learning model on pre-insertion 

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

4.4 Materials and Methods 

4.4.1 Patient Cohort 

Data for the machine learning model 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 IC, 86 IC/IS) 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 needles (IC/IS). In this 

work, the two intracavitary applicator types were grouped to form one class (IC), with the hybrid 

interstitial applicator forming the other class (IC/IS). 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 HR-CTV with each fraction separated by a 

week. The separation of treatments allows for the independent selection of applicator for each 

fraction. For patients prescribed 8 Gy x 3 fractions who were unable to complete the treatment 

course, any completed fractions were included in the data set. 
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4.4.2 Model Framework 

Figure 4.1 illustrates the workflow used to develop the applicator prediction machine 

learning model, broken down into six major development steps. 

 

Figure 4.1: 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 optimized individual models. (5) 

Individual model combination through voting. (6) Evaluation of final machine learning voting 

model. Digital Imaging and Communications in Medicine (DICOM ). 

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 Medicine (DICOM ) format. Applicator 

type, interstitial needle patterns, and relevant structure contours (HR-CTV, intermediate-risk 

clinical target volume (IR-CTV ), gross tumour volume (GTV ), bladder, rectum, sigmoid) were 

extracted and stored within the training database. For the first treatment fraction, contours were 

derived from post-insertion MR images. Subsequent treatment fractions derived contours from 

post-insertion CT images, using previous MR images to aid in the delineation of the HR-CTV. To 

account for class imbalance in the dataset (147 IC fractions, 86 IC/IS 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 for this investigation were 

those expressing the geometric characteristics and relationships between the target volume, 

organs-at-risk (OARs), and the applicator. 

From the structure contours, a series of lower-dimensional 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 HR-CTV. Structure volumes were extracted for the 

bladder, rectum, sigmoid colon, and HR-CTV. The proximity of the OARs to the HR-CTV 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 sigmoid colon). The geometric characteristics of the HR-

CTV were the mean and maximum lateral extent of the HR-CTV (orthogonal to the tandem axis), 

the mean and maximum vertical extent of the HR-CTV (orthogonal to the ring or ovoid plane), 

and the axis offset between the centre-of-mass of the HR-CTV and the tandem axis of the 

applicator, which is an indicator of asymmetry in the HR-CTV geometry. These HR-CTV 

geometry metrics are illustrated in Figure 4.2. 

Each treatment fraction was assigned a weighting ï to be utilized during the training of the 

machine learning model ï according to the fractionôs adherence to EMBRACE dosimetric quality 

metrics (D90 HR-CTV, D98 HR-CTV, D98 GTV, D98 IR-CTV, Point A EQD2, bladder D2cc, 

rectum D2cc, sigmoid D2cc).60 This was implemented to account for possible sub-optimal 

applicator selection in the training data. A fraction with poor dosimetric outcomes would thus be 

used less strongly in the training of the machine learning model. The decimal weighting assigned 

to each treatment fraction based on its dosimetric quality is outlined in Table 4.1. 
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Figure 4.2: A diagram illustrating the selected high-risk clinical target volume (HR-CTV) spread 

metrics, as defined relative to the applicator geometry. The illustrated metrics are (a) axis offset 

between the centre-of-mass of the HR-CTV and the applicator tandem axis, (b) mean and (c) 

maximum lateral extent of the HR-CTV orthogonal to the applicator tandem axis, and (d) mean 

and (e) maximum vertical extent of the HR-CTV orthogonal to the ring/ovoid plane. 

  

Table 4.1: Treatment fraction data weighting regime utilized in the model training process and the 

number of data points belonging to each category. Weights were assigned on a per-fraction basis 

based on adherence to EMBRACE dosimetric quality metrics (D90 HR-CTV, D98 HR-CTV, D98 

GTV, D98 IR-CTV, Point A EQD2, bladder D2cc, rectum D2cc, sigmoid D2cc).60 The highest 

quality plans are assigned full weight, moderate quality plans are assigned half weight, and the 

lowest quality plans are assigned quarter weight. 

Weighting 

Assigned  
# Planning Aim Violations # Dose Constraint Violations # Fractions 

1.0  Ò2 None 134 

0.5  >2 None 32 

0.25  Any Number Ó1 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 predictive capabilities 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 be obtained by knowing the feature. Second, an ANOVA F-test was 

performed. The F-test was used to determine the correlation between the input features and the 

output classification. A higher F-score 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 information and F-scores. 

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 Python.200 Each of the 233 fractions was labelled with the use of either 

IC or IC/IS applicators. Since the desired output of the model is a prediction of class (i.e., IC/IS or 

IC applicator type), a series of supervised classification machine learning algorithms were 

investigated. In this work, the classification algorithms investigated were intended to be 

interpretable compared to more complex machine learning algorithms that act as a ñblack boxò, 

which is important when dealing with limited data and models that can have potentially high 

variance.126,201 

The initial subset of classification algorithms selected for training individual models are 

listed in Table 4.2 with their utilized abbreviations and compatibility with using weighted samples 

during the training process. For classification algorithms that supported training with sample 
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weights (see Table 4.2), the trained individual model performance was evaluated using both 

weighted and unweighted samples. To tune the individual models and compare performance, a 

process of nested 5-fold cross-validation and hyperparameter optimization was performed. This 

methodology is similar to that performed by Deist et al.152 

 

Table 4.2: List of compared classification algorithms, their utilized abbreviation, and compatibility 

with using weighted samples when training the individual model. 

Classification Algorithm  Abbreviation  Weighted Samples?  

AdaBoost Classifier  ABC  Yes  

Gaussian Naµve Bayes Classifier  GNB  Yes  

Gaussian Process Classifier  GPC  No  

Gradient Boosting Classifier  GBC  Yes  

K-Nearest Neighbours Classifier  KNN  No  

Linear Discriminant Analysis  LDA  No  

Logistic Regression Classifier  LRC  Yes  

Multi-layer Perceptron Classifier  MLPC  No  

Nearest Centroid Classifier  NCC  No  

Nu-Support Vector Classifier  NuSVC  Yes  

Quadratic Discriminant Analysis  QDA  No  

Random Forest Classifier  RFC  Yes  

 

The process of hyperparameter tuning and individual model optimization is depicted in 

Figure 4.3. For 100 evaluation iterations of each individual model (Table 4.2), the full dataset was 

randomly split into five subsamples using the KFold function in Scikit-Learn (Step 1). Each 

subsample acted once as the test set and the remaining four times as a component of the training 

set. Following common practice, five folds were used for the inner and outer cross-validation.143 

The individual models were trained on the training set and out-of-sample performance metrics 

were calculated on the test set, including accuracy, precision, recall, F1 score, and ROC ï AUC 

(Receiver Operating Characteristics ï Area Under the Curve). The use of five folds resulted in five 
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estimates per performance metric, which were then averaged to assess the performance for each 

of the 100 iterations. While training using each outer fold, optimal hyperparameters were selected 

using a rigorous grid search using the GridSearchCV function in Scikit-Learn to maximize the 

accuracy of an inner five-fold cross-validation (Steps 3-6). For this inner cross-validation, the outer 

training set was again split into five random subsamples used to compare models with different 

hyperparameters using the KFold function. Classification algorithm selection and individual 

model optimization without this nested cross-validation uses the same data to tune the model 

parameters and evaluate model performance, causing information to leak into the model and cause 

overfitting of the data.202 A list of the hyperparameters that were optimized and their final 

optimized values for each classification algorithm is provided in Supporting Information Table S1 

(Appendix A). 

Once the subset of individual models was trained, the top three highest performing were 

used to form the voting model. Accuracy - the ratio of correct classifications - was 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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Figure 4.3: A diagram illustrating the process of tuning hyperparameters and determining 

individual model performance using nested 5-fold cross-validation. The dataset is first split into 

five outer folds (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 hyperparameters are tuned (Step 4). Both inner 

and outer 5-fold cross-validation utilized the KFold function in Scikit-Learn (parameters were set 

to n_splits = 5, shuffle = True, random_state = iteration number). The optimal hyperparameters 

are then set (Step 5) and the individual 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 class prediction of IC or IC/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 well-calibrated classifiers.203 
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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 often the model uses this feature 

to make key decisions. For the selected tree-based classification algorithms, the relative 

importance of a feature is a measure of how a given feature-based split point improves the 

classification accuracy. The importance of a feature is 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 Leave-One-Out Cross-Validation (LOOCV ) was performed wherein the test 

dataset contains only one data point, with the remaining data being used to train the model. 

LOOCV is a more practical estimate of model performance as it mimics how the model will 

perform when applied in a practical setting, as 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, LOOCV can provide a better estimation of model performance as K-

fold cross-validation may provide an overly pessimistic estimate.143 

4.5 Results 

4.5.1 Feature Selection  

The ANOVA F-score and mutual information were calculated for the full set of features, 

which are shown in Table 4.3. Both tests indicated that the three most informative features were 

the HR-CTV volume, and the mean and maximum lateral extent of the HR-CTV. 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 the HR-CTV to reduce model complexity and remove features 

that did not demonstrate a strong correlation with applicator selection. 

4.5.2 Classification Algorithm Selection and Individual Model Optimization 

The accuracy of each trained individual model is shown in Figure 4.4. In general, individual 

models that utilized weighted sample points to account for dosimetric plan quality (Table 4.1) were 

more accurate than those that did not. The highest performing classification algorithms were tree-

based ensemble methods ï AdaBoost (ABC), Gradient Boosting (GBC), and Random Forest 

(RFC) classifiers. These classification algorithms were used to train the individual models used in 

the subsequent voting model evaluation. 

Table 4.3: ANOVA F-Score and mutual information metrics calculated for each of the extracted 

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 HR-CTV 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 *. NW, No Weight, 

W, Weighted, ABC, AdaBoost Classifier, GNB, Gaussian Naïve Bayes Classifier, GPC, Gaussian 

Process Classifier, GBC, Gradient Boosting Classifier, KNN, K-Nearest Neighbours Classifier, 

LDA, Linear Discriminant Analysis, LRC, Logistic Regression Classifier, MLPC, Multi-layer 

Perceptron Classifier, NCC, Nearest Centroid Classifier, NuSVC, Nu-Support 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 mean classification accuracy 

over the 100 iterations, were the AdaBoost Classifier (ABC), Gradient Boosting Classifier (GBC), 

and Random Forest Classifier (RFC). The results of the comparison are shown in Table 4.4. For 

all performance metrics there was an improved standard deviation for the voting model, illustrating 

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 models (1st = Gradient 

Boosting Classifier [GBC], 2nd = Random Forest Classifier [RFC], 3rd = 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 91.6 ± 3.1 % 90.4 ± 4.1 % 89.5 ± 4.0 % 92.2 ± 1.8 % 

Precision 88.0 ± 2.9 % 84.8 ± 5.5 % 86.6 ± 5.3 % 87.8 ± 2.9 % 

Recall 93.4 ± 6.2 % 95.5 ± 4.6 % 89.9 ± 9.1 % 95.5 ± 3.7 % 

F1 Score 90.6 ± 3.8 % 89.7 ± 4.2 % 88.0 ± 5.3 % 91.4 ± 2.4 % 

4.5.4 Feature Importance for Individual Models in Voting Model 

Figure 4.5 shows the relative feature importance of the subset of six HR-CTV features 

selected. For all individual models, the HR-CTV volume is the most important feature for the 

applicator selection process. For two of the three individual models the lateral mean extent of the 

HR-CTV the second most important feature. 

 

Figure 4.5: Feature importance for the six geometric features used in the three individual 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 (accuracy) of the 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 LOOCV accuracy 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 ± 0.9 % 

Precision 87.3 ± 1.1 % 

Recall 94.5 ± 1.7 % 

F1 Score 90.6 ± 1.1 % 

ROC-AUC 91.8 ± 1.0 % 

Leave-One-Out Accuracy (LOOCV) 89.80% 

4.6 Discussion 

In this work, we validated a voting machine learning model based on three classification 

algorithms with high predictive accuracy to be used as a preliminary decision-support tool 

validating applicator selection post-insertion in LACC brachytherapy treatments. A machine 

learning-based decision-support tool can provide planning assistance towards improving 

applicator selection quality and uniformity. The GEC-ESTRO group has identified the need for 

appropriate applicator and needle selection to deliver optimal dose distributions to the HR-CTV 

and normal tissues, which has been correlated with local recurrence and toxicity, respectively.9,10 

This work is the foundation of a prospective study that will evaluate the improvement in delivered 

dosimetry when using the software tool to support applicator selection. 

Feature selection methods were employed to identify the specific clinical features that 

contributed the most to the applicator selection process (Table 4.3). The identification of the HR-

CTV lateral extent and volume as informative features supports the current applicator selection 

recommendations from the GEC-ESTRO group and the ABS, which confirm that HR-CTV 

geometry characteristics are a primary driver in needing hybrid interstitial needles.44,47 During the 

feature importance investigation, it was also found that the HR-CTV lateral extent and volume 
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held high feature importance for each of the individual models, further supporting the importance 

of these metrics in the applicator selection process. 

The use of accuracy as a metric to compare models resulted in creating 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 slight increase in performance above using 

the best performing individual model (Table 4.4). Additionally, the voting model displays a high 

recall (i.e., true positive rate) of 94.5%, indicating the modelôs ability to identify the use of IC/IS 

needles correctly. This shows that the model is less likely to incorrectly label a case where hybrid 

interstitial needles were required, minimizing the likelihood of the model suggesting an applicator 

that may lead to an underdosing of the target volume. Additionally, once trained the machine 

learning model is capable of predicting an applicator for an unseen patient in fewer than 10 s, 

making it a time-efficient process. 

Machine learning model performance can be limited by both poor-quality data as well as 

limited size of dataset, which will be a persistent issue in brachytherapy utilization. However, this 

was mitigated in this study by incorporating the dosimetric-based weighting factor to ensure the 

model was preferentially learning from the highest quality plans (Table 4.1). The performance 

metrics of the voting model demonstrate relative robustness and as a support tool, may be used in 

combination with clinical judgement to provide certainty when determining the need for interstitial 

needles. In the future, incorporating data from other cancer centres with large cervical HDR case 

volumes could increase the scope of the dataset, improving the quality of the decision-support tool 

by expanding the level of included expertise. 

In its current form, the machine learning model utilizes post-insertion contours to extract 

the geometric features used by the model. This allows the model to act as a quality assurance (QA) 
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tool, validating or contradicting the selection of applicator that was used clinically. For true 

prospective applicator prediction, an ethics-approved study will be conducted to apply this 

machine learning model to a dataset of contours extracted from pre-insertion diagnostic MR 

images. In this prospective study, the machine learning model will predict the use of an IC or IC/IS 

applicator for a new patient based on the pre-insertion geometry metrics. The model prediction 

will then be compared to an expertôs prediction to test agreement and a consensus decision on 

which applicator to use for treatment will be made. This study will use simulated treatment plans 

to evaluate differences in dosimetric plan quality between the two applicators to assess the quality 

of decisions made by experts and the machine learning model.  

To effectively switch from post-insertion to pre-insertion images, the impact of the 

brachytherapy applicator on the deformation and displacement of the HR-CTV and other soft 

tissues must be evaluated. Previous research has investigated the impact of the brachytherapy 

applicator on soft tissue deformation, investigating both the volumetric variation and centroid 

displacement between pre-insertion and post-insertion brachytherapy CT images. Results 

indicated that although volumetric differences of the cervix-uterus were minor, displacements and 

deformations were observed.204 

4.7 Conclusion 

Using the open-source Python machine learning package Scikit-Learn, this work 

establishes a framework for designing, training, and validating a preliminary machine learning-

based tool to provide insight into the applicator selection process based on clinically relevant 

geometric features. Our results provide evidence that easily interpretable tree-based classification 

methods yield high discriminative performance. This work presents the first step in developing a 

comprehensive applicator selection tool and provides preliminary validation for the use of machine 
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learning in the applicator selection process. Currently, the model can be used to validate a 

physicianôs applicator choice post-insertion as a QA tool. Future work will extend this machine 

learning model for use in prospectively selecting brachytherapy applicators for the treatment of 

cervical cancer as well as optimal needle arrangements for treatment volumes that require 

interstitial needles. This prospective study has received ethics approval and utilizes the presented 

machine learning model trained on a dataset of pre-insertion geometry metrics. Improvement in 

the applicator selection process is expected to result in improved dose distributions 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 presented in Chapter 4, this work introduces significant 

advancements in the machine learning-based applicator and hybrid interstitial needle prediction 

process. By adapting the previously developed models for use with pre-insertion imaging and 

including IC/IS needle prediction capabilities, the updated model enables a more comprehensive 

approach to technique prediction. This serves as a validation of our developed model, now tailored 

for pre-insertion applications, using the methodological framework outlined in Chapter 4. 

 The prospective application of this advanced model in an ethics-approved study, coupled with 

a dosimetric evaluation of treatment plans, marks a novel contribution to the field of 

brachytherapy. This approach not only tests the generalizability of our model but also supports its 

potential for larger, multi-institutional studies, addressing the notable delay often seen in the 

clinical implementation of developed machine learning tools. Through this work, we aim to 

emphasize the importance of integrating advanced predictive models into the clinical workflow, 

paving the way for enhanced patient 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 applicator size ï leaving the determination of tandem and 

ring/ovoid size to the radiation oncologist. Inclusion of additional 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 automating 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 study included cervical cancer patients receiving high-dose-rate brachytherapy 

using intracavitary (IC ) or hybrid interstitial (IC/IS ) applicators. For each patient, the primary 

radiation oncologist contoured the high-risk clinical target volume on a pre-brachytherapy MRI, 
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indicated the approximate applicator location, and made a clinical determination of the first 

fraction applicator. A pre-trained machine learning model predicted the applicator and IC/IS 

needle arrangement using tumour geometry. Following the first fraction, machine learning and 

radiation oncologist predictions were compared and a replanning study determined the applicator 

providing optimal organ-at-risk (OAR) dosimetry. The machine learning-predicted applicator and 

needle arrangement and the clinical determination 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 and machine learning had an 

accuracy of 70%. machine learning demonstrated 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%. machine learning-predicted needle arrangements matched or 

improved plan quality when compared to clinically selected arrangements. Overall, machine 

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 presented machine learning model 

demonstrates valuable decision-support for the applicator and needle selection process with the 

potential to provide improved dosimetry. Future work will include a multi-centre study to assess 

generalizability. 

Keywords: cervical brachytherapy, high-dose-rate brachytherapy, machine learning, validation 

study  
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5.3 Introduction  

Cervical cancer is the fourth most common female cancer worldwide, accounting for 340 

000 deaths annually.1,205 The standard of care for patients with locally advanced disease - 

International Federation of Gynecology and Obstetrics (FIGO ) stage IB2-IVA - includes pelvic 

external beam radiotherapy (EBRT) with concomitant chemotherapy and an image-guided 

adaptive brachytherapy boost.206 For these patients, brachytherapy plays a crucial role in escalating 

the radiation dose to the tumour volume and is associated with improved case-specific survival 

and overall survival.38,207,208 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 decision-support 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 applicator (IC ), 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 applicator (IC/IS ) supplement the intracavitary approach. In 

cases of bulky tumours or unfavourable pelvic anatomy, the usage of IC/IS or perineal template-

based interstitial (IS) applicators is important to provide sufficient target coverage while 

minimizing normal tissue dose.5,69,73,209,210 The appropriate applicator and interstitial needle 

arrangement is important for patient outcomes impacting both normal tissue toxicity and disease 

control.9,10 However, several factors complicate the applicator and needle selection process. The 

increasing use of IC/IS applicators even in patients with non-bulky tumours (volumes <30 
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cm3),43,211 paired with interstitial needle selection being highly dependent on clinical judgement 

and experience motivates the need for predictive models as a decision-support tool for 

physicians.11 

The development of machine learning models to radiotherapy is increasing, with numerous 

applications to brachytherapy-specific problems.126 Applications have investigated outcome and 

toxicity modelling,124,127,212,213 applicator digitization,128 seed detection and treatment planning,129ï

133,214,215 quality assurance (QA),135,136 and segmentation.128 However, machine learning models 

are often not fully integrated into the clinical workflow following model development, which is 

important for quantifying the impact of model usage and patient outcomes.7 The purpose of this 

work is to demonstrate the clinical validation of a previously developed machine learning model 

for applicator and interstitial needle prediction through a fully prospective study of model 

performance. This parallel assessment of machine learning compared to clinician performance is 

a crucial intermediate step toward independent machine learning utilization 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 data collected at distinct periods of 

time.162,163 The TRIPOD document provides guidelines on best-practice to develop and validate 

machine learning models 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 (HREBA.CC-20-0378), patients were eligible 

for inclusion if scheduled to receive high-dose-rate (HDR) cervical brachytherapy following 

EBRT. Patients scheduled to receive IS brachytherapy using a Syed-Neblett template were 
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excluded. Patients were accrued from December 2020 to October 2022 and informed consent was 

obtained for all participants. Figure 5.1 provides an overview of the data pre-processing, 

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 II study protocol.43 Oncentra® Brachy TPS version 3.3 (Nucletron, 

Elekta AB, Stockholm, Sweden) was used for treatment planning. Contouring and dose-reporting 

for targets and organs-at-risk (OARs) followed GYN GEC-ESTRO recommendations.28,47 D2cm3 

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

 

Figure 5.1: 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 truth and 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 mm resolution) scans 

were obtained. On these MRIs, the primary radiation oncologist delineated contours used to extract 

geometry metrics of the HR-CTV (see Figure 5.2), including: 

i) The extent of the HR-CTV, contoured according to GYN GEC-ESTRO guidelines.28 

ii)  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 the HR-CTV. 

 

Figure 5.2: Pre-insertion sagittal MR image with contours for approximate ring and tandem 

position (pink), and HR-CTV volume (red). The approximate position of the applicator with 

respect to the HR-CTV 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 the machine learning model 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 the semi-lunar ovoids excluding the 

most posterior needle position, needle positions were mapped to the equivalent positions on the 

Vienna applicator. Only parallel needles were predicted for the Venezia implants. Figure 5.3 

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

 

Figure 5.3: Numbered needle positions for the 26 mm (left) 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 CT-based planning data.13 The same features that drive the requirement for needles - HR-

CTV volume, lateral and vertical extent of the tumour volume, and target volume asymmetry - 

were selected for use. For this prospective study, models were re-trained on pre-insertion MR 

images and a process of repeated 5-fold cross-validation was used to re-optimize hyperparameters 

and assess model performance. Re-optimization was required as previous models were built using 

CT-based contours with the applicator in place, while the prospective model used MR-based 

contours without the applicator. Algorithms used and their tuned hyperparameters are outlined in 

Supplementary Material I. The applicator selection model was trained on 86 patients and the needle 

arrangement model on 41 patients. The Scikit-Learn package for Python was used for all aspects 

of model development.200 
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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 the machine learning model predicted an IC applicator should be used 

with a probability of 50-59% 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 dosimetric consequence.   

5.4.6 Model and Clinician Accuracy 

5.4.6.1 Consensus Applicator 

For machine learning applications, 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 consensus treatment 

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 compared to the initial radiation oncologist and machine learning predictions. 

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 coverage and OAR sparing was 

determined to be the dosimetric ground truth applicator. 
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Following applicator selection, a machine learning prediction 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 Negative: Predicted 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, comparing machine 

learning and radiation oncologist predicted applicators and needle arrangements, 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 manually reoptimized 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 using only the tandem and ring. 

For treatments that used an IC applicator, needles predicted by the machine learning model were 

manually digitized in the treatment planning system and placed parallel to the tandem axis to a 

depth that provided coverage for the full length of the HR-CTV without penetrating OARs.  In 
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cases where machine learning and the radiation oncologist both predicted an IC/IS applicator, a 

replan was manually generated using the needles predicted by the machine learning model to 

determine optimal dosimetry and dosimetric differences associated with varying needle 

arrangements.  

HR-CTV and intermediate-risk clinical target volume (IR-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 an machine learning-predicted 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 that the magnitude 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,52 the dosimetry from the first fraction determination would propagate throughout the 

entire treatment.  

EMBRACE II guidelines were followed, aiming to keep dwell weights within the needles 

to 10 to 15% (maximum 20%).43 To replicate the clinical planning process, the time to generate 

replans was kept clinically reasonable at approximately 30 minutes. Manual re-planning was 

adopted instead of an automated approach, such as hybrid inverse planning optimization (HIPO), 

to align 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 inconsistent with 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 implant using the Venezia 

applicator. Patient FIGO Stages ranged from IB2-IIIC2 and the average pre-insertion HR-CTV 

volume was 21.1 cm3 (9.3 cm3 ï 32.4 cm3). 

5.5.2 Applicator and Needle Arrangement Prediction 

Patients that received IC/IS implants were treated with 4 needles per fraction, on average. 

Pre-insertion radiation oncologist and machine learning applicator predictions and their agreement 

are outlined in Table 5.1 along with applicators used for all treatment fractions. In 60% of cases, 

the initial predictions made by the radiation oncologist and machine learning model agreed. 

Confusion matrices quantifying correct and incorrect predictions are shown in Figure 5.4 to 

provide further detail about misclassifications. Table 5.2 provides the performance metrics for the 

applicator selection model. 

Table 5.1: Radiation oncologist and machine learning predictions summary. 

Patient 

Pre-Insertion Predictions for Fraction 1 
Consensus 

Applicator  Radiation Oncologist 
Machine 

Learning 
Agreement? 

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. 

 

Machine learning predicted that five patients required needles. For three patients, both 

machine learning and 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 agreement with the machine learning 

model. For these five patients, the predicted needle arrangements are shown in Table 5.3 and 

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

the majority of treatment fractions.  

Table 5.3: Comparison of needle arrangement predictions. Predictions for applicator prediction 

agreement (top) and disagreement (bottom) with consensus needles loaded throughout the three 

treatment fractions. 

Performance 

Metric  

Comparison 

RO Prediction 

to Consensus 

Applicator  

ML 

Prediction to 

Consensus 

Applicator  

RO Prediction 

to Dosimetric 

Ground Truth  

ML 

Prediction to 

Dosimetric 

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% 

Applicator Prediction Agreement 

Patient 
Ring Diameter 

(mm) 

Pre-Insertion Needle Predictions Consensus 

Needles RO ML  

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 

(mm) 

Pre-Insertion Needle Predictions Consensus 

Needles RO ML  

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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Figure 5.4: Confusion matrices comparing: a) Radiation oncologist prediction to consensus 

treatment applicator b) Machine learning prediction to consensus treatment applicator c) Radiation 

oncologist prediction to dosimetric ground truth applicator d) Machine learning prediction to 

dosimetric ground truth applicator. 

5.5.3 Replanning Study 

The results of the replanning study are outlined in Table 5.4. A detailed version with 

individual OAR doses is provided in Supplementary Material (Appendix B). The upper portion of 

the table compares the clinical plan from fraction one to the plan generated from the machine 

learning model predictions.  The lower portion of Table 5.4 outlines the results of a replan using a 

simulated IC/IS applicator in the case that both machine learning and the radiation oncologist 

selected IC applicators. Table 5.5 provides the adherence of each OAR dose metric to the 

EMBRACE II 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 shown in Table 5.4), the ground truth applicator 

was established as IC/IS.  

Table 5.4: Results of replanning study. Dosimetry of the clinical plan compared to ML-predicted 

plans (upper). Replans for cases where both machine learning and radiation oncologists predicted 

an IC applicator (bottom). Total differences between the clinical plan and the replan are 

accumulated assuming the same dose over three fractions. EQD2 and BED are calculated ignoring 

EBRT with Ŭ/ɓ = 3. 

Patient 

ID 

Applicators 
Total Impact: OAR Dose 

Difference for 3 Fractions (Gy) 

Preferred 

Treatment 

Decision 

(>3 Gy) Clinical  ML Predicted Physical Dose EQD23 

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 

used 
-2.0 -2.2 

Ground Truth Verification ï IC Agreement 

Patient 

ID 

Applicators 
Total Impact: OAR Dose 

Difference for 3 Fractions (Gy) 

Preferred 

Treatment 

Decision 

(>3 Gy) Clinical  ML Predicted Physical Dose EQD23 

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 EMBRACE II planning aims. 

*Patient did not have bowel contour. 

5.6 Discussion 

In this work, we validate the prospective use of machine learning for applicator and 

interstitial needle selection in HDR cervical brachytherapy. The machine learning model 

demonstrated high performance metrics for applicator and needle selection. This parallel 

assessment of machine learning compared to radiation oncologist performance demonstrated an 

ability to replicate, and in some cases improve dosimetry for the patient cohort, providing 

confidence in the machine learning approach and representing a crucial intermediate step toward 

independent machine learning utilization in the clinic. This validation work represents a necessary 

intermediate step prior to a multi-institutional, double-blinded study and demonstrates the ability 

for machine learning to be integrated into the current clinical workflow. Similar studies have 

Patient 

ID 

Bladder D2cm3 Rectum D2cm3 Sigmoid D2cm3 Bowel D2cm3 

Clinical  
ML 

Predicted 
Clinical  

ML 

Predicted 
Clinical  

ML 

Predicted 
Clinical  

ML 

Predicted 

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 ï IC Agreement 

Patient 

ID 

Bladder D2cm3 Rectum D2cm3 Sigmoid D2cm3 Bowel D2cm3 

Clinical  
ML 

Predicted 
Clinical  

ML 

Predicted 
Clinical  

ML 

Predicted 
Clinical  

ML 

Predicted 

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 
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demonstrated the promising potential of machine learning for improving plan quality and treatment 

consistency. 132,136 This study demonstrates the potential for translation of a machine learning-

based decision-support 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 oncologist and machine learning, though other 

performance metrics differ and highlight the benefits of machine learning-based predictions. The 

machine learning model has a higher recall (sensitivity), meaning the machine learning model is 

better able to determine where IC/IS applicators are required, ensuring optimal dose is delivered 

to the patient. Machine learning slightly over predicted IC/IS applicators when compared to the 

radiation oncologist, resulting in a lower precision score. The clinically preferred misclassification 

is to over predict IC/IS by design to avoid missing implants requiring interstitial needles.  The 

machine learning modelôs more balanced scores for recall (sensitivity) and specificity along with 

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 not missing a significant 

number of IC/IS instances. One parameter that directly impacts the modelôs accuracy is the 

threshold for IC/IS prediction, with an increased threshold corresponding to an increase in the 

frequency of IC/IS prediction.216 The choice of a 60% threshold was determined by prioritizing 

our centreôs clinical preference of prioritizing sensitivity, accepting a higher rate of incorrect IC/IS 

predictions to ensure that cases requiring needles were not missed. This parameter is tunable and 

can be adjusted according to the priorities of a clinic. 

For needle prediction, machine learning-predicted needles and consensus needles are 

similar in geometry and number of needles (Accuracy = 82.5%, Precision = 86.5%, Recall = 

83.3%). The machine learning model 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 ML-predicted needle arrangement either resulted in comparable 

(Patient 6) or improved (Patients 3 and 5) plan quality. One factor complicating needle prediction 

is the effect of rotations of the ring during the insertion process. However, pre-insertion predictions 

can still be valuable as they indicate areas of the HR-CTV where further coverage is required.  

The replanning study demonstrates that using the machine learning-predicted 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 rectal doses. This dose de-escalation corresponds to a reduction 

in the risk of bladder and rectal toxicities, even when reduced below recommended planning 

constraints.43 The largest OAR dose improvements were seen in patients who did not meet clinical 

planning aims, making this de-escalation potentially clinically relevant. Beyond baseline dose 

improvements, use of the ML model was able to bring dose levels for some patients from warning 

levels to acceptable levels as outlined in EMBRACE II.43 For Patient 9, including 45 Gy in 25 

fractions of EBRT, both bladder and rectum D2cm3 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 grade 2-4 

morbidity for bladder and rectal bleeding based on EMBRACE II.43 For Patient 5, bladder D2cm3 

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 the machine learning model ï an incorrect IC prediction (Patient 7) and IC/IS 

prediction (Patient 8). Another patient (Patient 1) was misidentified as IC by both machine 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, pre-brachytherapy and treatment HR-CTV 

contours were compared. For cases where the ML model and radiation oncologistôs predictions 

agreed, the average change in HR-CTV volume from pre- to post-insertion was 0.1 cm3 (-13.3 cm3 

ï 9.4 cm3). For this patient, there was significant change from pre- to post-insertion HR-CTV 

volume (9.3 cm3 to 24.9 cm3). This initial contour volume was the smallest of the cohort, and the 

significant change could indicate that a discrepancy in contour geometry impacted the ability of 

the ML model to make an accurate prediction.  

This variability emphasizes the importance of accurate pre-insertion HR-CTV contours for 

maximizing prediction accuracy as significant differences in contouring practices among different 

radiation oncologists could contribute to inter-observer variability. Although initial validation of 

contours for tandem and ring axis were conducted, the delineation of HR-CTV and prediction of 

treatment technique was ultimately left to the discretion of the treating radiation oncologist. This 

approach to contouring HR-CTV 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 multi-centre study. 

Following TRIPOD recommendations and further validating the model on geographically separate 

data collected by external investigators would provide an additional assessment of model 

generalizability and provide further confidence in the widespread clinical implementation of the 

machine learning model.162,163 

5.7 Conclusion 

The results of this prospective study indicate that the machine learning model provides 

valuable decision-support to the applicator and interstitial needle prediction process in 
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brachytherapy treatments. Use of the machine learning model resulted in increased plan quality 

when compared to the blinded clinical determination. The study reports the translation of a 

foundational machine learning model to a prospective clinical setting in a decision-support 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 after the completion of radiation 

treatment and can dramatically impact quality of life for patients, impacting day-to-day functioning 

for years.217 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 popular for applications in 

healthcare, particularly for their ability to clearly visualize causality and intercorrelations and 

reason where information is uncertain or incomplete.167,218,219   

The aim of the presented manuscript is to develop a framework that can address the drawbacks 

of currently available out-of-box optimization and provide semi-automatic structure optimization 

method, focusing on cystitis modelling. Simulated annealing was chosen as a method to compare 

different Bayesian network structures due to its ability to efficiently explore the solution space, 

which is super-exponentially complex with respect to the number of nodes and the size of 

conditional probability distributions. The structure and parameter optimization time for Bayesian 

networks varies depending on the complexity of the data and network structure. For instance, the 

Tree-Augmented Naïve Bayes structure presented in this chapter requires the longest fitting time 

of all out-of-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 the out-of-box models including cross-validation typically 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, the use of the high-quality, multi-institutional EMBRACE I clinical 

trial data represents a major strength of this work due to data quality and completeness. This 

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 work, which will be applied in Chapter 7, allows for expedited Bayesian 

network generation for other late toxicities. 

The work presented in this chapter was submitted for review to Physics in Medicine and 

Biology in May 2024. Permissions from all co-authors are available in Appendix E ï Author 

Permissions. Only minor changes have been made to format the article to be consistent with this 

thesis. Supplementary documentation submitted with the manuscript can be found in Appendix C. 
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6.2 Abstract 

Purpose: Develop a simulated annealing-based 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 multi-centre EMBRACE I cervical cancer dataset to develop 

Bayesian network structures for moderate-to-severe (grade Ó 2) cystitis (CTCAEv.3) prediction. A 

simulated annealing-based optimization method was developed incorporating information-

theoretic measures, predictive performance measures, and complexity measures. The different 

network structures developed by this framework were compared in terms of complexity, 
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interpretability, and predictive performance to optimization methods available out-of-box from the 

PyAgrum package for Python (Greedy Hill Climbing, Tree-Augmented Naïve Bayes, and Chow-

Liu Optimization). Differences in model predictions arising from structure differences were 

assessed with Cochranôs Q-test (p < 0.05). 

Results: The simulated annealing framework demonstrated the ability to produce Bayesian 

network structures with comparable or superior predictive performance compared to out-of-box 

models. A statistically significant performance difference was identified between the simulated 

annealing and Greedy Hill Climbing methods with Cochranôs Q-test (p < 0.001). The simulated 

annealing approach outperformed Greedy Hill Climbing, with a balanced accuracy of 64.0% 

versus 58.3%, an F1 macro score of 55.9% versus 49.0%, and an ROC-AUC 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 the effectiveness of simulated annealing in creating highly 

interpretable models for clinical use. 

Conclusion: The proposed simulated annealing-based framework represents a novel method for 

automatically generating Bayesian network structures for cervical cancer late morbidity modelling. 

Compared to out-of-box optimization techniques, the simulated annealing Bayesian networks 

provide comparable or superior predictive performance while constructing a more simple, 

interpretable network useful for clinical implementation. 

Keywords: Cervical brachytherapy, high-dose-rate 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 in healthcare, particularly in modelling complex diagnostic and treatment decision-

making processes where information is uncertain or incomplete.167,218 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 intercorrelations.219 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 model.167 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 outcome prediction. 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 well as the probability a 

patient has the associated characteristics given a known outcome.220 These benefits make Bayesian 

networks a powerful decision-making 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 can affect quality of life for patients, impacting day-to-day 

functioning.217 For locally advanced cervical cancer (LACC ) patients, late toxicities may 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), diarrhea, vaginal atrophy and stenosis, and fistula.221 For each 
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patient treatment, managing dose to these OARs is crucial to de-escalate the dose where possible 

and further decrease toxicity.43 The ability to reliably predict such late toxicities could allow for 

adaptation of the treatment planning process to mitigate or manage the likelihood of occurrence.222 

Often, standard models fail to disentangle the complex intercorrelations between risk factors, 

resulting in the identification of single risk factors guided by a priori 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 generation of the directed 

acyclic graph where conditional probabilities are learned.223 In 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 arrows. There are various data-driven and manual 

approaches to structure learning, however many current out-of-box optimization techniques have 

several drawbacks when applied in the context of clinical decision-support model building. Out-

of-box optimization techniques refer to those approaches that are available ñas-is" through various 

analysis software and offer limited customization in their structure. Many of these out-of-box 

optimization techniques do not have the ability to include clinical knowledge and may be unable 

to parse which connections within the dataset are illogical. These often result in models that may 

have connections that do not follow a logical order or causality. Additionally, out-of-box 

optimizations primarily aim to maximize information-based metrics like log-loss 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 models.224 Thus, 
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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 semi-automatic structure optimization while allowing for the 

inclusion of known clinical relationships, assert logical definitions of directionality 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, rather, that supplements and affirms our current clinical 

understanding. 

This study uses the prospective multi-institutional EMBRACE I 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 extensive 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 out-of-box optimization solutions. 

6.4 Materials and Methods 

6.4.1 EMBRACE Dataset 

The dataset used for this study was selected from the EMBRACE I study, which accrued 

1416 patients from 24 centres in Europe, Asia, and North America from 2008 to 2015. EMBRACE 

I was a multi-institutional, prospective observational study investigating the impact of image 

guided brachytherapy for LACC patients (www.embracestudy.dk).42,225 This work focused 

specifically on the investigation of late toxicity endpoints recorded in EMBRACE I. To investigate 

the different optimization methods, the dataset utilized by Spampinato et al. for the analysis on 
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risk factors for urinary morbidity was selected.217 Patients without MRI-assessed bladder wall 

infiltration at diagnosis with morbidity available at baseline and at least one late follow-up were 

included (n = 1153).226 This dataset was chosen to provide a comparable reference for evaluating 

our Bayesian network results against accepted and established clinical results. For each of the 

different optimization techniques, the endpoint was moderate-to-severe (grade Ó 2) cystitis as 

defined by Common Terminology Criteria for Adverse Events v3.0 (CTCAEv3.0).227  To assess 

the ability of the optimization framework to generalize to other toxicities and other OARs, proctitis 

grade Ó2 modelling (n = 1199) was performed using the same procedure as cystitis. As these results 

were supplementary to the primary cystitis modelling, they are presented in Appendix C. From the 

EMBRACE I 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 in Appendix C. In the context of Bayesian network modelling, these risk factors defined 

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

make up the arcs of 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.228,229 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 information was used as 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 two numerical) 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 the generated 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, the ‰k correlation metric was used to select which risk 

factors could be directly connected to the target endpoint.230 The ‰k 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 correlations between risk factors of mixed type. Additionally, the metric can 

capture non-linear dependencies which is valuable for modeling complex risk factors. For initial 

risk factor importance investigation, ‰k was calculated between all the influencing risk factors and 

the target outcome. Risk factors that had a non-zero correlation were allowed as potentially directly 

connected nodes in the network. 

6.4.3 Risk Factor Pre-Processing 

Pre-processing steps were performed to prepare the morbidity dataset for Bayesian network 

modeling. First, target endpoints were defined from the trial data. As mentioned above, the 

endpoint selected was moderate-to-severe (grade Ó 2) cystitis with supplementary moderate-to-

severe (grade Ó2) proctitis modelling to assess generalizability of the optimization approach. 

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 three bins 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 with outliers, and equal 

frequency being sensitive to multiple data points with the same value.231  

6.4.4 Bayesian Network Modelling 

Bayesian network structure learning approaches fall into two categories: score-based and 

constraint-based approaches.223 Score-based algorithms use an optimization framework to find a 

network structure that maximizes a scoring criterion.223 Conversely, constraint-based approaches 

focus on identifying conditional independence between risk; in these 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 relationships.223 As this studyôs 

optimized framework is a score-based approach, we investigated available out-of-box score-based 

algorithms. Three common out-of-box optimization algorithms were selected from the PyAgrum 

package: Chow-Liu, Tree Augmented Naïve Bayes, and Greedy Hill Climbing.180 

 

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 with sufficient optimization time.85 The 

cost function can be tailored to incorporate aspects of out-of-box optimization techniques, like 

complexity regularization and information-theory-based scoring, alongside specific restrictions 

tailored to the clinical application of the framework, including 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, outlined in Equation 6.1, includes several terms. 

The first term assesses the performance of the current Bayesian network structure as a predictive 

model using the F1 macro score. The F1 macro score is the average of the modelôs capability to 

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., recall). The EMBRACE I dataset 

has class imbalance, with 8.8% rate of positive cases for cystitis grade Ó 2. To account for this, the 

F1 macro score is used to provide an assessment of classifier performance across all classes 

individually, in this case the two classes are patients with and without grade Ó2 cystitis and is the 

performance metric used to evaluate model quality in this study. The F1 macro score provides 

equal importance to each class and does not favour classes with larger populations. The F1 score 

is calculated individually for the positive and negative cases, then the results are averaged to obtain 

the F1 macro score. The second cost function term in Equation 6.1 prioritizes 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 arcs. The weighting coefficients were used to account for the differing natural 

ranges of the individual terms and were 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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The general optimization framework is outlined in Figure 6.1.  
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1. Initialize Network Parameters ï Initialize step counter k = 1, temperature parameter To = 50* 

2. Specify Mandatory Arcs ï Include known relationships from clinical experience, literature 

3. Calculate Initial Cost ï Calculate initial cost value, E(k), using Equation 6.1**  

4. Modify Network Structure ï Update the network by taking an action with associated probability 

 

a) Add Primary Arc (20%) 

b) Add Secondary Arc (45%) 

c) Remove Arc (35%) 

5. Check if New Connection is Acceptable ï To ensure illogical connections are not included, check 

if the new connection follows a pre-defined logical sequential order (allowed relationships are outlined 

in Appendix C). If not, reject the change and repeat Step 4 

6. Calculate New Cost ï Calculate cost value for new network structure, E(k+1) using Equation 6.1**  

 If New Cost > Old Cost: 

  

I. Accept New Network 

II. Increment k to k+1 

III. Set Old Cost = New Cost 

IV. Repeat from Step 4 

 Else:  

  

Accept New Network with Probability P(ȹE): 

ὖὉ  Ὡ
Ў

 

*** ὝὯ   

  If Accepted: 

   

I. Accept New Network 

II. Increment k to k+1 

III. Set Old Cost = New Cost 

IV. Repeat from Step 4 

  If Rejected: 

   
I. Accept New Network 

II. Repeat from Step 4 with new action 

Figure 6.1: Structure of simulated annealing-based structure optimization framework that looks to 

maximize cost function. *To = Initial temperature parameter controlling how much exploration of 

solution space is permitted. **During the cost calculation step, a process of repeated 5-fold cross-

validation, outlined in Figure 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 in Figure 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%). For the out-of-box algorithms, this training data was used in a repeated 10 x 5-fold cross 

validation process to identify the different best performing structures over different combinations 

of training and validation data. For each combination of training/validation data, an optimal 

structure is provided by the out-of-box algorithm. Each of the individually optimal models are 

saved and tested over the different cross-validation seeds to get a generalized performance metric. 

The model with the highest average performance metric (averaged F1 macro score) across the 10 

x 5-folds was considered the optimal structure for that out-of-box optimization technique. This 

process was repeated, once with no restrictions placed on the included risk factors and a second 

time including only risk factors selected for 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 through a similar 10 x 5-fold cross 

validation. The performance metric is then assessed across these 10 x 5-folds and the average value 

is used in the cost function outlined in Equation 6.1. This process repeats until a final optimal 

model is built.  

Once the outlined structure optimization technique was complete, the best performing 

structure for the out-of-box and simulated annealing algorithms were saved. This structure was 

then re-fit using the full 80% of the training data and tested on the holdout testing data. Cochranôs 

Q test was used to compare the similarity in the correct and incorrect predictions between the final 

out-of-box and simulated annealing models. Following this, a pairwise McNemarôs test with a 
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Bonferroni correction was applied to compare performance for each of the out-of-box algorithms 

with the simulated annealing algorithm. McNemarôs test was chosen as it requires 10x less 

computation time to fit models when compared to the alternative 5 x 2 cross-validation.151  

In addition to the statistical comparison outlined above, a qualitative assessment of the 

different network structures 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 annealing framework to 

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 based on the temporal sequence of risk factor 

observations. For example, it was forbidden for a dosimetric-type risk factor (bladder D2cc), which 

is observed following treatment, to be an influencing parent node of a diagnostic-type risk factor 

(FIGO stage at diagnosis), which is observed prior to treatment. These rules, outlined by 

individuals with clinical experience, are detailed in Appendix C.  

 

Figure 6.2: Process of structure tuning for the out-of-box (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 factors that were identified as potential direct relationships to the target endpoint 

(cystitis grade Ó 2) through the ‰k correlation metrics (i.e. greater than zero) are provided in Table 

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 the target endpoint. 

Table 6.2 outlines the performance of the compared Bayesian network structures on the 

cross-validation and holdout testing datasets. Metrics presented are the balanced accuracy, F1 

macro score, and the ROC-AUC. Figure 6.3 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 found in Appendix C. Figure 6.4 provides the 

finalized structure from the simulated annealing algorithm. Model complexity is outlined in Table 

6.3.  The finalized model structure for proctitis is provided in Appendix C. 

Cochranôs Q-test was used to compare the differences in model predictions arising from 

model structure. It was found that for out-of-box models with feature selection, there was a 

significant difference between the four models (p = 0.0003 with feature selection). To investigate 

which models were contributing to these differences, Table 6.2 provides the results of the pairwise 

McNemarôs tests of the out-of-box models compared to the simulated annealing model. Similar 

results were found for the proctitis network, and results are provided in Appendix C. 
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Table 6.1: Risk factors identified by the ‰k correlation metric. These risk factors were permitted 

to be directly connected to the target node in the simulated annealing framework. Further details 

about data type and values for each presented metric are available in Appendix C. 

Risk Factor Name ‰k Correlation Value 

EBRT Prescription Dose 0.15 

Bladder D2cm3 0.15 

EBRT V57Gy  0.14 

EBRT V43Gy 0.13 

Baseline Urinary Toxicity 0.12 

BMI  0.12 

EBRT Prescription Dose (EQD2) 0.12 

Rectum D2cm3 0.11 

TScore at Brachytherapy 0.10 

Age 0.09 

Bowel D2cm3 0.09 

ICRU Bladder Point 0.08 

EBRT Para-aortic Elective Field 0.08 

ICRU RectoVaginal Point 0.08 

Hydronephrosis at Diagnosis 0.08 

Pain at Diagnosis 0.06 

Bladder D0.1cm3 0.06 

Brachytherapy Applicator 0.06 

Comorbidities 0.05 

Sigmoid D2cm3 0.05 

Laparoscopic Staging 0.05 

ISV V60Gy3 0.04 

Local FIGO Stage 0.04 

WHO Score 0.03 

TScore at Diagnosis 0.02 
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Figure 6.3: Sample out-of-box algorithm (Greedy Hill Climbing) generated Bayesian network 

structure with feature selection for cystitis grade Ó 2 prediction. Three sample chains with illogical 

connections are highlighted 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 direction. 

 

Figure 6.4: Simulated annealing generated Bayesian network structure for cystitis grade Ó 2 

prediction. Green arcs indicate direct relationships previously identified by Spampinato et al.217 

Yellow arcs indicate relationships that were identified by Spampinato et 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. 
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Table 6.2: Performance metrics for the out-of-box (OOB) algorithms with initial feature selection. 

Metrics are presented for the performance on the cross-validation data and the separate holdout 

testing dataset. Provided p-values describe McNemarôs test with Bonferroni adjusted Ŭ = 0.00833 

comparing simulated annealing optimization to the out-of-box algorithms. CLO = Chow-Liu 

Optimization, TAN = Tree-Augmented Naïve Bayes, GHC = Greedy Hill Climbing, SA = 

Simulated Annealing. 

  

Table 6.3: Complexity of each generated model structure comparing the out-of-box (OOB) 

algorithms to the Bayesian network. CLO = Chow-Liu Optimization, TAN = Tree-Augmented 

Naïve Bayes, GHC = Greedy Hill Climbing, SA = Simulated Annealing. 

Algorithm  Number of Arcs Number of Nodes 

OOB 

No Feature 

Selection 

CLO 40 41 

TAN 79 41 

GHC 43 38 

OOB Feature 

Selection 

CLO 23 24 

TAN 45 24 

GHC 26 24 

SA 18 18 

6.6 Discussion 

This work highlights the utility of an automatic and customizable simulated annealing-based 

Bayesian network structure optimization algorithm in comparison to various out-of-box 

optimization solutions. By building a custom simulated annealing framework, we were able to 

generate Bayesian networks with comparable predictive performance to out-of-box optimization 

techniques while providing considerable improvements in network interpretability and logic, 

which is critical for clinical implementation. These optimization techniques represent a critical 

step in translating Bayesian network models to prospective decision-support that may be 

transparently applied to inform patient treatment outcomes. Cystitis grade Ó2 was selected as the 

Algorithm  

Validation Set Holdout Test Set 

p-value Balanced 

Accuracy 
F1 Macro ROC-AUC 

Balanced 

Accuracy 

F1 

Macro 

ROC-

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 0.0001 

SA 60.9 ± 5.6% 57.1 ± 3.4% 0.64 ± 0.07 64.0% 55.9% 0.66 - 
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target for this initial investigation due to the lack of clinical presentation for lower-grade toxicities 

(grade 1 cystitis) and lower incidence in the dataset of high-grade toxicities (grade Ó3). However, 

this developed framework can be adapted to model new target endpoints in a streamlined manner 

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

is outlined briefly in Appendix C. 

 The scores on the holdout dataset outlined in Table 6.2, compared to the cross-validation 

scores, can provide information on the model's sensitivity to specific training data and potential 

overfitting. For models where the cross-validation 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 express the probability of an outcome 

occurring given certain pre-existing 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 overfit to the data, with each entry in the conditional probability 

table being associated with only a small number of data points, leading to over-sensitivity to data 

splits and overfitting. Of the models presented, this is most clear for the Tree-Augmented Naïve 

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 the target endpoint and one additional risk 

factor. As such, performing feature selection in advance appears to be important for the Tree-

Augmented Naïve Bayes model, as the version that had a smaller subset of risk factors selected 

overfit less. For the other out-of-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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and baseline urinary toxicity) are being directly connected in both the feature selected and non-

feature selected models for both Greedy Hill Climbing and Chow-Liu Optimization. 

In terms of classification ability (balanced accuracy, F1 macro score, ROC-AUC), the 

simulated annealing model performs comparably to the out-of-box models on both the cross-

validation and holdout test set. The Tree-Augmented Naïve Bayes model outperformed on the 

cross-validation 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 the non-overfit models (Chow-Liu 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 in the comparison. With the pairwise McNemarôs tests, only the simulated 

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 the out-of-

box optimization techniques, simulated annealing generates a much more simplistic and 

interpretable model with the complexity term minimizing the number of arcs and nodes included 

in the network. As such, this model has significantly fewer arcs and nodes than the out-of-box 

optimization techniques, illustrated in Table 6.3, 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 unbiased.232 Additionally, 

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 oncology.232 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 simplistic framework for incorporating human 

input can be expanded in cases where more is known about relationships between risk factors and 

clinical outcomes. In cases where there is strong evidence for existing risk factors; such factors 

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

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

Both the out-of-box and simulated annealing approaches provide 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 data-driven nature of this optimization 

technique allows the user to learn from the 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 predictions, represents 

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 and easier 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 and compounding 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 patient-specific, adaptive approach to toxicity management and 

decision-making for treatment. 

6.7 Conclusion 

The simulated annealing-based optimization framework represents a novel method for 

automatic Bayesian network structure generation. The ability to incorporate both data-driven and 

manual structure building techniques paired with a highly tunable cost function represents a 

valuable hybrid approach for clinical applications where known clinical relationships between risk 

factors may exist. Compared to out-of-box optimization techniques, the simulated annealing 

Bayesian networks provide comparable or superior predictive performance while constructing a 

more simple, 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 presented in Chapter 6, this chapter continues to explore 

how machine learning, specifically Bayesian networks, can provide results that complement and 

enhance current established clinical understanding of late toxicities and their related risk factors. 

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 reliability and utility of Bayesian 

networks in a clinical context. This approach reinforces the potential of machine learning models 

to align with and expand upon traditional clinical knowledge. 

Several sub-investigations are presented to validate different aspects and relationships 

identified in the Bayesian network. First, we aim to compare the discretization of dose bins in the 

Bayesian network to established dose stratification guidelines from the EMBRACE study. This 

comparison not only validates the Bayesian networkôs discretization but also provides new 

evidence for updating and refining existing dose stratification guidelines. Second, we use SEM to 

assess the strength and significance of relationships 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 factors. In addition to exploration of these 

relationships, we will examine the impact of centre-specific biases from the multi-institutional 

EMBRACE dataset and its influence on the predictive performance and characteristics 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 process. Our 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 treatments to individual patient needs. 

This chapter represents work currently in progress, to be compiled as a manuscript for 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 the performance of the developed 

model.233,234 Discretization techniques that consider the 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 analyzing the treatment planning guidelines from the EMBRACE I 

clinical trial, discretization serves 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 I planning guidelines indicate that for bladder D2cc EQD2, the planning aim 

is < 80 Gy and the dose limit is <90 Gy, with movement into the next dose level associated with 

an increase in toxicity risk.43 A given Bayesian network may also discretize the supplied 

continuous dose risk factors into categories associated with an increased risk of toxicity, but the 

data-driven nature of these approaches may yield divisions that differ from the established 80 Gy 

and 90 Gy divisions. By comparing these discretized dose categories with current established 
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treatment planning aims and dose limits, we can evaluate the Bayesian networkôs underlying 

parameters against well-known 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 in 6.4.1 ï EMBRACE Dataset, various pre-defined automatic 

discretization methods provided by the PyAgrum package for Python were investigated to identify 

the impact of risk factor discretization and data binning on model predictive accuracy.180 To 

determine which automatic discretization method performs best on our dataset, different 

combinations of discretization parameters were tested using cross-validation to 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 literature. For this investigation, we were primarily 

interested in comparing the discretization of the OAR doses, focusing on the bladder D2cc, rectum 

D2cc, and bowel D2cc, with established planning aims and dose limits that exist from the 

EMBRACE I clinical trial, referenced in Table 2.4 and with only the relevant OAR metrics 

reproduced in Table 7.1.43  

In addition, we investigated the impact 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 on cross-validation performance 

metrics to avoid biasing the model to the holdout dataset, however performance on the holdout 
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dataset was also reported. All analysis was performed with the cystitis Bayesian network structure 

outlined in Figure 6.4 and reproduced in this chapter as Figure 7.1 for reference. 

 

Figure 7.1: Reproduction of Figure 6.4, illustrating the simulated annealing generated Bayesian 

network structure for cystitis grade Ó 2 prediction. Green arcs indicate direct relationships 

previously identified by Spampinato et al.217 Yellow arcs indicate relationships that were identified 

by Spampinato et 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. 

Table 7.1: Planning aims (soft constraints) and prescribed dose limits (hard constraints) for OARs 

in cervical brachytherapy treatment planning. EQD2 includes 45 Gy/25 fractions delivered by 

EBRT.  

OAR Doses (EQD23) 

 
Bladder 

D2cc  

Rectum 

D2cc 

Recto-

Vaginal 

Point 

Sigmoid 

D2cc 

Bowel 

D2cc 

Planning Aims 

(Soft Constraints) 
< 80 Gy < 65 Gy < 65 Gy < 70 Gy < 70 Gy 

Dose Limits 

(Hard Constraints) 
< 90 Gy < 75 Gy < 75 Gy < 75 Gy < 75 Gy 

 

7.2.3 Results 

Table 7.2 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 discrete risk factors. 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 factor pain can be no pain (0), pain 

ï treated with non-opioid medication (1), and pain ï treated with opioid medications (2), this could 

be seen as three categories overall, or could further be condensed into no pain (0) or pain ï treated 

with any medication (1).  

The best performing discretization method for continuous variables was the KMeans 

method. The KMeans discretization technique uses a clustering approach to define bins, and 

addresses some of the weaknesses associated with using uniform or quantile discretization. 

Uniform discretization struggles with generalizing to data with outliers, and quantile discretization 

is sensitive to multiple data points with the same value.231 The discretization method used to 

condense the number of states for discrete variables is somewhat important, with no discretization 

resulting in slightly higher balanced accuracy and similar ROC-AUC and recall scores. 

Conversely, the 2 bin split method (combining all possible states into 2 groups) results in a higher 

precision and F1 macro score.  

Although the KMeans method with 3 bins resulted in the best performance metrics, it was 

observed that the CPTs for the discretization methods using more bins contained more entries with 

missing data. These missing entries were imputed automatically using a 50%/50% probability of 

observing the target outcome, which could skew model performance. It is hypothesized that the 

recall for the KMeans 3 bin discretization method is artificially inflated due to these sparse CPTs 

resulting in an over-prediction of positive cases. As such, the simpler 2 bin model was selected to 

avoid any biasing of the model towards over-predicting positives due to missing data in the CPTs. 
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Table 7.2: Cross-validation performance results for various automatic discretization methods. 

Scores on the holdout dataset are shown in parenthesis. Cells highlighted in green represent the 

highest metrics achieved by any combination of discretization parameters, with cells highlighted 

in orange achieving the second-best performance. Cells highlighted in red had the lowest 

performance. 

Variable Type 
5-Fold Cross-Validation Scores  

(Holdout Scores) 

Continuous Discrete 
Balanced 

Accuracy 

F1 Macro 

Score 
ROC-AUC Precision Recall 

KMeans  

3 Bin 

None 
60.9 ± 5.6% 

(64.0%) 

57.1±3.5% 

(55.9%) 

63.7 ± 7.0% 

(66.0%) 

19.7 ± 4.2% 

(18.0%) 

37.3 ± 11.2% 

(50.0) 

Split 

2 Bins 

60.8 ± 7.0% 

(62.8%) 

58.0 ± 5.1% 

(56.6%) 

62.8 ± 8.7% 

(67.0%) 

21.3 ± 7.0% 

(18.6%) 

35.0 ± 13.1% 

(44.4%) 

KMeans  

2 Bin 

None 
54.7 ± 5.3% 

(61.2%) 

56.0 ± 6.6% 

(62.1%) 

63.2 ± 7.2% 

(65.5%) 

30.4 ± 26.2% 

(33.3%) 

16.4 ± 7.0% 

(27.8%) 

Split 

2 Bins 

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%) 

Quantile 

3 Bin 

None 
55.8 ± 3.7% 

(59.6%) 

51.0 ± 2.3% 

(52.5%) 

58.5 ± 2.2% 

(59.7%) 

13.2 ± 2.2% 

(14.6%) 

36.1 ± 7.2% 

(44.4%) 

Split 

2 Bins 

56.8 ± 3.7% 

(60.4%) 

52.3 ± 2.6% 

(53.4%) 

60.4 ± 6.5% 

(60.4%) 

14.4 ± 2.6% 

(15.4%) 

36.1 ± 6.2% 

(44.4%) 

Quantile 

2 Bin 

None 
54.8 ± 2.3% 

(54.6%) 

55.6 ± 2.9% 

(54.7%) 

60.5 ± 1.6% 

(71.1%) 

36.5 ± 32.2% 

(17.7%) 

15.1 ± 4.6% 

(16.7%) 

Split 

2 Bins 

53.0 ± 2.2% 

(55.7%) 

53.8 ± 3.1% 

(56.4%) 

62.2 ± 3.0% 

(72.2%) 

36.2 ± 33.6% 

(23.1%) 

10.5 ± 2.3% 

(16.7%) 

Uniform  

3 Bin 

None 
55.5 ± 1.8% 

(55.7%) 

55.5 ± 1.8% 

(56.4%) 

58.1 ± 3.8% 

(61.0%) 

22.2 ± 6.3% 

(23.1%) 

18.6 ± 5.6% 

(16.7%) 

Split 

2 Bins 

54.6 ± 2.7% 

(53.4%) 

55.0 ± 3.3% 

(54.0%) 

57.0 ± 3.6% 

(63.6%) 

24.1 ± 8.9% 

(20.0%) 

15.0 ± 6.8% 

(11.1%) 

Uniform  

2 Bin 

None 
49.9 ± 2.2% 

(51.7%) 

49.0 ± 3.0% 

(51.6%) 

61.3 ± 5.0% 

(62.8%) 

6.9 ± 8.6% 

(20.0%) 

3.5 ± 4.7% 

(5.6%) 

Split 

2 Bins 

50.3 ± 1.9% 

(40.2%) 

49.2 ± 2.9% 

(47.3%) 

62.5 ± 3.7% 

(60.6%) 

6.4 ± 8.8% 

(0.00%) 

3.5 ± 4.7% 

(0.00%) 

 

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

method (Continuous: KMeans, 2 bins, Discrete: Split, 2 bins) to the established treatment planning 

guidelines outlined in Table 7.1. These results are presented in Table 7.3. In general, the ranges 

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

particularly for the bladder D2cc (Ò76 Gy versus <80 Gy) and rectum D2cc (Ò63 Gy versus <65 

Gy). However, the range identified for the bowel D2cc is much lower than the corresponding 

EMBRACE planning aim (Ò59 Gy versus <70 Gy). This may suggest that the planning aim 
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threshold for bowel dose is lower than originally identified in literature, potentially motivating a 

more conservative approach with 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. 

Table 7.3: Bin edges defined by automatic discretization (Continuous: KMeans, 2 bins, Discrete: 

Split, 2 bins) compared to EMBRACE treatment planning aims and dose limits. For the 

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 represent the low risk group and red cells 

represent the high risk group. 

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

BayesNet Ò76 >76 Ò63 >63 Ò59 >59 

EMBRACE <80 80-90 Ó90 <65 65-75 Ó75 <70 70-75 Ó75 

 

Finally, we adjusted the bin edges for the included dose risk factors (bladder D2cc, rectum 

D2cc, bowel D2cc) to conform to the specified thresholds outlined in the EMBRACE treatment 

planning guidelines. Results are illustrated in Table 7.4. As the automatic discretization method 

uses two bins (Continuous: KMeans, 2 bins, Discrete: Split, 2 bins) and the EMBRACE guidelines 

are stratified into three levels split by the planning aims and the dose limits, we conducted two 

separate runs to align all OAR dose bins with both the lower planning aims and the higher dose 

limits. Finally, we investigated the impact of adjusting only the OAR dose bins that already aligned 

closely with EMBRACE planning aims ï the bladder D2cc and rectum D2cc ï then investigated 

only adjusting the OAR dose bins for bowel D2cc, which did not show good agreement. Overall, 

it was found that maintaining alignment closer to the EMBRACE planning aims instead of the 

higher dose limits resulted in better model performance. This suggests that the discretization based 

on these guidelines more accurately reflects the true trends in cystitis occurrence. As well, this 
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closer alignment enhanced the precision and recall metrics, suggesting a higher likelihood of 

accurately predicting true positive cases while reducing false negatives. Conversely, in cases 

where there were only small differences between the automatically defined bins derived through 

data-driven optimization and EMBRACE planning aims, smaller reductions in predictive ability 

were observed. This degradation in performance reflects the challenge of balancing clinically 

driven guidelines with the underlying statistical 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 data-driven 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 aims for bowel 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 I trial, 

attributed partially to the mobility of the bowel.43 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 60-70 Gy,43 more closely in line with the data-driven 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 could elaborate on 

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 indicate planning aims or dose limits 

taken from the EMBRACE clinical trial.  Scores on the holdout dataset are shown in parenthesis. 

Discretization 

Bin Divisions 

5-Fold Cross-Validation Scores 

(Holdout Scores) 

Balanced 

Accuracy 
F1 Macro 

Score 
ROC-AUC Precision Recall 

Bladder 

Ò76 Gy, >76 Gy 

Rectum 

Ò63 Gy, >63 Gy 

Bowel 

Ò59 Gy, >59 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 

Ò80 Gy, >80 Gy 

Rectum 

Ò65 Gy, >65 Gy 

Bowel 

Ò70 Gy, >70 Gy 

52.4 ± 3.4% 

(61.2%) 
52.7 ± 4.7% 

(62.1%) 
56.7 ± 6.5% 

(71.1%) 
20.9 ± 16.5% 

(33.3%) 
8.2 ± 6.0% 

(27.8%) 

Bladder 

Ò90 Gy, >90 Gy 

Rectum 

Ò75 Gy, >75 Gy 

Bowel 

Ò75 Gy, >75 Gy 

49.8 ± 1.1% 

(54.2%) 
48.1 ± 1.8% 

(55.3%) 
61.1 ± 5.8% 

(60.2%) 
4.0 ± 8.0% 

(28.6%) 
1.2 ± 2.4% 

(11.1%) 

Bladder 

Ò76 Gy, >76 Gy 

Rectum 

Ò63 Gy, >63 Gy 

Bowel 

Ò70 Gy, >70 Gy 

53.9 ± 1.8% 

(57.4%) 
54.9 ± 2.6% 

(57.4%) 
58.0 ± 7.3% 

(61.3%) 
33.9 ± 18.3% 

(22.2%) 
10.5 ± 2.5% 

(22.2%) 

Bladder 

Ò80 Gy, >80 Gy 

Rectum 

Ò65 Gy, >65 Gy 

Bowel 

Ò59 Gy, >59 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% 

(11.1%) 
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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 connections. Additionally, using this combination of 

statistical methods can inform the pruning of the Bayesian network by identifying weak or non-

significant risk factor relationships that 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 focuses on the strongest risk factor relationships, enhancing 

its relevance and utility in clinical decision-making. Pruning based on risk factor relationship 

strength helps reduce model complexity, 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 assessed using the dataset outlined in 6.4.1 ï EMBRACE Dataset 

and the Bayesian network structure outlined in Figure 7.1. The semopy package for Python was 

used to conduct the SEM.235 A structural model was built using the established Bayesian network 

structure to investigate the strength between the different risk factors included in 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 -Ð and +Ð, with larger absolute values indicating 

strong relationships. When standardized, path coefficients generally take on values between -1 and 
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+1, with larger coefficients being indicative of significant intercorrelation. Positive values suggest 

a direct relationship where increases in one risk factor are associated with increases in another, 

while negative values indicate an inverse relationship. These coefficients were used to compare 

risk factorsô importance 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 part of the optimization process were added to the SEM and Bayesian network to 

investigate if a potentially important relationship was initially missed.  

7.3.3 Results 

The structural model for cystitis prediction is shown in Figure 7.2 with the relevant path 

coefficients and p-values outlined for direct relationships and intercorrelations in Table 7.5 and 

Table 7.7, respectively. Each arc in the model is associated with a corresponding path coefficient 

and p-value. Through this investigation, the strongest direct risk factors were found to be pain and 

baseline urinary toxicity. Baseline toxicity was previously identified as a statistically significant 

risk factor by Spampinato et al.217 Bladder D2cc demonstrated the strongest relationship out of the 

dosimetric risk factors, again in line with the results found by Spampinato et al.217 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 between the risk factors are weak, several of the variables 

including bladder D2cc have a comparatively high mutual information score, which is better at 

expressing complex, non-linear relationships between these variables. In combination, this could 

show that the relationship between bladder D2cc and cystitis is significant, although it is more 

complex than a simple linear relationship. Rectum D2cc, TScore at diagnosis, and EBRT 

prescription dose were identified as potentially unimportant directly related risk factors (p-value > 
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0.05) that could potentially be pruned from the model.  Table 7.6 outlines the impact on model 

performance of pruning the various directly connected risk factors.  

 

Figure 7.2: Structural model built from the developed Bayesian network cystitis prediction model. 

Path coefficients are presented with their associated p-value. 
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Table 7.5: Directly connected risk factors with their corresponding path coefficient and p-value, 

presented with the mutual information value (in bits) between the feature and cystitis grade Ó2. 

 

Table 7.6: Impact of pruning directly connected risk factors on predictive accuracy for the grade 

Ó2 cystitis model. Values presented in bold represent the highest value for that performance metric 

on the cross-validation dataset. Scores on the holdout dataset are shown in parenthesis. The first 

row, óAll Featuresô, shows the reference performance with no ablated risk factors.  

Directly 

Connected Risk 

Factor 

5-Fold Cross-Validation Scores 

(Holdout Scores) 

Balanced 

Accuracy 
F1 Macro 

Score 
ROC-AUC Precision Recall 

All Features 
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%) 

Baseline Urinary 

Toxicity 

54.3 ± 2.5% 

(54.5%) 
55.5 ± 3.6% 

(55.7%) 

62.9 ± 6.2% 

(65.1%) 
42.5 ± 18.3% 

(33.3%) 
10.5 ± 4.5% 

(11.11%) 

Pain 
54.2 ± 3.0% 

(56.7%) 
54.2 ± 4.0% 

(58.4%) 
61.3 ± 7.3% 

(67.1%) 
35.4 ± 33.9% 

(33.3%) 
11.6 ± 8.3% 

(16.7%) 

TScore ï Diagnosis 
53.8 ± 1.8% 

(53.9%) 
54.8 ± 2.6% 

(54.8%) 
63.7 ± 5.9% 

(75.7%) 
50.5 ± 30.2% 

(25.0%) 
9.4 ± 3.0% 

(11.1%) 

Bladder D2cc 
49.2 ± 1.8% 

(54.5%) 
47.8 ± 2.1% 

(55.7%) 
58.5± 8.6% 

(60.8%) 
4.0 ± 8.0% 

(33.3%) 
1.2 ± 2.4% 

(11.1%) 

Bowel D2cc 
52.0 ± 1.7% 

(54.5%) 
51.7 ± 2.9% 

(55.7%) 
63.2 ± 6.1% 

(56.9%) 
19.9 ± 13.1% 

(33.3%) 
5.8 ± 3.7% 

(11.1%) 
EBRT Prescription 

Dose 
51.8 ± 2.7% 

(55.0%) 
52.0 ± 3.5% 

(56.8%) 
62.1 ± 9.9% 

(69.2%) 
50.9 ± 42.1% 

(50.0%) 
5.9 ± 3.7% 

(11.1%) 

Rectum D2cc 
52.4 ± 3.2% 

(52.5%) 
53.0 ± 4.3% 

(52.7%) 
64.2 ± 7.5% 

(62.3%) 
50.7 ± 41.7% 

(50.0%) 
7.1 ± 4.4% 

(5.6%) 

 

From the risk factor ablation investigation (Table 7.6), it was found that the most 

significant reductions in predictive ability came from removing bladder D2cc as it negatively 

impacted all performance metrics. As bladder D2cc is a known risk factor for cystitis,217 its 

significant role in the model is expected and supports that the model is making decisions based on 

Directly Connected Risk Factor 
Path 

Coefficient 
P-Value Mutual Information  

Baseline Urinary Toxicity 0.286 <0.001 0.025 

Pain 0.237 <0.001 0.027 

TScore ï Diagnosis 0.007 0.456 0.042 

Bladder D2cc 0.008 <0.001 1.003 

Bowel D2cc 0.004 0.050 0.745 

EBRT Prescription Dose 0.009 0.436 0.041 

Rectum D2cc 0.003 0.398 1.031 
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important clinical factors. Removal of the lowest strength risk factors identified by SEM ï TScore 

at diagnosis, EBRT prescription dose, and rectum D2cc ï all led to significantly reduced recall 

scores. This suggests that these risk factors, even if weakly correlated, 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 also fewer true positives (decreasing recall). Overall, these results have 

identified a trade-off between recall and precision in the model ï while removing risk factors 

improves precision, it is detrimental to recall. For potential clinical use as an interventional tool to 

identify at-risk patients and adapt their treatment, a higher recall score may be the priority as it 

ensures that true positive cases are identified, even at the expense of accepting some false positives. 

In addition to direct relationships, strong intercorrelations were identified between 

dosimetric risk factors, shown in Table 7.7, with path coefficients much larger than those for direct 

risk factor relationships. Bladder D2cc is strongly correlated with other bladder dose risk factors 

ï both bladder D0.1cc and the ICRU bladder point dose. Metrics related to the tumour size at 

diagnosis were also strongly correlated ï TScore at diagnosis, maximum tumour dimension, and 

local FIGO stage all incorporate measures of physical tumour size. Additionally, the HR-CTV 

volume at fraction 1, representative of the tumour size partway through treatment prior to 

brachytherapy, is correlated to the Isodose Surface Volume (ISV) 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 treated. Overall, results from this SEM investigation demonstrate that the Bayesian network 

optimization framework produces logical and strong intercorrelations, with all the intercorrelations 

having a significant p-value (<0.001). 
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Table 7.7: Intercorrelated risk factors with their corresponding path coefficient and p-value, 

presented with the mutual information value (in bits) between the risk factor and grade Ó2 cystitis. 

First Risk Factor Second Risk Factor 
Path 

Coefficient 
P-Value 

Mutual 

Information   

TScore - Diagnosis Tumour Dimension Max 4.042 <0.001 0.567 

HRCTV Volume - 

Fraction 1 
ISV V60Gy3 3.107 <0.001 8.005 

Bladder D2cc Bladder D0.1cc 1.195 <0.001 9.435 

Bladder D2cc ICRU Bladder Point 0.983 <0.001 9.428 

Rectum D2cc ICRU RectoVaginal Point 0.891 <0.001 9.490 

WHO Score Pain 0.407 <0.001 0.053 

TScore - Diagnosis Local FIGO Binary 0.103 <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, age and BMI were identified by Spampinato et al. as being risk factors for grade 

2 or higher cystitis but were not included in the automatic structure optimization for our Bayesian 

network.217 Structural models were used to assess if these direct relationships were significant for 

these risk factors and models were re-fit with these additional risk factors to quantify the impact 

on various performance metrics, shown in Table 7.8. SEM found that the path coefficients were 

0.003 for age (p-value = 0.00) and 0.024 for BMI (p-value = 0.03). These path coefficients were 

again small and generally similar in magnitude to the path coefficients for existing directly 

connected risk factors shown in Table 7.5, indicating that they are not exceptionally strong 

connections. The inclusion of these risk factors did not significantly improve or worsen any 

metrics, however there was a slight improvement in recall for the addition of both age and BMI, 

indicating that provided there is sufficient data to populate the CPTs without excessive imputation, 

there may be value in including these risk factors as direct relationships.  

 

 



165 

 

Table 7.8: Impact of adding literature identified directly connected risk factors on predictive 

accuracy for the grade Ó2 cystitis model. Values presented in bold represent the highest value for 

that performance metric on the cross-validation dataset. Scores on the holdout dataset are shown 

in parenthesis. The first row, óAll Featuresô, shows the reference performance with no added risk 

factors. 

Added  

Risk Factor 

5-Fold Cross-Validation Scores 

(Holdout Scores) 

Balanced 

Accuracy 
F1 Macro 

Score 
ROC-AUC Precision Recall 

All Features 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%) 
Age (Direct) 56.8 ± 7.6% 

(58.0%) 
56.4 ± 6.5% 

(56.3%) 

60.0 ± 6.2% 

(62.8%) 
21.9 ± 9.9% 

(18.5%) 
24.6 ± 11.5% 

(27.8%) 
BMI (Direct) 56.4 ± 7.1% 

(62.3%) 
54.0 ± 5.4% 

(55.9%) 
62.3 ± 5.4% 

(66.3%) 
16.0 ± 6.7% 

(17.8%) 
29.2 ± 12.5% 

(44.4%) 

 

In summary, this work has identified the most significant risk factors for cystitis, as 

identified by the Bayesian network structure combined with preliminary SEM, as baseline urinary 

toxicity, bladder D2cc, bowel D2cc, and pain. Notably, both baseline toxicity and bladder 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 to semopy that offer more extensive modelling capabilities. Additionally, future work 

will involve a more rigorous examination of additional intercorrelations to enhance predictive 

accuracy when observations are incomplete and all direct risk 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 connected dose risk factors, such as bladder D2cc 

and rectum D2cc, can be exchanged for their ICRU point doses or D0.1cc 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 

Centre bias is an important consideration when dealing with multi-institutional data, as 

differences in patient population demographics, centre practice, and toxicity reporting can create 

different patterns of toxicity. Assessing for centre bias using a Bayesian network involves 

leveraging the network's structure and CPTs to identify and quantify variations in toxicity and risk 

factor characteristics across different cancer centres. Understanding centre bias 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 in broader clinical applications. Conversely, identifying centre 

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 outlined in 6.4.1 ï EMBRACE Dataset and the 

Bayesian network structure outlined in Figure 7.1. Discretization settings from 7.2 - Discretization 

and Established Risk Thresholds were 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 reduction. PCA 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 contain most of 

the information of the full set. The directions of the principal components are found by identifying 
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the direction that captures the highest variance in the data.126 PCA was used to aid in the 

visualization of clustering, with Figure 7.4 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 what centres had the most similar 

patients overall without focusing on classifying individual patients into clusters. Following PCA, 

KMeans clustering was employed to identify clusters of similar centres within the data. KMeans 

clustering is a centroid-based clustering technique that works by specifying a number of clusters 

to divide the data into, then iteratively moving the centroids of these clusters to minimize the within 

cluster variance.143 To determine the optimal number of clusters, we employed the elbow method, 

which involves plotting the distortion score against the number of clusters and looking for a 'kink' 

or 'elbow' in the graph shown in Figure 7.3. This point indicates the number of clusters that 

balances intra-cluster compactness and inter-cluster separation. The distortion score is commonly 

used to evaluate the compactness of the clusters, and is also known as the within-cluster sum of 

squares, and is defined as: 

ὡὭὸὬὭὲ ὅὰόίὸὩὶ Ὓόά έὪ ὛήόὥὶὩί ᴁὼ  ‘ᴁ

 ɴ

 

7.1 

where Ὧ is the number of clusters, ὅ is the set of points belonging to cluster Ὥ, ὼ is a data 

point in cluster Ὥ, ‘ is the centroid of the cluster Ὥ (generally the mean of the points in ὅ). The 

ᴁὼ  ‘ᴁ term is 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 6 was applied to select centre groupings, resulting in individual models developed for 

each similar cluster of centres. The performance of these unique, centre-specific models was 

compared to the model generated using all centre data.  

Finally, a similarity assessment was performed to further investigate which of the features 

vary the most among centres in the dataset. This analysis was done to identify any potential areas 

of bias or centre specific trends. For each centre, the distribution of data was tested to determine if 

the data follows a normal distribution according to the Shapiro-Wilks test. The distributions were 

then compared for a given risk factor between pairs of centres to identify where significant 

differences in risk factors occur. If the data was normally distributed, similarity was determined 

using a t-test. If the data was non-normal, similarity was determined using the Mann-Whitney U 

test. 

7.4.3 Results 

The plot illustrating the elbow method is shown in Figure 7.3. Although the elbow is 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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Figure 7.3: 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 centres ï Kaposvár, Pamplona, and Chandigarh. Using these centre 

clusters, additional Bayesian network models were fit using the methodology outlined in Chapter 

6 to develop centre grouping-specific models to investigate if this improved model quality by 

removing noisy data. Five centre clusters with varying dataset sizes and percentage of positive 

instances were initially selected and the results of the cross-validated testing and holdout dataset 

performance are shown in Table 7.9. Other centre clusters were excluded from initial modelling 

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

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.4: Clustering of the 23 treatment centres into nine groups using KMeans clustering. 
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Table 7.9: Performance metrics for five different centre cluster-specific models. The first row 

contains the original model developed in Chapter 6 which contained all centres, as a reference. 

The dataset size and number of positive cases (grade Ó2 cystitis) are also given for each model. 

Scores on the holdout dataset are shown in parenthesis. 

 

 In all cases, fitting a centre cluster-specific model either enhanced or resulted in 

comparable performance metrics for balanced accuracy, F1 macro score and the ROC-AUC when 

compared to the model developed in Chapter 6 that used all centres. In 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 centres, the higher incidence of toxicity may be contributing to CPTs that are 

more complete and more representative of the underlying data distributions. Specifically, the 

models for Clusters 1 and 4 performed well, with precision and recall scores exceeding all other 

centre groupings. This suggests that variations in center practices or characteristics significantly 

influence model performance, and centre bias should further be investigated by identifying which 

metrics are driving these differences in performance. By identifying and understanding these 

ID Size 
% 

Pos. 

5-Fold Cross-Validation Scores 

(Holdout Scores) 

Balanced 

Accuracy 
F1 Macro 

Score 
ROC-AUC Precision Recall 

All  1153 9.4% 
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%) 

1 167 13.8% 
67.2 ± 16.4% 

(66.3%) 

63.7 ± 11.9% 

(67.7%) 

69.3 ± 16.8% 

(58.9%) 

34.5 ± 14.0% 

(50.0%) 

48.3 ± 30.5% 

(40.0%) 

2 406 7.9% 
52.7 ± 5.1% 

(57.6%) 

53.0 ± 5.8% 

(60.4%) 

66.0 ± 6.2% 

(51.7%) 

17.9 ± 18.6% 

(50.0%) 

11.3 ± 9.3% 

(16.7%) 

3 72 15.3% 
56.8 ± 7.9% 

(70.8%) 

53.8 ± 7.5% 

(70.8%) 

64.3 ± 7.2% 

(93.8%) 

18.3 ± 15.3% 

(50.0%) 

30.0 ± 24.5% 

(50.0%) 

4 86 22.1% 
63.5 ± 9.8% 

(64.3%) 

61.1 ± 9.8% 

(63.0%) 

73.4 ± 14.6% 

(60.7%) 

38.0 ± 15.4% 

(40.0%) 

53.3 ± 16.3% 

(50.0%) 

8 185 7.6% 
61.0 ± 8.6% 

(60.7%) 

55.9 ± 6.7% 

(59.2%) 

74.3 ± 11.5% 

(74.0%) 

17.5 ± 11.3% 

(25.0%) 

36.7 ± 19.4% 

(33.3%) 
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metrics, we can better account for center-specific influences, ultimately enhancing the 

generalizability and accuracy of models in a clinical setting. 

 

Figure 7.5: Sample centre similarity plot for TScore at Diagnosis. Centres with statistically 

significant differences in the risk factor distribution are shown in red. Centres with fewer than 

twenty patients were excluded from this analysis. 

 Finally, centre similarity plots were generated and used to identify risk factors that vary 

significantly across the dataset. These plots help identify network nodes potentially affected by 

center bias, providing a visual tool to understand how specific risk factors vary among centers. A 

sample of a centre similarity plot is shown for TScore at diagnosis in Figure 7.5. Centres that have 

statistically significant differences are shown in red. This plot illustrates that Mumbai and Leeds 

are significantly different from many other centres. Similarly, other metrics related to the tumour 

volume throughout treatment (TScore at brachytherapy, local FIGO stage, maximum tumour 

dimension, and HR-CTV volume at fraction 1) demonstrate similar distinct lines where individual 

centres are significantly different from other centres in the data. Future work will leverage 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 key risk factors, mainly concerning tumour 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 performance, supporting the notion that differences in 

patient characteristics and practice between centres may result in varying patterns of late toxicity, 

even in a high-quality dataset derived from a standardized clinical trial protocol. Future work will 

involve in-depth investigations of the centre-specific 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 for identifying patients at-risk of experiencing toxicity and moving towards more 

adaptive treatment techniques once these patients have been identified. This 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 stratification as they can model 

the intercorrelations and 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 network-based risk stratification and intervention models have been developed for 

predicting post-stroke outcomes,8 outcomes for patients with renal cell carcinoma treated with 

immunotherapy,236 lymph node metastasis and cancer specific survival for endometrial 

patients,237,238 and tissue toxicity in breast radiotherapy.220   

7.5.2 Materials and Methods 

Risk stratification and compounding risk factors were investigated using the dataset 

outlined in 6.4.1 ï EMBRACE Dataset and the Bayesian network structure outlined in Figure 7.1. 

First, CPTs were investigated 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 was investigated and 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 modelôs confidence level reached 50% or higher. In our approach, we adjusted this threshold 

from 50%-10% in 1% intervals. The decision boundary that maximized the F1 score, balancing 

precision and recall, on the cross-validation testing set was selected. Using this optimized decision 

boundary, several potential clinical scenarios were modelled to track how a patientôs risk might 

evolve in these hypothetical scenarios. To assess how the model predicts and performs as more 

patient and treatment factors are observed, we defined three stages of treatment ï Diagnosis, 

EBRT, and Post-Treatment. Characteristics of the CPTs at these stages, along with predictive 

performance, were identified and compared to assess 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 shown in Figure 

7.6. Comparing the general trends in the CPT, lower risk areas of the CPT show 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 toxicity. For example, in 

the top frame of Figure 7.6, we can see if a patient has low bladder D2cc (Ò 76 Gy), low rectum 

D2cc (Ò 64 Gy), low bowel D2cc (Ò 59 Gy), no pain at diagnosis (0), no baseline toxicity (0), a 

low EBRT prescription dose (<48 Gy), and a low TScore at diagnosis (0-6), the probability of 

cystitis is only 5.11%. In 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 20-60% range.  

14% of all entries in the CPT contained missing values, which were naively assigned a 

50%/50% probability split. As 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 more informed imputation techniques or incorporating expert knowledge into defining 

these CPT entries. This adjustment could potentially enhance the accuracy and reliability of our 

predictive models by providing a more realistic probability assessment based on observed data 

trends and clinical knowledge. 
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Figure 7.6: Subset of the CPT for observing grade Ó2 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 observed. The included dose risk factors are stratified into low and high risk as 

follows: bladder D2cc (0 = Ò 76 Gy, 1 = > 76 Gy), rectum D2cc (0 = Ò 63 Gy, 1 = > 63 Gy), bowel 

D2cc (0 = Ò 59 Gy, 1 = > 59 Gy). Other include metrics include pain (0 = no pain, 1 = pain 

requiring medication), baseline urinary toxicity (0 = no baseline toxicity, 1 = grade Ó 1 baseline 

toxicity), and TScore at diagnosis (0 = 0-6, 1 = 7-16).   

 

Next, we optimized the decision boundary using cross-validation. The decision boundary 

that resulted in the highest F1 score on the cross-validation test set was 0.20 ï meaning a patient 

would be classified of having cystitis or being at risk of cystitis if the model predicted cystitis 

would occur with a probability greater than or equal to 20%. Performance of this division boundary 

compared to the standard threshold is shown in Table 7.10. 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 
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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. 

Table 7.10: Cross-validated performance of the same Bayesian network model using the standard 

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

parenthesis. 

Decision 

Threshold  

5-Fold Cross-Validation Scores 

(Holdout Scores) 
Balanced 

Accuracy 
F1 Macro Score ROC-AUC Precision Recall 

50% 56.7 ± 5.2% 

(59.0%) 
58.4 ± 6.1% 

(60.4%) 
62.2 ± 6.8% 

(65.9%) 
38.2 ± 23.7% 

(33.3%) 
18.8 ± 7.0% 

(22.2%) 

20% 60.3 ± 4.2% 

(68.6%) 

57.2 ± 3.2% 

(63.0%) 
62.2 ± 6.8% 

(65.9%) 
20.1 ± 4.5% 

(27.3%) 
35.1 ± 8.8% 

(50.0%) 

 

For our developed model to be clinically useful, it must demonstrate the ability to 

distinguish between patients at-risk and not at-risk of toxicity during first phase of decision-making 

to ensure adaptations to their treatment can be implemented, if necessary. To assess how the model 

performs as more treatment factors are observed, we investigated model performance and CPT 

characteristics at the Diagnosis, EBRT, and Post-Treatment stages.  

First, with only diagnostic features and using the model depicted in Figure 7.1 we fit our 

Bayesian network model and investigated the CPT. Performance metrics across the various stages 

of observation are shown in Table 7.14, and Table 7.11 outlines the probability of cystitis occurring 

based on observed diagnostic risk factors. At this stage of treatment, we can observe pain, TScore 

at diagnosis, and baseline urinary toxicity as features that directly impact the probability of cystitis. 

Additionally, the laparoscopic staging node can be used to inform EBRT prescription dose before 

it is observed through the intercorrelation. Using the optimized 20% boundary identifies ~38% of 

patients at risk, with pain and the presence of one additional risk factor being of concern at this 

stage of treatment. Additionally, there is a division between observing 0-1 and 2+ risk factors, 
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indicating the decision boundary could be tuned to ~16-17% for an initial risk stratification to fully 

capture patients with multiple initial risk factors.  

Table 7.11: Probability of grade 2+ cystitis based on observing only diagnostic features. These 

features include pain (0 = no pain, 1 = pain requiring medication), baseline urinary toxicity (0 = 

no baseline toxicity, 1 = grade Ó 1 baseline toxicity), and TScore at diagnosis (0 = 0-6, 1 = 7-16).   

 

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 worst-case scenario at 

diagnosis, where a patient demonstrated a high level of risk. This scenario is outlined in Table 7.12 

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 

Table 7.13. 

 

 

 

 

 

 

Pain 

Baseline 

Urinary  

Toxicity  

TScore 

at 

Diagnosis 

# Risk 

Factors Present 

Probability of  

Grade 2+ Cystitis 

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% 
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Table 7.12: Probability of grade 2+ cystitis based on observing all diagnostic risk factors and 

different combinations of post-treatment features. These features include bladder D2cc (0 = Ò 76 

Gy, 1 = > 76 Gy), rectum D2cc (0 = Ò 63 Gy, 1 = > 63 Gy), bowel D2cc (0 = Ò 59 Gy, 1 = > 59 

Gy). 

  

Table 7.13: Probability of grade 2+ cystitis based on observing no initial  diagnostic risk factors 

and different combinations of post-treatment features. These features include bladder D2cc (0 = Ò 

76 Gy, 1 = > 76 Gy), rectum D2cc (0 = Ò 63 Gy, 1 = > 63 Gy), bowel D2cc (0 = Ò 59 Gy, 1 = > 

59 Gy). 

Initial 

Risk 

Bladder 

D2cc 

Rectum 

D2cc 

Bowel 

D2cc 

# Risk 

Factors Present 

Probability of  

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 high-risk patient with all three 

diagnostic risk factors observed. From these results, we can see that provided the bladder D2cc 

remains at 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 escalate from an 

initial risk of 25% to more than 50%. In this scenario, according to our optimized decision 

boundary, we would identify two patients as at risk, however, these represent some of the most at-

risk patients in our dataset. As such, a high-risk group could tentatively be identified as having 

Initial 

Risk 

Bladder 

D2cc 

Rectum 

D2cc 

Bowel 

D2cc 

# Risk 

Factors Present 

Probability of  

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% 
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probability >50%. By examining other risk factors, we might consider manually adjusting this 

boundary downwards or modifying CPTs to include patients who show high initial risk levels and 

some OAR dose risk factors post-treatment. Such an adjustment could help in capturing a broader 

spectrum of patients who might benefit from preventative or mitigative interventions. With no risk 

at diagnosis, shown in Table 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 factors elevating toxicity 

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 and smoothing of these probabilities to 

ensure they accurately reflect the underlying risk factors.  

Finally, in Table 7.14 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 predictions with partial evidence at 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 improve early diagnostic predictions by informing what 

later features are likely to be, offering valuable insights for adaptive treatments. 
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Table 7.14: Performance metrics on holdout dataset for predictions 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 
 

Balanced 

Accuracy 
F1 Macro Score ROC-AUC Precision Recall 

Diagnostic 55.3% 52.7% 66.7% 13.5% 27.8% 

Diagnostic 

(Intercorrelations) 
57.3% 53.4% 64.5% 14.6% 33.3% 

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 network-based application predicting 

patient risk as they travel through treatment might operate, as well as identifying initial data-driven 

boundaries for cystitis risk stratification. From data-driven results, an initial boundary of 20% 

identifies patients at moderate risk for cystitis. At later stages of treatment, high risk patients have 

cystitis probabilities exceeding 50%, potentially marking a high-risk cohort. In summary, by 

adjusting the decision boundary 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 high risk as they proceed through their treatment, facilitating adaptive 

interventions that could lead to better clinical outcomes. 

7.6 Chapter Summary 

This chapter has explored various initial approaches for employing Bayesian networks to 

provide evidence supporting existing clinical guidelines for dose planning aims, dose limits, and 

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 suggest that these methodologies could be 
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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 patients.26,38 Brachytherapy is critical to patient outcomes with its use 

being strongly correlated to improved overall survival when compared to EBRT alone.2ï5 The 

complexity of brachytherapy, characterized by extensive data collection and potentially complex 

and non-linear relationships impacting outcomes, presents a prime opportunity for machine 

learning techniques to streamline processes and enhance decision-making. In this thesis, key areas 

addressed include applicator and hybrid interstitial needle prediction - traditionally highly reliant 

on clinician judgment and experience - and the modeling of late toxicities, which lack 

comprehensive predictive models due to the constraints of conventional statistical methods and 

single-institution or limited quality datasets. This thesis presented development and integration of 

machine learning into the HDR cervical brachytherapy workflow, showcasing its potential to 

enhance treatment quality and consistency, streamline clinical decisions, clarify complex 

relationships and intercorrelations between treatment parameters and late toxicity outcomes, and 

ultimately enhance patient care. 

8.2 Thesis Findings 

As applicator selection for cervical brachytherapy is complex and highly dependent on 

physician experience, a machine learning-based tool could provide valuable decision-support, 

improving the consistency and quality of these clinical decisions.11 Chapter 4 details the 

development of a machine learning model on a retrospective dataset for optimal applicator 

selection in HDR cervical brachytherapy. This work identified that machine learning models could 

achieve high predictive performance (accuracy ~ 90%) for applicator selection, with HR-CTV 
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geometry features being predictive. This work highlighted the potential for machine learning to 

provide valuable decision-support 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 workflow.7 Chapter 5 builds upon the work 

presented in Chapter 4 by implementing a fully prospective, ethics-approved 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 comparatively 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 needles (recall = 57.1% for radiation oncologist versus 

71.4% for machine learning). Additionally, it was found that using the machine learning-predicted 

applicator and needle arrangement resulted in an average decrease in total OAR doses of 2.0 Gy 

EQD2 across three treatment fractions. This work underscores the practical ability of the model to 

be integrated into and streamline a clinical workflow, while also emphasizing the potential for 

utilization of these decision-support tools to enhance treatment quality and decision consistency, 

particularly in centres that might not have extensive brachytherapy experience. 

Late toxicities significantly impact quality of life, making predictive models potentially 

valuable for improving patient outcomes long term.217,222 Conventional statistical methods are 

additionally often limited by intercorrelations among treatment factors, making machine learning 

a promising avenue to address these limitations.239 Chapter 6 introduces a novel simulated annealing 

structure optimization framework for developing Bayesian network models for late toxicity prediction. 

Simulated annealing-based model performance was higher than the other out-of-box models (balanced 
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accuracy = 64.0% for cystitis), however only the Greedy Hill Climbing algorithm (balanced accuracy 

= 58.3% for cystitis) showed a statistically significant difference in the patterns of decision making. 

Other out-of-box models investigated were the Tree-Augmented Naïve Bayes algorithm (balanced 

accuracy = 63.2% for cystitis) and Chow-Liu 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 versus 23-45 arcs and 24 nodes in other models. This 

streamlined structure significantly enhances interpretability, making it more practical and 

accessible for clinicians who would potentially use the model in clinical settings. This foundational 

work allows for the streamlined development of Bayesian network structures with comparable 

performance to out-of-box optimization methods, with the advantage of being highly customizable and 

resulting in more interpretable networks.  

Finally, Chapter 7 demonstrates several potential applications of the developed Bayesian 

network models to enhance clinical understanding. This chapter focused on investigating the impact 

of discretization on Bayesian network performance, comparing Bayesian network results to 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 the planning aims for bowel dose. This alignment for bladder 

and rectum provides model validation, while the disagreement for bowel demonstrates that the 

Bayesian network approach may hold the potential to inform suitable risk-based dose constraints for 

organs with less robust dose 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, were baseline urinary toxicity, 
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bladder D2cc, bowel D2cc, and pain. Both baseline urinary toxicity and bladder D2cc have been 

previously recognized in the literature as significant risk factors, providing validation for model 

structure. Our model suggests that TScore at diagnosis could be a potential risk factor, with a strong 

intercorrelation with the FIGO stage, a previously identified risk factor. This demonstrates how 

Bayesian networks may help in identifying new, intercorrelated risk factors to provide a more 

comprehensive understanding of toxicity risk compared to existing literature.  

Through investigation of centre bias, distinct clusters of similar centres within the EMBRACE 

dataset were identified, and it was found that models fit on data from similar centres achieved higher 

overall predictive performance. This work, paired with initial investigations identifying the specific 

risk factors that cause centres to differ, supports the idea that differences in patient characteristics and 

practice between centres may result in varying patterns of late toxicity.  

Through investigation of risk stratification, initial data-driven risk stratifications were obtained 

to simulate how a Bayesian network-based application could predict evolving risk as a patient moves 

through treatment. Data-driven results indicated an initial probability of cystitis of 20% identifies 

patients at moderate risk for cystitis. At later stages of treatment, high-risk patients may have cystitis 

probabilities exceeding 50%, potentially marking a high-risk cohort. This analysis not only validates 

the models against established clinical knowledge but also highlights their potential to inform risk 

stratification, setting the stage for potential use in patient-specific, adaptive treatment strategies in 

the future. This approach showcases the potential of machine learning to capture and clarify complex 

relationships and intercorrelations between treatment parameters and late toxicity outcomes, offering 

insights that extend beyond traditional statistical analyses. 

8.3 Future Work  

This PhD thesis lays the groundwork for applications of machine learning to the HDR 

cervical brachytherapy workflow based on patient, EBRT, brachytherapy, and other treatment 
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characteristics. This work will help to guide the clinical decision-making process for HDR cervical 

brachytherapy to improve decision quality and consistency, while contributing towards optimal 

outcomes after treatment. Before further clinical implementation of the presented work, limitations 

of this thesis should be identified, and further assessments and studies are needed.  

For applicator and hybrid interstitial needle selection, further multi-institutional 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 available, the presented model should be re-trained 

and updated to reflect current best practices for contouring and treatment planning. One major 

drawback of the current model is its reliance on contours for the HR-CTV and approximate 

applicator position prior to machine learning prediction. This step is an additional burden on the 

treating radiation oncologists, and the development and incorporation of an auto-contouring 

module could reduce errors due to contour variability and streamline the process further. 

There is additionally much room for the applicator and needle selection model to be 

enhanced and expanded. Currently, the model predicts only intracavitary or hybrid interstitial 

treatments. Inclusion of the ability to predict ISBT patients treated with a Syed-Neblett template 

would represent a major benefit to the model, encompassing the major treatment techniques 

available. Additionally, although Venezia patients were included in the model, the current model 

is only able to predict parallel needles. Further expansion could include the ability to predict 

oblique needles for Venezia patients. Other 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 learning-based approach. 
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For outcome prediction, the model performance was not ideal, with much room for 

improvement as 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 instead of 3D dose distributions is 

a major model limitation as DVHs do not provide detailed spatial dose information. As this spatial 

information is potentially important for outcome prediction and has been shown to benefit toxicity 

prediction models, this avenue could be investigated.89ï93,122,123 In 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 determined, improving 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 integrate radiomic or 

dosiomic features into the predictive models if they are found to be informative. Radiomic features 

are quantitative features extracted from images that capture high level tumour characteristics (i.e. 

texture), while dosiomic features are derived from dose distribution patterns, reflecting detailed 

spatial and dosimetric properties of the treatment.240 Another 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 predictions.121ï124,241ï243 However, these 

models can suffer from overfitting and are significantly less interpretable than the utilized 

Bayesian network approach.122,244 

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 morbidity. With 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 distributions.245 

Finally, this work only modelled cystitis and proctitis, while there are numerous other 

potential toxicities that would be novel to further investigate and characterize. One major area that 

was not investigated in this work was vaginal toxicity. These toxicities are not only highly 

impactful to a patientôs quality of life following radiotherapy,110 but they are also much more 

common within the EMBRACE I clinical trial dataset, with 17% of patients experiencing grade 2 

or higher vaginal stenosis, for example. Toxicities such as late persistent fatigue with less 

formalized dose-effect relationships could benefit from the interpretability of Bayesian 

networks.246 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 and treatment 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 presented in Chapter 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. 

Classifier Abbreviation Tuned Hyperparameters 

Weighted 

Samples? 

AdaBoost Classifier ABC learning_rate = 1.4 

n_estimators = 50 

Yes 

Gaussian Naïve Bayes Classifier GNB var_smoothing = 0.00000000001 Yes 

Gaussian Process Classifier GPC max_iter_predict = 50 

n_restarts_optimizer = 0 

No 

Gradient Boosting Classifier GBC learning_rate = 0.09 

max_depth = 5  

max_features = 3 

min_samples_leaf = 15 

min_samples_split = 2 

n_estimators = 55 

subsample = 0.8 

Yes 

K-Nearest Neighbours Classifier KNN algorithm = kd_tree 

leaf_size = 3 

n_neighbours = 5 

p = 1 

No 

Linear Discriminant Analysis LDA solver = svd 

store_covariance = True 

tol =  0.0000001 

No 

Logistic Regression Classifier LRC C = 0.01 

max_iter = 90  

penalty = l2  

solver = newton-cg  

tol = 0.00001 

Yes 

Multi -layer Perceptron 

Classifier 

MLPC activation = relu 

alpha = 0.001 

max_iter = 200 

solver = lbfgs 

tol = 0.00001 

No 

Nearest Centroid Classifier NCC metric = cosine 

shrink_threshold = 0.00001 

No 

Nu-Support Vector Classifier NuSVC gamma = 1  

kernel = rbf 

nu = 0.45  

shrinking = False  

tol = 0.00001 

Yes 

Quadratic Discriminant Analysis QDA reg_param = 0.0000001 

tol = 0.0000001 

No 

Random Forest Classifier RFC max_depth = 7 

max_features = 2 

min_samples_leaf = 2 

min_samples_split = 2  

n_estimators = 75 

Yes 



192 

 

Appendix B 

The following document is the Supplementary Information document submitted with the 

prospective applicator and hybrid interstitial needle study manuscript presented in Chapter 5. 

 

Supplementary Material I. Table of Algorithms Used and Tuned Hyperparameters 

Table S1. List of algorithms used for applicator and needle prediction along with their optimized 

hyperparameter values. 

Machine Learning Model Classifier Tuned Hyperparameters 

Applicator Selection  

(Combined using 

VotingClassifier)  

AdaBoost Classifier learning_rate = 0.3 
n_estimators = 5 

Gradient Boosting 

Classifier 
learning_rate = 0.11 

max_depth = 2 
max_features = 2 

min_samples_leaf = 5  

min_samples_split = 25 
n_estimators = 15 
subsample = 0.83 

Random Forest Classifier max_depth = 2 
max_features = 1 

min_samples_leaf = 2 
min_samples_split = 15  

n_estimators = 15  
Needle Arrangement 

Selection 

Random Forest Classifier max_depth = 5 
max_features = 14 

min_samples_leaf = 1 
min_samples_split = 3 

n_estimators = 60 
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Supplementary Material II. Detailed Table of Replanning Results 

 

 

 

Table S2. Results of replanning study comparing dosimetry of the clinical plan with the ML predicted 

plans (upper). Additionally, replans for cases where both ML and radiation oncologists predicted an IC 

applicator are shown on the bottom to provide support for dosimetric ground truth. Total differences 

between the clinical plan and the replan are accumulated assuming the same dose over three fractions. 

EQD2 and BED are calculated ignoring the contribution from EBRT with Ŭ/ɓ = 3. Green shaded cells 

(Pass), orange shaded cells (Caution), and red shaded cells (Fail) represent the adherence to EMBRACE 

II clinical planning aims.  
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Appendix C 

The following document is the Supplementary Information document submitted with the simulated 

annealing-based Bayesian network structure optimization manuscript presented in Chapter 6. 
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Table S1: Data 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 
0 = No 

1 = Yes 

Comorbidities at 

Diagnosis 
Patient Specific Binary 

0 = No 

1 = Yes 

BMI  Patient Specific Categorical 

1 = Normal Weight 

2 = Underweight 

3 = Overweight 

4 = Obese 

Previous Abdominal or 

Pelvic Surgery 
Patient Specific Binary 

0 = No 

1 = Yes 

WHO Performance Score 

at Diagnosis 
Diagnostic Categorical 

0 = PS0 

1 = PS1 

2 = PS2 

3 = PS3 

4 = PS4 

Pain at Diagnosis Diagnostic Categorical 

0 = No 

1 = Non-Opioid Medication 

2 = Opioids Required 

Baseline Urinary 

Toxicity (Frequency or 

Cystitis) 

Diagnostic Binary 
0 = Grade 0  

1 = Grade Ó 1 

Laparoscopic Staging Diagnostic Binary 
0 = No 

1 = Yes 

Local FIGO Stage Diagnostic Binary 
0 = Stage IA-IIB  

1 = Stage IIIA-IVA  

Maximum Tumour 

Dimension at Diagnosis 
Diagnostic Numeric 10-110 mm 

Vagina Involvement at 

Diagnosis 
Diagnostic Categorical 

0 = No or Upper 1/3 

1 = Middle 1/3 

2 = Lower 1/3 

Rectum Involvement at 

Diagnosis (MRI-

assessed) 

Diagnostic Categorical 

0 = No 

1 = Mesorectum Invaded 

2 = Rectal Wall Invaded  

Hydronephrosis at 

Diagnosis 
Diagnostic Categorical 

0 = No 

1 = Unilateral 

2 = Bilateral 

TScore at Diagnosis Diagnostic Categorical 0-16 

HRCTV Volume - 

Fraction 1 
Treatment - Brachytherapy Numeric 5.3-155.0 cm3 

TScore - Brachytherapy Treatment - Brachytherapy Numeric 0-14 

Brachytherapy Technique Treatment - Brachytherapy Binary 
0 = All Intracavitary 

Fractions 
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1 = Minimum One Hybrid 

Interstitial Fraction 

Brachytherapy Applicator Treatment - Brachytherapy Categorical 

1= Ring & Tandem 

2 = Tandem & Ovoid 

3 = Other 

Brachytherapy Dose Rate Treatment - Brachytherapy Binary 
1 = HDR 

2 = PDR 

Overall Treatment Time  Treatment - Other Numeric 30-86 days 

Chemo Cycles Treatment - Other Categorical 
0 = 0-3 cycles 

1 = 4-8 cycles 

EBRT Technique Treatment - EBRT Binary 
0 = 3DCRT 

1 = IMRT/VMAT 

EBRT Prescription Dose Treatment - EBRT Numeric 41.4-51 Gy 

EBRT Prescription Dose 

(EQD2) 
Treatment - EBRT Numeric 37.8-54.3 Gy EQD23 

EBRT V43Gy Treatment - EBRT Numeric 114-7691 cm3 

EBRT V57Gy  Treatment - EBRT Categorical 

0 = No Boost 

1 = < 57 Gy Boost 

2 = > 57 Gy Boost, Treated 

Volume Ò 165 cm3 

3 = > 57 Gy Boost, Treated 

Volume > 165 cm3 

EBRT para-aortic 

elective field 
Treatment - EBRT Binary 

0 = No 

1 = Yes 

Rectum D2cm3 Dosimetric Numeric 46.60 - 96.55 Gy EQD23 

Rectum D0.1cm3 Dosimetric Numeric 47.95 - 214.51 Gy EQD23 

Sigmoid D2cm3 Dosimetric Numeric 44.45 - 106.30 Gy EQD23 

Sigmoid D0.1cm3 Dosimetric Numeric 46.63 - 274.84 Gy EQD23 

Bowel D2cm3 Dosimetric Numeric 43.2 - 124.52 Gy EQD23 

Bladder D2cm3 Dosimetric Numeric 51.56 - 106.26 Gy EQD23 

Bladder D0.1cm3 Dosimetric Numeric 53.49 - 159.85 Gy EQD23 

ICRU Bladder Point Dosimetric Numeric 46.69 - 110.00 Gy EQD23 

ICRU RectoVaginal 

Point  
Dosimetric Numeric 47.36 - 123.68 Gy EQD23 

Total ISV V60Gy3 Dosimetric Numeric 69.9 - 737.9 cm3 

Cystitis G2 (CTCAEv3) Outcome Binary 
0 = Grade < 2 

1 = Grade Ó 2 

Proctitis G2 (CTCAEv3) Outcome Binary 
0 = Grade < 2 

1 = Grade Ó 2 
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Table S2: Human-defined logical relationships permitted in Bayesian network optimization framework. 

Risk Factor Type Permitted Parent Nodes Permitted Child Nodes 

Patient Specific Patient Specific Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Outcome 

Diagnostic Patient Specific 

Diagnostic 

Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Outcome 

Treatment - Brachytherapy Patient Specific 

Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment - Other 

Treatment ï Brachytherapy 

Treatment ï Other 

Dosimetric 

Outcome 

Treatment - EBRT Patient Specific 

Diagnostic 

Treatment ï EBRT 

Treatment - Other 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Dosimetric 

Outcome 

Treatment - Other Patient Specific 

Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment - Other 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Outcome 

Dosimetric Patient Specific 

Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Dosimetric 

Dosimetric 

Outcome 

Outcome Patient Specific 

Diagnostic 

Treatment ï EBRT 

Treatment ï Brachytherapy 

Treatment ï Other 

Dosimetric 

None 
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Figure S1: Out-of-box algorithm (Chow-Liu) generated Bayesian network structure with feature selection 

for cystitis grade Ó 2 prediction.  
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Figure S2: Out-of-box algorithm (Tree-Augmented Naïve Bayes) generated Bayesian network structure 

with feature selection for cystitis grade Ó 2 prediction. For visual clarity, as the Tree-Augmented Naïve 

Bayes method connects all risk factors directly to the target endpoint, arcs connecting the risk factors to 

cystitis grade Ó 2 are shown in grey. 
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Figure S3: Out-of-box algorithm (Greedy Hill Climbing) generated Bayesian network structure with 

feature selection for cystitis grade Ó 2 prediction. 
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Figure S4: Out-of-box algorithm (Chow-Liu) generated Bayesian network structure with no feature 

selection for cystitis grade Ó 2 prediction. 
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Figure S5: Out-of-box algorithm (Tree-Augmented Naïve Bayes) generated Bayesian network structure 

with no feature selection for cystitis grade Ó 2 prediction. For visual clarity, as the Tree-Augmented Naïve 

Bayes method connects all risk factors directly to the target endpoint, arcs connecting the risk factors to 

cystitis grade Ó 2 are shown in grey. 
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Figure S6: Out-of-box algorithm (Greedy Hill Climbing) generated Bayesian network structure with no 

feature selection for cystitis grade Ó 2 prediction. 
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Figure S7: Simulated annealing generated Bayesian network structure for proctitis grade Ó 2 

prediction.  

 

Table S3: Performance metrics for the out-of-box (OOB) algorithms with initial feature selection. Metrics 

are presented for the performance on the cross-validation data and the separate holdout testing dataset. 

Provided p-values describe McNemarôs test with Bonferroni adjusted Ŭ = 0.00833 comparing simulated 

annealing optimization to the out-of-box algorithms. CLO = Chow-Liu Optimization, TAN = Tree-

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

 

Algorithm 

Validation Set Holdout Test Set 

p-value Balanced 

Accuracy 
F1 Macro ROC-AUC 

Balanced 

Accuracy 

F1 

Macro 

ROC-

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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