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Abstract

Radiation therapy plays a crucial role in the treatment of cancer and is widely used in curative
and palliative care. While this therapy e ectively targets tumour tissue, it can inadvertently
harm cells in nearby organs, resulting in toxicity. These toxicity e ects significantly impact pa-
tients’ well-being, causing physical and mental challenges. In pelvic radiotherapy, the majority
of patients may develop three common toxicities related to irradiation of the bowel including

diarrhoea, faecal incontinence, and bowel urgency.

The severity of toxicity depends on various factors, including cellular characteristics, radiation
dosage to non-cancerous tissues, patient attributes, and oncologic treatment variables. However,
the relationship between these factors and the risk of toxicity remains unclear. To minimise the

impact of toxicity, it is crucial to accurately assess potential risks during treatment planning.

This research delves into the application of machine learning, particularly deep learning meth-
ods, to identify the correlation between late toxicity and various features after radiotherapy.
Specifically, the research aims to establish a framework for predicting radiotherapy-induced

toxicity, as well as detecting and analysing potential risk factors for patients with pelvic cancers.

The main framework of this research includes two convolutional blocks for analysis of com-
puterized tomography (CT) scans and dose distribution data, and a fully-connected path for
analysis of clinical variables, including demographics, comorbidities, medications, and treat-
ment features. An attention mechanism was employed to determine possible risk factors and
critical anatomical regions. In the study, a dataset of 315 patients treated at Leeds Cancer Centre
in the United Kingdom between 2009 and 2014 was utilized.

The summary of the results indicates that the attention weights for bowel urgency were primar-
ily concentrated on the right iliac fossa, and the attention weights for faecal incontinence were
focused on the postero-inferior region (i.e., corresponding to the anorectum). However, no spe-
cific anatomical region could be identified from the attention weights for predicting diarrhoea.
The analysis of clinical data, in conjunction with CT and dose, led to an improvement in predic-
tion performance, resulting in an area under the receiver operating characteristic curve (AUC)
of 88% for bowel urgency and 78% for faecal incontinence. In contrast, the best performance
for predicting diarrhoea was achieved when analyzing clinical features alone, resulting in a 68%
AUC. The proposed frameworks and the outcomes of this study can assist clinicians in gaining

a better understanding of toxicity and its intricate relationship with di erent factors.
v
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Chapter 1

Introduction

The objective of this chapter is to provide a succinct overview of the issue of radiotherapy-
associated toxicity and the ways in which current techniques assist in reducing this. The con-
tribution of this doctoral studies to this area and the overall structure of the thesis are also

included.

1.1 Problem de nition

Radiation therapy (RT) is currently utilised in over 50% of patients with cancer, either as a
curative treatment or for palliative care [35]. It can be considered as the main treatment or
in combination with chemotherapy, surgery and immunotherapy to manage cancerous tissues
and it is sometimes used to treat non-cancerous (benign) tumours and other diseases, such
as thyroid eye disease and blood disorders [58]. Broadly, there are twoedi methods for

RT: external beam radiotherapy (irradiation from outside the body) and internal radiotherapy
(irradiation from inside the body). The former involves focusing high-energy radiation beams
typically using a linear accelerator into the tumour area, while the latter can be performed by

injecting'swallowing radioactive liquids or implanting radioactive metal inside the body near



1.1 Problem de nition

the cancerous tissue either temporarily (brachytherapy) or permanently (seed brachytherapy).
Depending on the type, stage, and location of the tumour, the number (or fraction) of treatments
administered varies. The use of concurrent chemotherapy or other concurrent agent (used as a

radiosensitizer) again depends on the type of cancer and staging and patient tness.

Using ionising radiation to eliminate tumour tissue can alsecanormal tissues in surrounding
organs, referred to as “organs at risk” (OAR), potentially resulting in damage to that tissue,
leading to toxicity; RT generates highly reactive molecules within the cellular structures to
disrupt DNA strands and other vital cellular components, leads to irreversible cellular damage

and death to healthy cells.

The majority of patients report various sideeets after RT, which aect their well-being and
quality of life [35]. Side e ects are related to the anatomical position of RT and the adjacent
tissues. Hair loss, nausea, sore mouth, diarrhoea, sore or red skin, mucosal injury, and moderate

fatigue are all common acute sideexts of radiation therapy ([35], [35]).

These toxicities may be associated with short-term and long-term consequences. In short-term
(acute) toxicity, adverse ects appear during radiotherapy or within three months after the
treatment, and they may resolve within months. Long-term (late) toxicities are observed later
than three months, and are usually considered progressive and irreversible over timeand a

the patient's quality of life.

The damage caused by RT to normal cells depends on various factors, including cellular char-
acteristics, organs' physiology and anatomy, radiation dose to normal tissues, patient charac-
teristics, and oncological treatment features. However, the relationship between these factors
and the risk of late toxicity for many organs remains unclear. To reduce the damage to normal
tissues and minimise toxicity risk, RT is precisely planned for each patient. Clinicians must
have a clear understanding of the relationship betweeardnt risk factors for late toxicity

a ecting each patient in order to develop the mostient treatment plan. As a result, an ac-

curate assessment of potential toxicity risks is a crucial component of radiotherapy treatment
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