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Abstract

Despite radiotherapy (RT) being an effective treatment, prostate cancer recurrence is not
uncommon, particularly in high-risk disease. A key biological process driving treatment
failure is tumour hypoxia which is associated with radiotherapy resistance. Established
methods of detecting hypoxia are invasive and not routinely undertaken. Predicting which
patients will recur after RT and those more likely to suffer from RT-related side effects is
also challenging. Quantitative analysis of routinely acquired prostate magnetic resonance
imaging (MRI) data might help to address these existing dilemmas. The choice of the
optimal treatment for recurrent prostate cancer remains uncertain and warrants further
investigation. The aims of this PhD thesis were to investigate the role of quantitative
MRI and hypoxia biomarkers in optimising prostate RT, predicting oncological outcomes

and toxicity, and providing further evidence on the efficacy of prostate reirradiation.

The following five studies were undertaken during this PhD: A model to predict prostate
tumour hypoxia using pre-treatment MRI-derived radiomics was developed and
compared to an established genomic hypoxic signature using a twin-centre retrospective
cohort of patients with prostate cancer. The potential utility of an outcome prediction
model integrating radiomic and hypoxia information with clinical data for predicting
biochemical recurrence free survival (BCRFS) was explored. An exploratory study of
bladder and rectum radiomic feature changes following external beam radiation therapy
(EBRT) delivered on a magnetic resonance imaging linear accelerator (MRI-LINAC) was
undertaken. A systematic review of the evidence for prostate reirradiation in locally
recurrent cancer was undertaken. Finally, a prospective trial Reirradiation Options for
Previously Irradiated Prostate cancer (RO-PIP) comparing different radiation treatments

for recurrent prostate cancer was designed and set-up.

The key findings from this PhD included: Whole prostate MRI-radiomics has the
potential to non-invasively predict tumour hypoxia prior to radiotherapy, which may be
helpful for individualised treatment optimisation. = The addition of pre-treatment
MRI-derived radiomic features to clinical variables improved the accuracy of predicting
BCRFS after prostate radiotherapy with or without the addition of hypoxia gene
signature. A feasible methodology for collecting longitudinal radiomic changes from the
bladder and rectum during MRI-LINAC radiotherapy treatments was designed and
preliminary results show potential radiomic changes between the EBRT treatment time
points. Published literature evaluating salvage reirradiation of radiorecurrent prostate
cancer using stereotactic body radiotherapy (SBRT) or high-dose-rate brachytherapy

(HDR-BT) reports similar biochemical control and acceptable late toxicity however data
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is mainly retrospective and of low quality and prospective randomised trials are needed.
The RO-PIP study, a feasibility study investigating toxicity outcomes following
reirradiation with SBRT versus HDR-BT is currently open to recruitment.

Pre-treatment MRI-derived radiomic analysis may help reveal underlying biological
processes such as tumour hypoxia and in outcome prediction models. Longitudinal
evaluation of radiomic feature changes using an MRI-LINAC potentially provides an
innovative way of measuring tissue response during radiotherapy treatments. A
feasibility study of reirradiation techniques should help inform the design of a future

phase 3 trial, which could be driven by MRI biomarkers.
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Chapter 1
Introduction

1.1 Prostate Cancer

Prostate cancer is the most common malignancy in males in the United Kingdom (UK)
with approximately 48,500 new diagnoses every year, and the incidence has increased over
the last decade [1]. Worldwide, prostate cancer accounts for over 1.4 million new cases
per year and causes over 375,000 deaths (3.8% of all deaths caused by cancer in men)
[2,3]. Prostate cancer is the most frequently diagnosed cancer in 112 countries, and the

leading cause of cancer death in 48 countries [4].

1.1.1 Prostate Cancer Grading Systems

The Gleason grading system, developed by Dr. Donald Gleason in the 1960s, has
become the standard method for grading of prostate cancer [5]. It is used to evaluate
the aggressiveness of prostate cancer based on the microscopic appearance of tumour
tissue and assigns a grade ranging from 1 (least aggressive) to 5 (most aggressive) to
different areas within the prostate gland. The most common and second most common
patterns are added together to give a Gleason score, ranging from 2 to 10. A higher
Gleason score indicates a higher likelihood of aggressive behaviour and a poorer

prognosis.

Over the past 40 years, the histologic and clinical diagnosis as well as the treatment of
prostate cancer (PCa) have advanced, resulting in revisions to the Gleason grading system
in 2005 and further updates in 2014 by the International Society of Urological Pathology
(ISUP) [6,7]. The current Gleason grading significantly deviates from the original system
as scores 2-5 are no longer used, and some patterns previously categorised as a score of
6 are now classified as 7. Consequently, contemporary Gleason score 6 cancers have a

more favourable prognosis compared to historical score 6 cancers.

The ISUP endorsed grading system limits the number of prostate cancer grades, ranging

them from 1 to 5 by grouping different Gleason grades together (see Table 1.1).
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Table 1.1 International Society of Urological Pathology (ISUP) grading (group) system.

2-6 1

7 (3+4) 2

7 (4+3) 3

8 (4+4 or 345 or 5+3) 4
9-10 (445 or 5+4 or 5+5) 5

1.1.2 Clinically significant Prostate Cancer and risk stratification

The term "clinically significant” is used to distinguish prostate cancer that poses a risk
of morbidity or mortality in a particular patient from types of cancer that do not. This
differentiation is crucial, because insignificant prostate cancer does not cause harm but
remains very common and there is a risk of over-treatment, exposing patients to

potentially harmful side effects [8,9].

Pathological factors are often utilised to define insignificant cancer. ISUP grade 1 disease
is considered clinically insignificant and associated with a low risk of developing metastasis
and disease-specific death [10]. Clinically significant cancer can be considered as ISUP

grade group 2 and above.

At diagnosis patients in the UK are categorised into risk categories using the National
Institute for Health and Care Excellence (NICE) risk stratification and more recently, the
Cambridge Prognostic Groups (CPG) classification[11]. These classification systems, like
the National Comprehensive Cancer Network (NCCN) guidelines for staging prostate
cancer used in the US, help to guide treatment decisions by providing prognostic

information about the risk of cancer progression (Table 1.2) [11,12].

It remains important to consider other factors, including patient preference, pre-existing
symptoms, co-morbidity, and increasing age when deciding the most appropriate
management strategy. ISUP grade 1, T1-2a and PSA< 10 represents low-risk prostate
cancer and the recommended management is active surveillance (AS). Active treatment
with either surgery or radiotherapy benefits patients with intermediate- or high-risk
prostate cancer and at least 10-year life expectancy. Radiotherapy is preferred in older
patients and those with co-morbidity. For those undergoing radiotherapy, additional

androgen deprivation is also recommended, 6 months in intermediate risk disease and



Table 1.2 Patient characteristics of men diagnosed with non-metastatic prostate cancer
according to the NICE three-tiered risk stratification (2) and the Cambridge Prognostic
Group classification (CPG) (4). Abbreviations: PSA = prostate specific antigen; T =
tumour stage.

NICE risk group Criteria CPG Category Criteria
Lo rick Gleason score £ 6 Gleason score 6 (Grade Group 1)
diccase AND PSA < 10 ng/ml 1 AND PSA < 10 ng/ml
AND stages T1-T2a AND stages T1-T2a
Gleason score 3+4=7 (Grade Group 2)
5 OR

PSA 10-20 ng/ml
AND Stage T1-T2

Gleason score £ 6

: OR
Intermediate- oo, 1 50 ng/ml
risk disease OR

Stage T2b



_4 -

2-3 years in high-risk or locally advanced disease. Watchful waiting, where androgen
deprivation is commenced if the patient is symptomatic, is offered to patients with

co-morbidity and/or frailty likely to result in less than 5-year overall life expectancy [13].

1.1.3 Radiation Therapy

Radiation therapy (RT) is an effective curative treatment for localised and locally advanced
non-metastatic prostate cancer. RT can be delivered in two ways: External beam RT
(EBRT, where the radiation source is located outside the body), and brachytherapy (BT,
where a sealed radioactive source is placed inside the body). EBRT is delivered using
a linear accelerator (LINAC) machine, which generates a therapeutic X-ray beam and
directs it to the desired target. BT involves placement of radioactive source(s) directly
inside the prostate. Due to the physical properties of the radioactive sources (sharp drop
off in dose over millimetres) and better certainty in dose delivery, it provides a highly
conformal method to deliver high radiation dose to the tumour. Sparing of surrounding
normal organs in brachytherapy is ensured by choosing an isotope which generates high
radiation energy with limited tissue penetration [14]. These sources can be placed either
permanently or temporarily, using appropriate applicators. Improving the efficacy of RT
entails maximising the dose to target volumes while minimising the amount of normal
tissue irradiated. This is directly affected by the imaging technique used during RT
planning and treatment. Enhanced visibility of tumour by functional imaging methods
such as magnetic resonance imaging (MRI) and positron emission tomography computed
tomography (PET-CT) aids in more accurate delineation of gross tumour volume (GTV).
MRI offers superior soft-tissue contrast compared to standard CT imaging and enables
more accurate delineation of the tumour target and organs at risk during RT planning

(Figure 1.1). The normal anatomy of the prostate gland is shown in Figure 1.2.

Incorporation of imaging on modern LINACs allows verification of target volume before
beam delivery, resulting in more precise irradiation and smaller planned treatment volume
(PTV) margins (Figure 1.3). Consequent sparing of normal tissues leads to reduction
in RT-related morbidity [15]. Another advantage with improved reliability of tumour
targeting is the use of hypofractionated RT, whereby larger dose per fraction can be
safely delivered using fewer fractions. Such treatment delivered to a highly conformal
target volume with a steep dose gradient in a small number of fractions, is referred to
as Stereotactic Ablative Body Radiotherapy (SABR). Novel MRI-guided linear accelerator
(MRI-LINAC) systems combine MRI with a LINAC for irradiation and offers real-time
adaptive treatment opportunities to further optimise RT delivery [16].



Figure 1.1 A case of prostate cancer treated with radiotherapy showing the standard
non-contrast RT planning CT (A) and an axial T2-weighted (T2W) MRI image acquired
on an MRI LINAC (B) showing the prostate (red arrow) and rectum (blue circle and
star). The tissue boundaries are much clearer on MRI, which allows for a more accurate
RT contouring, particularly when highlighting the posterior border of the prostate, which
contacts the rectum.



Figure 1.2 Close-up and cropped Axial T2W MRI of a prostate showing the normal
anatomy of the peripheral zone (green area), transition zone (purple area) and rectum
(star).



[h]

Figure 1.3 Axial T2W MRI images acquired from the MRI-LINAC showing the clinical
target volume (CTV) (pink) which is the prostate gland and any extraprostatic tumour
extension, the surrounding planning target volume (PTV) (blue) which is determined by
adding a fixed margin to the CTV to account for internal target volume and patient
motion. The surrounding organs at risk (OAR), the bladder (yellow) and rectum (brown)
are also demarcated.

1.1.4 Biomarkers in Prostate Cancer

A biomarker can be defined as a characteristic that is measured as an indicator of a
normal physiological or pathological process or a response to an exposure or intervention
[17,18]. Traditionally, biomarkers were biological molecules however with imaging, this
offers a further metric that can be measured longitudinally. Few biomarkers have yet to be
incorporated into standard clinical practices in order to guide treatment decisions given the
rigorous testing and external validation required to show definitive real-life improvements

in healthcare with important endpoints such as survival and cost effectiveness [19-22].

Distinguishing between a prognostic and predictive biomarker is paramount. Prognostic
biomarkers provide information on the overall patient outcome e.g. survival length or
recurrence, irrespective of what treatment they receive. The presence or absence of a
prognostic biomarker can aid patient selection for treatment intensification or
de-escalation, however it would not predict the response to this treatment. A predictive
biomarker on the other hand gives information on the effect of a therapeutic

intervention for a patient, which can also be used for patient or treatment selection [23].
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A framework for imaging biomarker (IB) validation and qualification was designed by a
consensus panel of experts as part of the Imaging Biomarker Roadmap for Cancer

Studies in order to accelerate the clinical translation of effective I1Bs [24].

Prostate cancer biomarkers can be used for diagnosis, risk stratification or treatment
response assessment. Such ‘biomarkers’ may be serum-based, urine-based, tissue-based,
imaging markers or risk assessment tools [25,26]. Current established biomarkers include
serum prostate specific antigen (PSA) and Gleason grading of biopsy specimens. Risk
factors and markers for biochemical recurrence (BCR) following radical radiotherapy
include initial tumour stage, PSA value, and pathological Grade group [27,28]. Serum
PSA level, a measure of tumour burden, has been widely used to predict prostate cancer
incidence among asymptomatic men as well as assessing disease relapse in patients after
surgery [29]. Following radiotherapy, where the prostate remains intact, the clinical
significance of PSA dynamics is less clear as rising PSA levels could be due to
infection /inflammation, recovering normal prostatic tissue, cancer relapse, or a
combination of these [30]. Some patients will have a temporary PSA increase followed
by spontaneous reduction to the nadir level, the absolute lowest level that the PSA will
drop following treatment. This ‘PSA bounce’ has been associated with better prognosis
[31]. It has been postulated this may be secondary to tumour—immune cell dynamics
[32]. Imaging therefore has a central role in the problem-solving required in such cases.
Given the complex and heterogeneous nature of prostate cancer, a combination of
biological and imaging biomarkers may be necessary to guide personalised treatment

strategies in order to maximise clinical benefit for patients.

Prostate cancer patients with the same histological and clinical parameters may still
have different clinical presentations, molecular profiles, and clinical outcomes. More
specific biomarkers are required to identify the patient subsets that may benefit from
alternate treatment approaches. Adding genomic markers in combination with clinical
and pathological variables could potentially reduce the number of unnecessary biopsies,
more accurately stratify low-risk and high-risk tumours and guide personalised treatment
decisions but is not yet in widespread clinical use. Large multicentre studies are required

to validate their efficacy and cost effectiveness [33].

1.1.5 Treatment Failure

Despite advances in diagnostic imaging, radiotherapy delivery techniques and
dose-escalated radiation, treatment failure remains common [34,35]. Over 50% of men

with high-risk prostate cancer will develop BCR after EBRT during extended follow-up
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of 10-15 years [36]. The definition of BCR after radiotherapy is based on the Phoenix
criteria which requires an increase in PSA of at least 2 ng/ml above the post-radiation
PSA nadir (the absolute lowest level that the PSA drops after treatment) [37]. In a
study of almost 2000 patients with localised prostate cancer, treatment with
radiotherapy alone, resulted in an overall survival at 10-years of 57%, which increased to
62% with the addition of 4 months of short-term androgen deprivation therapy (ADT)
[38]. Further follow-up of this cohort however demonstrated that the overall survival at
approximately 15 years was the same for these two treatment groups at 23%
demonstrating that, for the majority, overall survival is driven by deaths from
non-prostate cancer causes [39]. Following dose-escalated radiotherapy, the most
common site of clinically detectable recurrence is within the prostate itself at the site of
the index lesion and the 8-year cumulative incidence of local recurrence of 3.5%, 9.8%,
and 14.6% in low, intermediate, and high-risk prostate cancer groups respectively [35].
Older patients and/or those with co-morbidity may be managed with observation only or
androgen deprivation therapy. Local recurrence after radiotherapy is amenable to further
salvage treatments which are potentially curative however only 15-20% of men undergo
local salvage therapy according to the Cancer of the Prostate Strategic Urologic
Research Endeavor (CaPSURE) registry [40].

The evidence behind the management of local recurrence after definitive radiotherapy is
limited mainly to case-series, and remains controversial with few consensus
recommendations [41]. A meta-analysis of six randomized trials found that local failure
after radiotherapy for high-grade prostate cancer was significantly associated with
overall survival, prostate cancer-specific survival, and distant metastasis-free survival,
therefore, some patients with isolated local recurrence may benefit from local salvage
treatment [42]. Two systematic reviews evaluating all salvage therapies found higher
biochemical control rates for reirradiation treatments (BT and EBRT) compared to
surgical and other non-surgical local therapies (high intensity focused ultrasound (HIFU)
and cryotherapy) along with potentially lower genitourinary (GU) toxicity [43,44]. As
part of this thesis, a focused systematic review was conducted to identify the
reirradiation modality that offers the best balance of prostate cancer control and
toxicity. More advanced imaging techniques such as prostate-specific membrane antigen
positron emission tomography — computed tomography (PSMA PET-CT), aid in salvage
treatment selection by identifying non-local failures more confidently so only true

isolated local recurrences are treated [45].

Following EBRT, the median time from biochemical failure to disease metastasis was

5.4 years and from biochemical failure to prostate cancer-specific mortality (PCSM) of



- 10 -

10.5 years [36]. Independent predictors for clinical progression after biochemical failure
were shorter post-treatment PSA doubling time, higher initial tumour stage (T3b or
T4), higher pre-treatment Gleason score (score of 8-10), and a shorter interval from
end of radiotherapy to biochemical failure, where an interval of less than 3 years was
associated with increased rate of disease metastasis and PCSM [36]. These clinical and
biochemical factors may be surrogates for underlying genomic and epigenomic aberrations
which could drive the cancer's progression. Further understanding the biology of prostate
cancer progression will improve the ability to predict clinical outcomes following treatment

and enable potential interventions to improve patient outcomes.

1.1.6 Hypoxia in Prostate Cancer

Hypoxia, defined as poor oxygenation, within solid tumours is associated with poor local
control and early biochemical and local recurrence in prostate cancer [46-48]. Hypoxia
is a feature of many tumours and is involved in the modulation of clinical behaviour and
treatment response, mediated via genomic and molecular changes that promote tumour
aggressiveness and metastatic spread [49]. The rapid proliferation of cancer cells
without sufficient neo-vascularisation induces a state of tumour hypoxia [50]. Hypoxia
plays a particularly key role in prostate cancer cells which are metabolically dependent
on enhanced glucose transport and glycolysis for expansion therefore reliant on
neovascularisation to enable diffusion of oxygen and glucose [51,52]. There are two
types of tumour hypoxia, chronic and acute, which highlight the complexity and
dynamic changes in oxygenation that occur within tumours [53]. Chronic or
diffusion-limited hypoxia is due to the oxygen diffusion distance, which affects cells that
do not have access to a blood vessel within approximately 100 micrometres. Acute or

perfusion-limited hypoxia is caused by temporary blood flow changes.

Hypoxia-inducible factors (HIFs) are critical mediators of cellular response to hypoxia,
for example HIF-1 which remains central in controlling the upregulation and expression
of genes encoding proteins involved in angiogenesis, erythropoiesis, energy metabolism,
cell growth, and survival influencing the intratumoural hypoxia state [54]. Furthermore,
hypoxia may cause biological resistance to radiotherapy due to the lack of oxygen
[65,56]. Radiation causes DNA strand breaks which are caused by reactive oxygen
species following water radiolysis and this induces tumour cell death[57]. In a hypoxic
environment, formation of these reactive oxygen species is however limited and tumour
cells are also able to remove hydrogen from free sulfhydryl groups and can repair DNA
damage [58].
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In the primary treatment setting for prostate cancer with radiotherapy, angiogenic and
hypoxia biomarkers have been found to be predictive of biochemical relapse free survival
(BRFS) and distant metastasis free survival (DMFS) [59]. The increased expression
of intrinsic markers of tumour hypoxia and angiogenesis, such as HIF-1 and vascular
endothelial growth factor (VEGF) in localised prostate cancer have been shown in two
separate large randomised control trial cohorts to predict biochemical failure, independent

of tumour stage, Gleason score and initial PSA level [60].

Developing transcriptomic and/or imaging hypoxia biomarkers would help stratify
patients according to the degree of tumour hypoxia, potentially offer adapted or
intensified radiotherapy schedules and help monitor their response to therapy. Several
hypoxia-associated gene signatures for prostate cancer have been shown to be of
independent prognostic value for prostate cancer patients [61,62]. The effect of
radiotherapy on these genomic signatures has not been studied therefore the role of it in
the salvage treatment setting remains unclear. lonising radiation has already been found
to cause distinctive mutational genomic signatures and has a role in the development of
second malignancies from within a treated radiotherapy field [63]. In a study of 190
paired primary and recurrent and over 3000 post-treatment metastatic brain tumours, a
high radiation-associated deletion burden was associated with worse clinical outcomes,
suggesting that effective repair of radiation-induced DNA damage was also detrimental
to patient survival.  This highlights the importance of studying the impact of
radiotherapy on prognostic genomic signatures in prostate cancer as identifying these

changes could help with predicting response to treatment for recurrent cancer [64].

1.1.7 Prostate Magnetic Resonance Imaging

Multiparametric MRl (mpMRI) is central to the detection, and assessment of prostate
cancer [65]. Imaging protocols typically include T1-weighted (T1W) and T2-weighted
(T2W) anatomical sequences along with functional sequences, particularly
diffusion-weighted imaging (DWI) and dynamic contrast-enhanced MRI (DCE-MRI)
mpMRI is routinely used before prostate biopsy in the work-up for a patient with
elevated PSA following recommendations from international guidelines [66]. The
Prostate Imaging—Reporting and Data System (PI-RADS) was designed to help
standardise prostate imaging and reduce variation in the prostate MRI acquisition,
interpretation, and reporting [67]. The most recent version of PI-RADS is version 2.1
and Figure 1.4 summarises the key differentiating MRI features for each of the PI-RADS
categories based on the location of the lesion (Peripheral zone vs Transition zone), and
appearances on each sequence (T2W, DWI and DCE-MRI).
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For the peripheral zone (PZ), the DWI/ apparent diffusion coefficient (ADC) is the primary
determining sequence (dominant technique) to assign the PI-RADS category. Whereas for
the transition zone (TZ), the T2W imaging is the primary determining sequence (dominant
technique) to assign the PI-RADS assessment category. For TZ lesions, the overall Pl-
RADS assessment usually follows the T2W score, but scores of 2 or 3 can be upgraded by
the DWI sequence if the DWI score is two higher (i.e. 4 or 5, respectively) as this would
upgrade the overall PI-RADS assessment by one further point (i.e. from 2 to 3 or 3 to
4, respectively). For PZ lesions which have a DWI score of 3, the presence of dynamic
contrast enhancement further upgrades the PI-RADS assessment category to 4. This
means the DCE sequences show ALL the following findings: (1) focal enhancement, (2)
earlier than or contemporaneous with enhancement of adjacent normal prostatic tissues,
(3) enhancement corresponds to a suspicious finding on T2W and/or DWI sequence [67].
In terms of the clinical relevance of using PI-RADS scoring for identifying clinically
significant cancer, a recent systematic review by Oerther et al. reported the following
cancer detection rates for each PI-RADS group: PI-RADS 1 = 6%, PI-RADS 2 = 9%,
PI-RADS 3 = 16%, PI-RADS 4 = 59%, PI-RADS 5 = 85%.

DWI-MRI is a functional imaging technique where image contrast depends on the
magnitude and direction of water molecules’ Brownian motion in tissue. As this motion
is influenced by cellular structures such as cell membranes, the technique provides a
non-invasive probe of tissue microstructure. DWI-MRI is often interpreted in terms of
cell density, for example with higher cellular density in tumours leading to
hindered /restricted diffusion compared with normal, less cellular, tissue. Such hindered/
restricted diffusion results in higher signal intensity on DWI sequences, corresponding to

a lower apparent diffusion coefficient (ADC), a quantitative value derived from DWI.

DCE-MRI involves the acquisition of T1W fast spoiled-gradient echo images before,
during, and after intravenous injection of a low molecular-weight gadolinium chelate. In
tumours, contrast enhancement followed by wash-out tends to occur more rapidly than
in normal tissue, reflecting the higher perfusion of the tumour. Pharmacokinetic analysis
of DCE-MRI data models the transfer of the contrast agent between the vascular space
and the extravascular extracellular space [68]. It generates parameters related to
perfusion including the volume transfer constant, Ktrans, and the rate constant, kep,

which are associated with tumour response to RT for prostate tumours [69].

Imaging also offers a non-invasive method to image tumour hypoxia [70]. Previous work
evaluating the use of MRI to measure tumour hypoxia has highlighted blood oxygenation

level-dependent (BOLD) and intravoxel incoherent motion (IVIM) sequences as having
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Figure 1.4 PI-RADS version 2.1 schematic summarising key differentiating MRI features
for each of the PI-RADS categories (1-5) for both the peripheral zone (PZ) and transition
zone (TZ) and a scoring flow chart showing the potential up-scoring or down-scoring
based functional imaging. Abbreviations: ADC = apparent diffusion coefficient, DWI =
diffusion-weighted imaging, DCE = dynamic contrast-enhanced.

For Dynamic Contrast Enhanced (DCE) Images: (-) means no early or contemporaneous
enhancement OR diffuse multifocal enhancement NOT corresponding to a focal finding on
T2W and/ or DWI OR focal enhancement corresponding to benign prostatic hypertrophy.
(+) means focal AND earlier enhancement AND corresponds to suspicious finding on TWI
and/ or DWI imaging.
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potential for clinical translation to measure hypoxia specifically in prostate cancer [52,71].
Intrinsic susceptibility weighted or BOLD MRI (R2* biomarker) exploits the difference in
magnetic susceptibility of oxyhaemoglobin and deoxyhaemoglobin to generate contrast
and identify regions of hypoxia [72,73]. IVIM is a DWI-MRI technique which provides
information about tissue perfusion as well as diffusion [74]. By modelling diffusion data
with a perfusion component, a surrogate for tissue perfusion can be calculated (perfusion
fraction or f). Early increases in f are associated with good response [75], and recent

work provides evidence linking IVIM parameters to tumour hypoxia [52].

Prospectively evaluating the use of hypoxia imaging in the setting of clinical trials and
research studies is required to help cross the 'translational gaps' through validation and
qualification as highlighted by the Imaging Biomarker Roadmap [24]. An example
schematic of a hypoxia imaging biomarker (IB) roadmap is shown in Figure 1.5 where
the technical, biological and clinical validation of the IB occurs simultaneously and
alongside each other. It is important to link the IB with pathophysiology and provide
biological validation in order for it to cross the first translational gap. Cost-effectiveness
is also a key consideration as it impacts the development of an IB and how realistic it
can be incorporated into clinical practice through availability of imaging equipment and
the requirement for any specialist personnel. Standard operating procedures (SOPs) are
also required to help with setting up IB driven multicentre clinical trials and facilitate

more widespread adoption.

1.1.8 Current Clinical Methods of Predicting Recurrence after
Radiotherapy

[In order to predict prostate cancer recurrence following treatment, mathematical models
or “nomograms” have been developed to help clinicians make treatment decisions. The
D’Amico nomogram used pre-treatment PSA, clinical stage and biopsy Gleason score to
categorise patients into three risk categories (low, intermediate and high risk) and found
men at high risk of early biochemical failure (within 2 years post-treatment) could be
identified [76]. Recently, a new tool called the Candiolo nomogram [77] predicts the risk
of biochemical recurrence using five pre-treatment parameters; age, PSA at diagnosis,
stage, Gleason score and percentage of biopsy positive cores. This nomogram potentially
better identifies patients with high and very high risk disease along with greater numbers
of low risk patients compared to D'Amico classification [78]. Similar tools have been
employed in assessing biochemical recurrence following prostatectomy, namely the Cancer

of the Prostate Risk Assessment (CAPRA) score which integrates additional factors such
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Figure 1.5 Example of a hypoxia imaging biomarker roadmap from discovery to clinical
translation (Adapted from the Imaging Biomarker Roadmap [17])

as surgical margin status, extracapsular extension, seminal vesicle invasion, and lymph

node involvement [79,80].

In the UK, the ‘Predict Prostate’ tool is a commonly used and free online tool that can
be used for men with non-metastatic prostate cancer to help decide between conservative
and radical management regimes based on their unique characteristics [81]. This tool was
constructed using a dataset of over 10,000 men with prostate cancer, using Cox regression
and fractional polynomial models to build a model able to predict overall survival using
routinely collected baseline data about patient and tumour characteristics. This risk
prediction model was able to predict overall survival with a high degree of accuracy in a

UK validation dataset and a further additional Singaporean dataset of over 2,500 men,
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with concordance indices up to 0.84 showing the potential benefit for widespread clinical
adoption. The clinical impact of this tool for men regarding perception of disease in
terms of uncertainty, anxiety and perception of survival along with their decision making
regarding treatment has been evaluated in a randomised control trial, where participants
were given standard of care information with or without an additional presentation of
the Predict Prostate tool [82]. This study found that the tool was helpful for patients
when deciding what treatment to undertake, with 36% of men being less likely to select
radical treatment and over half of the men reporting that the tools estimates for prostate

cancer-specific mortality being lower than expected.

These prediction models currently fail to account for tumour molecular heterogeneity. In
the last decade, there has been increased interest in the utility of genomic signatures
for predicting outcomes following treatment, helping with treatment selection and also
determining if definitive treatment is required at all [61,83-85]. Imaging also offers a
non-invasive method to characterise disease and recently, radiomic features extracted
from mpMRI have helped define texture patterns that allow characterisation of tumour
phenotypes which may help with prostate cancer stratification [86—89]. To date, few risk
prediction tools, either pre- or post-biopsy calculators, have incorporated MRI findings
[90-92]. Integrating imaging derived biomarkers into predictive nomograms could help to
better prognosticate prostate cancer outcomes. Rayn et al [93] reported that combining
mpMRI with clinical nomograms could improve the prediction of adverse pathology at
radical prostatectomy which would enable urologists to better counsel patients about the
risks of future therapy [93].

A recent study using an integrated nomogram, combining deep learning-based imaging
predictions, PI-RADS scoring of prostate MRI scans, along with clinical variables was able
to accurately risk stratify patients from their biparametric MRI and identify patients who
would benefit from adjuvant therapy [90].

1.1.9 MRI Changes Following Radiotherapy

The European Association of Urology (EAU) prostate cancer guidelines state that
imaging should only be performed at biochemical recurrence if the result will affect
treatment planning however no general recommendation is made in terms of specific
imaging modalities [94].  Specifically in the context of follow-up in men with
non-metastatic disease on ADT, the EAU recommends imaging with bone scan and CT
when PSA progression suggests Castration-resistant prostate cancer and treatment

modification is considered to restage the patient however the diagnostic yield from these
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common imaging techniques is low [95]. International clinical guidelines recommend
both nuclear medicine imaging (PET-CT) and MRI imaging to assess local and distant
metastases [96]. The majority of recurrences following definitive radiotherapy occur
locally within the prostate, usually at the original tumour site as previously mentioned,
and prostate MRI still has a role in post-treatment evaluation particularly for the
assessment of local recurrence and/or pelvic disease however the availability of other
imaging techniques such as PSMA PET-CT can offer further information and help
clarify the situation of salvageable local disease recurrence by searching for distant

metastatic disease in the setting of biochemical failure [97].

A recent narrative review highlighted several studies that found PSMA-PET to be superior
to conventional imaging (e.g. CT, bone scintigraphy and MRI) in terms of higher accuracy
and sensitivity in localising biochemical recurrences [98]. Most false positive results were
within the prostate region which can be due to treated benign tissue or potentially indolent
tumour remnants [99]. The ideal time interval from radiotherapy to PSMA-PET to ensure
post-treatment changes have settled is still unclear however a minimum interval of 6

months has been suggested [98].

Prostate mpMRI may still have value in characterising any local recurrences given the
better spatial resolution however with the background radiotherapy changes to the
prostate gland anatomy this can be challenging [35,36,100]. Following radiotherapy
(EBRT or BT), the entire prostate appears hypointense on T2W imaging, with loss of
prostatic zonal differentiation. Detecting local recurrence on T2W imaging is
challenging since tumour is usually hypointense therefore additional DWI +/- DCE
sequences are required [101]. On DWI, the signal characteristics of recurrent tumour are
similar to the primary setting, with a focal hypointensity on the ADC map and
hyperintensity on high b-value imaging corresponding to a nodular area that may be
seen on T2W imaging [102]. Similarly, on DCE MRI, recurrent tumour displays early
enhancement due to the abnormal vascular network [103].  An example of a

post-radiation local recurrence is shown in Figure 1.5.

Following EBRT, the seminal vesicles will atrophy and the muscles appear relatively
hyperintense compared to pre-treatment [104,105]. The imaged pelvic bone marrow will
also be hypointense on T2W imaging, as a result of sclerosis from the effect of

radiation.

Prostate changes following BT are similar, with the addition of the retained radioactive
seeds if LDR-BT has been used, which are metallic and appear as low signal foci within

the prostate on MRI (Figure 3). Imaging shortly after any type of BT could be subject
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Figure 1.6 Post-EBRT case with local recurrence. (A) T2W sequence showing diffuse
T2 hypointensity in the peripheral zone (PZ), with loss of zonal differentiation, consistent
with previous radiation treatment. (B) DCE-MRI shows early lenticular enhancement in
the left mid PZ region. Hypointense focal area (red arrow) on ADC map (C) corresponding
to hyperintense focus on DWI (D) representing true restricted diffusion in the same area
of enhancement seen on DCE supportive of residual /recurrent tumour diagnosis. Capsular
bulging is present and extra-capsular extension is likely with a close association to the
left neurovascular bundle. Images courtesy of Professor Tristan Barrett, University of
Cambridge.

to potential diagnostic pitfalls from haemorrhage. In addition to radiation treatment,
hormonal therapy also causes prostate atrophy, reduction in gland vascularity and overall
reduction in ADC values [106,107].

Despite prostate MRI being accurate for detecting local recurrence after RT, no optimal
acquisition and reporting protocols are available and standardisation is needed. Experts

from the European Society of Urogenital Radiology, the European Society of Urologic
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Figure 1.7 Post-brachytherapy case with local recurrence. (A) Artefact noted from
brachytherapy seeds with hypointense foci seen throughout the prostate on T2W sequence
along with diffuse T2 hypointensity in the peripheral zone (PZ), with loss of zonal
differentiation, consistent with previous radiation treatment. (B) DCE-MRI shows early
enhancement in the left mid PZ region. Residual hypointense focal area (red arrow) on
ADC map (C) corresponding to hyperintense focus on DWI (D) representing true restricted
diffusion in the same area of enhancement seen on DCE supportive of residual /recurrent
tumour diagnosis. Images courtesy of Professor Tristan Barrett, University of Cambridge.
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Imaging, and members of the PI-RADS group established a set of guidelines for MRI to
assess local pelvic recurrence of prostate cancer — the Prostate Imaging for Recurrence
Reporting (PI-RR) system [108]. Like with PI-RADS, PI-RR combines criteria for TWI,
DWI and DCE sequences to assess the likelihood of relapse (See Table 1.3) and also helps
standardise MR image acquisition, interpretation, and reporting in local recurrence after

RT and prostatectomy.
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Table 1.3 Prostate Imaging for Recurrence Reporting (PI-RR) system scoring categories
based on each MRI sequence (T2W, DWI, and DCE) pattern changes for the overall risk
assessment of local recurrence after radiation therapy. Abbreviations: ADC = apparent
diffusion coefficient, BPH = Benign Prostatic Hypertrophy, DCE = dynamic contrast-
enhanced, DWI = diffusion-weighted imaging, T2W = T2 weighted.

1 No abnormal signal intensity compared to the background
2 Linear, wedge-shaped, or diffuse moderate hypointensity or residual BPH nodules
oW 3 Focal or mass-like mild hypointensity NOT at the primary tumour site;
includes others that do not qualify as 2, 4, or 5
a Focal or mass-like moderate hypointensity NOT at the same site as the primary
tumour, or location of primary tumour not known
5 Focal or mass-like marked hypointensity at the same site as the primary tumour
1 No abnormality on high b-value DWI and ADC map
5 Diffuse moderate hyperintensity on high b-value DWI and/or diffuse moderate
hypointensity on the ADC map
3 Focal marked hyperintensity on high b-value DWI or focal marked hypointensity on
DWI the ADC map, but not on both
Focal marked hyperintensity on high b-value DWI and marked hypointensity on the
4 ADC map NOT at the same site as the primary tumour, or site of the primary tumour
not known
5 Focal marked hyperintensity on high b-value DWI and marked hypointensity on the
ADC map at the same site as the primary tumour
1 No enhancement
2 Diffuse or heterogeneous enhancement
DCE 3 Focal or mass-like late enhancement
a Focal or mass-like early enhancement NOT at the same site as the primary tumour, or

tumour site not known

5 Focal or mass-like early enhancement at the same site as the primary tumour
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1.2 Radiomics

Tumour heterogeneity at the phenotypic, physiologic and genomic level influences
tumour aggressiveness and response to therapy [109,110]. Medical imaging contains
mineable high dimensional data, which is not routinely used or seen by the radiologist.
Radiomics refers to the process by which quantitative features are extracted from
medical images. This involves a workflow including mapping, extraction, analysis and
modelling of imaging data to predict a clinical outcome or target [111,112]. It has great
potential as a source of quantitative biomarkers and can be used to build both
descriptive and predictive clinical models that relate imaging features to intratumoural
heterogeneity and biology phenotypes. The hope of radiomics would be that such
quantitative imaging features could serve as a biomarker to help characterise diseases or

allow prediction of treatment response to aid decision making in patient management.

Given that the calculated number of radiomic features often far exceeds the number of
patients, a robust approach is needed to avoid false discovery. Comprehensive work by the
Image Biomarker Standardization Initiative (IBSI) attempts to address the main challenges
in radiomics, including the lack of reproducibility and validation of radiomics studies, and
aims at standardising the workflow, nomenclature, and implementation steps [113]. The

key processing steps in MRI radiomic analysis will be described in further detail.

1.2.1 Image Acquisition

MRI offers both anatomical and functional information to help characterise soft tissue.
High diagnostic quality prostate MRI is vital to help the radiologist in the detection or
exclusion of prostate cancer. Multiple factors affect image quality in prostate MRI which
is highly variable across centres and requires standardisation of technical acquisition
parameters [114,115]. Using a multiparametric approach which includes T2W, DWI),
and DCE-MRI sequences may help to reduce the risk of bias from features extracted
from only one sequence [116]. Voxel size and post-processing steps vary between
institutions, different MRI scanner vendors and protocols. This means that appropriate
image harmonisation is required to account for these changes in order to compare

imaging features across these different platforms.

1.2.2 Segmentation

Selecting the region(s) of interest (ROI) from the imaging is an important first step in

the radiomics workflow. This may include the whole organ of interest, a whole tumour,
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part of a tumour e.g. subregions or habitats, and/ or peri-tumoral areas where the choice
of ROl is guided by the initial research hypothesis. Radiotherapy tumour volume data
used for treatment planning can also be used as segmentations. Ensuring that these
structures are accurately identified and segmented i.e. delineated/ highlighted, ensures
that the subsequent radiomics feature data are correctly derived as these are based on
the voxels from the selected ROI [117]. Segmentation techniques used for defining the
ROI therefore have tremendous impact on the reproducibility of the radiomic features
extracted. Manual delineation is a straightforward solution, but may be time-consuming
and susceptible to intra-observer and inter-observer variability [118-120]. When ROls have
been manually segmented, radiomic feature stability should be assessed by performing
multiple segmentations of the same tumour with either the same or a different reader

performing the delineation.

1.2.3 Feature Extraction
Radiomic features can be grouped into four major categories:
1. Size and shape ‘morphologic’ features — volume, surface area, compactness.
2. First-order histogram — distribution of the intensities of voxels.
3. Second-order histogram or textural features — spatial distribution of voxel intensities.

4. Transform-based features — by imposing kernel functional transformation of the

segmentation, repetitive or non-repetitive spatial patterns can be identified.

A complete list of features is found in the reference manual of the IBSI [113].

First-order features describe statistical properties of voxel intensities within a ROI
including location of the distribution (mean, median, mode), a measure of the spread of
the distribution (variance, interquartile range), a measure of the shape of the
distribution (skewness, kurtosis), and features linked to properties of the voxel intensity
heterogeneity (entropy and energy).  Second-order features describe local spatial
relationships (texture) within the ROl and quantify heterogeneity, for example, gray-level
co-occurrence matrix (GLCM) features measure the signal intensities of pairs of pixels
separated by a given distance and direction, while gray-level size-zone matrix (GLSZM)
features consider the sizes of contiguous regions that share the same signal intensity
after discretisation. Intensity discretisation involves assigning pixels within a given
intensity range to a single value or “bin” and is used before calculation of second-order

features.
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1.2.4 Resampling

Prior to extraction, the voxels within the segmented area are resampled into uniform
sizes by a process called relative discretization which is a type of image pre-processing
technique used to reduce the number of intensity levels in an image while preserving the
relative relationships between the intensity values i.e. without changing the structure or
features of the image. The size and shape of voxels can have a major impact on the
radiomic data extracted [121]. Voxel intensities are ‘normalised’ by resampling the values
to lie between 0 and 1 [112,122]. Voxels of similar intensities are then grouped into ‘bins’.
The number of bins (bin number) or the size of each bin (bin width) can be specified.
Reducing the bin number (or increasing the bin width) will lead to a loss of image detail
but will remove noise. On the other hand, increasing the bin number (or decreasing the
bin width) will preserve more image detail but will also retain image noise. By normalising
the values this way, overall noise is reduced but this also impacts on the features extracted
[109,123]. As MRI data has intensity units that are arbitrary, fixing the number of bins
(rather than the bin width) is recommended for radiomic analysis however bin width can be
used when the image data is on an intensity scale that is quantitative such as ADC maps
[113]. Similarly, image interpolation and resampling to obtain isotropic voxels, meaning
uniform dimensions in all directions, should be performed with caution and must depend

on variations in slice thickness and voxel sizes.

1.2.5 Reproducibility and Repeatability

The identification of a clinically useful IB of disease or for response prediction relies on
the basic requirement that such a biomarker must be stable between two separate
measurements i.e. at different time points, if the conditions remain unchanged. This
means that the biomarker should remain stable despite scanner noise and normal
anatomical or physiological variation. Reproducibility refers to the ability to obtain
consistent results or features when extracted using different equipment, software or
image acquisition parameters when the same experiment or methodology is followed.
Investigating the “reproducibility” of IBs is a fundamental step in its technical (assay)
validation and has been recommended as an essential early part of IB development by a
consensus panel [24]. The terms “repeatability” [124-126] and “stability” [127-129]

have also been used to describe this attribute of radiomic features.

Repeatability refers to how stable a feature is or how consistent measurements are when
the same experiment is repeated under the same conditions by the same operator or
using the same equipment. This may be imaging the same subject multiple times (using

the same acquisition methods). It assesses the variation in measurements obtained from
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the same sample or subject, typically over a short period of time. Essentially,
repeatability measures how reliably the same experiment can be reproduced within a
controlled environment [130]. Schwier et al found that prostate MRI radiomic feature
repeatability was highly sensitive to processing parameters such as image normalisation
methods, different pre-filtering and different bin widths for image discretisation [131]. A
recent systematic review assessing the quality of prostate MRI radiomics studies found
these to be lacking in sufficient quality to allow their introduction in to clinical practice,
with the most critical limitations being lack of feature robustness testing strategies and

external validation datasets [132].

1.2.6 Harmonisation

A major challenge in validating radiomic models across different institutions is the
heterogeneous imaging data generated from different scanners using varied MRI
reconstruction protocols, given that radiomics features are highly sensitive to these
acquisition and reconstruction parameters. MRI generates images with arbitrary
intensity scaling, and if this is not consistent for all patients included in the research
study it will be necessary to apply image standardisation or harmonisation techniques
before calculating first-order features. These processes help to adjust the image data to
reduce variation in imaging appearances caused by differences in imaging protocols,
equipment, and acquisition parameters which ultimately affect the radiomic features
[133,134]. This can involve post-processing steps such as image normalisation, intensity
normalisation, and image registration, which aim to make images from different sources
more similar in appearance and more comparable, which can facilitate pooling of data
from multiple sources for analysis. Features such as skewness are unaffected by
harmonisation methods because they depend on the shape of the distribution of

intensity values rather than their absolute values.

There is no consensus within radiomic studies regarding the best MRI image intensity
normalisation method. Histogram normalisation approaches have been shown to reduce
MRI scanner-dependent variability of radiomic features [133]. This technique also
maintains the interpretability of the radiomic features [135]. The Nydl method, a
histogram intensity-based normalisation technique was used on the prostate MRI data in
this thesis to render the dynamic signal intensity ranges comparable prior to radiomic
feature extraction [136,137].

Different harmonisation methods exist that can be applied to the extracted radiomic

features. Ideally harmonisation should occur prospectively (with standardisation of
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acquisition protocols and reconstruction settings) to ensure scans are comparable
between centres, most techniques have been applied to retrospective data sets which
rely on statistically standardising the numeric radiomic feature values to pool the data
together for the modelling step.

One technique called ComBat (Combatting batch effects when combining batches of
microarray data) harmonisation, a batch-effect correction tool initially proposed for
genomic studies [138], has shown promise in the setting of multicentre PET-CT and
MRI radiomic studies [139-141]. This statistical technique is easily accessible, practical,
and fast to implement, with the additional advantage that it is based on patient data
only with no requirement for phantom experiments. ComBat uses an empirical Bayes
framework to estimate a normalised value for a feature for a specific ROl and scanner
protocol [142]. ComBat then determines and applies a transformation for each feature
based on the effect of the scanner protocol on the individual features [143]. Limitations
of ComBat include losing the original physical meaning of harmonised features due to
the data being manipulated in order to account for all samples [142]. In order for a
ComBat based radiomics model to be applied to a different institution, all the available
radiomic features must be available to use which although is important for transparency,

practically can be challenging [140].

Emerging techniques for MRI harmonisation have included more image-based
approaches rather than statistical approaches such as deep learning based models [144].
One supervised deep learning approach using a U-net convolutional neural network
required two separate MRI scans per patient making the model training process time
intensive and expensive, limiting clinical applicability [145]. Conditional generative
adversarial networks (cGANs), an unsupervised deep learning-based generative model,
are able to synthesise new images with a set contrast (e.g. to that of a target scanner)
which in theory should be indistinguishable from real images from the training dataset
[144]. cGANSs cannot distinguish the image content from contrast which can result in
alteration of anatomical information and geometrical distortion to become more like
data from the target scanner. These changes would not be acceptable in clinical
practice where the accuracy of anatomical detail is vital to ensure accurate treatment
planning and delivery. One recent study used ‘style blind auto-encoders’ which learns to
compress imaging data into a ‘latent representation’ that was scanner contrast
independent using an encoder neural network and decompress it before reconstructing
the original image using a decoder [146]. This scanner-independent approach with no
target contrast domain avoided issues with anatomical distortion and was able to

harmonise brain images from multiple different MRI scanners, including images from
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scanners unseen to the neural network during training. This approach outperformed
other harmonisation methods in terms of the number of statistically indistinguishable

radiomic features post-harmonisation and the preservation of anatomical content.

1.2.7 Modelling

Model creation involves splitting the data into training, testing and validation sets. The
radiomic and clinical features should be first analysed on the training set and any highly
correlated features reduced, to prevent the impact of individual parameters being
underestimated in the model. Feature reduction helps to reduce the risk of model
overfitting. A typical model uses a combination of clinical and radiomic features, in
addition to outcome data that the model aims to predict, such as disease recurrence or
survival. A variety of machine learning based feature-reduction and feature selection
methods can be used, with no consensus on the best approach however the choice of
method still affects the performance of the final model [147].  Following the
model-training stage, the radiomics based model is usually tested on an unseen dataset
(which could be an internal dataset that has been kept away from the model at the
training stage) before being externally validated on a further dataset, usually from
another institution, however this is not always possible.  This is to assess the
performance and generalizability of a model by validating the model on new test data.
Splitting single-institution data into training, testing and validation sets is often more
practical. This could be done randomly, through a temporal approach (by using the
most recent cases as validation data), or through stratified sampling by ensuring similar
class proportion (e.g. benign versus malignant or hypoxic versus normoxic) in the
training and validation groups [148]. The disadvantage of the temporal approach is due
to the time-sensitive data that will be influenced by the length of follow-up for example
the time to BCR or time to progression which will vary depending on the choice patient
cohort i.e. a more historic cohort will have a greater proportion of patients that will
have progressed due to the longer follow-up compared to a more contemporary group.
In addition, the MRI protocols may have changed over time affecting the imaging data
quality and this would affect how comparable the data is even allowing for

harmonisation techniques.

1.2.8 Machine Learning

Depending on the endpoint of interest, various machine learning (ML) classification

methods can be used to develop a radiomics-based prediction model (98). This thesis
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will focus on both binary outcome prediction for hypoxia status and survival outcome

prediction.

Logistic regression models, support vector machine (SVM) and random forests, are
among the ML classifiers that have been used in radiomic studies of prostate cancer
that are focused on clinically significant cancer diagnosis and lesion characterisation
tasks [149-151]. These techniques may vary between using established statistical
methods for binary classification tasks (e.g. logistic regression) to using supervised
learning methods that require the ground truth needs to be defined, labelled and linked
to the image (e.g. hypoxic or not hypoxic tumour), prior to the ML algorithm being
trained and tested [152].

Support vector machines (SVMs) are supervised learning methods used for classification
and regression tasks. SVMs are effective for high-dimensional data, where the number
of features or variables is greater than the number of observations, such as in the case
of radiomics where there can be thousands of features for a limited patient sample size.
SVMs are however prone to over-fitting which makes selecting the appropriate kernel

functions and other parameters such as regularisation terms very crucial [153].

Random forest is another commonly used machine learning algorithm that uses an
ensemble of multiple decision trees, a collection of specific questions organised
hierarchically, for regression and classification tasks [154]. By combining the outputs for
each of these trees, the algorithm delivers a more accurate and comprehensive result e.g.
for classification tasks, the output of the random forest model is the class selected by
most trees and for regression tasks, the average prediction of the individual trees
determines the result. Random forest models can be particularly effective when being
trained on large datasets and can accurately identify important variables that contribute
to classification without overfitting from having more features due to the ability to
create random trees with different sub-features [154]. Limitations of using random
forest include the high computational power required to build numerous trees, which can
lead to prolonged training times. The ensemble of decision trees can however affect the

interpretability of the data and significance of each predictive variable.

1.2.9 Radiogenomics

Imaging-based radiogenomics combines the areas of advanced image texture analysis
(radiomics) and molecular characteristics (genomics) with clinical outcome prediction

and provides biological validation to radiomic imaging biomarkers by integrating
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information on histopathological or molecular/gene signatures [155]. Radiomic
signatures have been shown to accurately predict molecular subtypes of cancers
associated with a more invasive phenotype [156].The application of ML to radiogenomic
studies provides novel insights into tumour biology and has been evaluated in multiple
tumour types [157-159]. A recent systematic review found that up until 31st January
2022 there had been 45 published radiogenomic studies, which by the authors definition
had used genetics to validate their radiomics predictive model and clinical outcomes in
oncology patient cohorts [160]. Over half these studies were published in the last two
years, highlighting the novelty of this area of research. CT was the most common
imaging modality used for the radiomic feature extraction (47%), followed by MRI
(44%). Brain tumours were the most commonly studied site in these studies and there

was only one prostate cancer radiogenomic study included[87].

If imaging biomarkers, could provide surrogate information on genetic data then this
would offer a non-invasive and cost-effective alternative given that genomic signatures
are usually acquired from tumour biopsy specimens. Utilising imaging also enables the
whole tumour to be analysed compared to the biopsy-based approach, which only
samples specific areas of the tumour without accounting for intratumoural heterogeneity.
Radiogenomic signatures could offer further measurable longitudinal metrics that might
help guide RT treatment planning, post-treatment surveillance and allow for more
accurate survival predictions. Evidence for the clinical utility of using radiogenomic
signatures  specifically ~associated with hypoxia (imaging features linked to
hypoxia-associated genes or gene signatures) in terms of predicting clinical outcomes are
emerging for tumour sites including glioblastoma and renal cell cancer [161,162]. Beig
et al. reported that radiomic features extracted from different ROIs on MRIs in 180
patients with glioblastoma such as, enhancing tumour, necrotic tumour, and
peri-tumoral regions were predictive of a hypoxia enrichment score based on 21 genes
implicated in the hypoxia pathway of glioblastoma [163]. The top eight features most
associated with the hypoxia enrichment score included radiomic features which
quantified structural heterogeneity and their imaging-based radiogenomic hypoxic
signature was associated with patient survival [163]. Gao et al. derived a hypoxia-gene
related radiogenomic  signature using radiomic  features extracted from
contrast-enhanced CT and found that this was significantly associated with prognosis in
patients with renal cell cancer validating this in an independent cohort [162]. Such
validation and insight into the biological characteristics of tumours from imaging
modalities is vital and needs to be replicated for prostate cancer pathways, which the

current thesis attempts to address.
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1.3 Role of Quantitative MRI in Radiotherapy

1.3.1 MRI-guided Radiotherapy

MRI-guided radiotherapy (MRIgRT) for prostate cancer provides excellent visualisation
of the prostate gland and tumour extent, resulting in more precise delineation compared
to when using CT for planning and also allows margin reduction resulting in reduced
rectal irradiation. This is particularly important with the increasing use of SABR for
prostate cancer [164,165]. Visualising normal organs and structures is also superior
therefore identifying and sparing the neurovascular bundle may help to preserve erectile
function [165,166]. MRI can be used for RT planning and functional MRI has been used
to select patients for different types of dose escalation in clinical trials such as
PIVOTALboost, a phase Ill randomised controlled trial of prostate and pelvis versus
prostate alone radiotherapy with or without prostate boost (HDR brachytherapy or focal
dose escalation with intensity-modulated radiation therapy are used as options) [167].
MRIgRT also provides real-time prostate imaging therefore invasive fiducial markers are
not required [165]. Daily plan re-optimisation allows compensation for interfraction
prostate motion caused by rectal and bladder filling [165,168].

Published studies of MRIgRT for treating prostate cancers report a low incidence of
acute gastrointestinal (GI) and genitourinary (GU) toxicity. The first prospective phase I
study of prostate MRIgRT by Bruynzeel et al. found grade 2 acute Gl and GU toxicity
rates (both clinician- and patient-reported outcome measurements) of 5% and 24% [169].
This low incidence of acute Gl toxicity, despite including the seminal vesicles in 96% of
patients, was likely a direct benefit of using MRIgRT due to the smaller clinical target
volume (CTV) to planned target volume (PTV) margins, which can only be made possible
by the superior tissue contrast and ability for online CTV monitoring and daily plan re-
optimization. Despite the routine plan re-optimization with selective relative sparing of
the urethra, incidence of acute GU toxicity was still 24% but this was still lower than other
trials that involved similar hypofractionation RT schedules using CT-guided radiotherapy
(CTgRT) rather than MRIgRT and reported GU toxicities of 46-61% [170,171]. At 1-year
follow-up, the majority of these described Gl and GU symptoms had resolved with no
grade 3 toxicity observed [172]. A further prospective observational study by Alongi
et al. found lower grade 2 or higher acute Gl and GU toxicity rates of 4% and 12%,
respectively with no grade 3 toxicity [173].

The MIRAGE trial, the first phase 3 randomized clinical trial comparing MRIgRT to CT-
guided RT for prostate cancer, found that MRIgRT was superior to CT-guided RT in
terms of acute toxicity and patient-reported quality of life [15]. With MRIgRT, margins
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were reduced to 4mm with an incidence of acute grade 2+ urinary adverse effects of
24% vs 43% for standard CT-guided RT with margins of 6mm, while acute grade 2+
Gl toxicity was 0% vs 10.5%. This benefit was reflected in lower proportion of patients
reporting clinically significant worsening of bowel symptoms (25% vs 50%) as well as
urinary symptoms (7% vs 19%). However, reduction in RT margins also raises concerns
of under coverage of the target. Extended follow-up data for these trials is needed to
evaluate long-term cancer control and toxicity outcomes although this would need to be
a large phase 3 multicentre study and challenging to organise. In the UK National Health
Service (NHS), there remains the pertinent issue of resource and equipment availability
and delivery of MRIgRT throughout the UK is likely to be challenging and of uncertain
clinical significance. Additionally, MRIgRT takes longer to deliver thereby reducing patient
throughput and requires additional clinician input and/or upskilling of the therapeutic
radiographer workforce. Currently the use of acute toxicity as a primary end point, as
in the MIRAGE trial, remains debatable when the overall cumulative incidence of late
toxicity symptoms remains low (5-10%) for modern SABR prostate treatments. There
are also potential biases for both the patient, in terms of knowing they are receiving a
“more targeted” treatment and may therefore feel their side effects are more tolerable,
and the unblinded physician who is scoring and collecting the toxicity data and may be

influenced knowing if the patient received the MRIgRTarm.

Quantitative MRI highlights different tissue characteristics and provides a means of
non-invasively probing the microenvironment of prostate tumours and surrounding
organs at risk (OAR). A range of functional MRI techniques can be used to investigate
tissue characteristics such as cellular microstructure, perfusion, and oxygenation status,
and these techniques can yield quantitative imaging biomarkers [24]. Such biomarkers
may be sensitive to early treatment-induced changes in prostate tumours and OARs,
providing a quantitative assessment of treatment response. In addition, spatial and
temporal heterogeneity in such biomarkers may be used to identify and track aggressive
tumour sub-regions, which could be targeted with an increased dose [174]. Quantitative
MR may therefore inform future RT treatment planning, an example of biological
image-guided adaptive radiotherapy (BIGART) [175]. Escalating dose to the tumour
regions of highest cellularity in theory could improve local control rates, providing a
rationale for using DWI-MRI to guide treatment planning [176]. Early increases in
tumour ADC values following prostate RT has been associated with good treatment
response, highlighting the potential value of DWI-MRI in monitoring RT response [177].
BIGART also has the potential to target hypoxic areas once appropriate MRI sequences

can be implemented onto MRI-LINAC machines. This approach could also utilise
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imaging radiogenomic signatures (imaging features linked to hypoxia gene-signatures) by
offering MRI-guided focal boosting of hypoxic tumours if specific hypoxia associated
radiogenomic signatures are identified and may further improve clinical outcomes given

that hypoxic cells are more resistant to radiation than normoxic ones [48,178,179].

1.3.2 QOutcome Prediction

Identifying quantitative changes in the prostate and organs at risk on functional mpMRI
could provide a non-invasive way of assessing early RT response allowing clinicians to
adapt treatment and minimise toxicity. DWI can quantify variation in tissue function
and cellular density during RT, but correlation with clinical outcomes have not been
shown [180]. Wu et al found significant reductions in prostate cancer DCE-MRI derived
perfusion and permeability parameters at 3 months following EBRT in a study of 55 men,
and further reductions at 12 months [181]. This may represent a decrease in tumour
microcirculation and neovascularisation following effective radiotherapy, and potentially
allows for quantitative follow-up with DCE-MRI [181,182]. A further small study of
47 men investigating the quantitative MRI changes in the prostate during weekly ultra-
hypofractionated EBRT found statistically significant increases in median ADC values of
the tumour for men who did not receive hormonal therapy, and a minority of patients
also displayed persistent T2W signal changes [183]. Adjuvant hormone therapy appears
to attenuate the differences in ADC values of normal and malignant tissue during EBRT
and therefore may limit the utility of ADC when androgen deprivation therapy (ADT) is
given [184]. ADT has also been shown to have a potential anti-angiogenic effect which
affects the DCE parameters with a differential response seen on DWI [185]. This small
study (n=23) found after 3 months of ADT, the tumour DCE MRI parameters all reduced
however areas of normal PZ showed no significant change. Interestingly after ADT, no
significant change in tumour ADC values were seen, however the ADC values of normal
PZ significantly decreased [185].

Longer-term follow-up and larger sample sizes are required to relate these MRI changes
to clinical outcomes before this can be used for treatment personalisation. The
predictive value of radiomics on the response to prostate radiotherapy has been studied
in a small retrospective study of 79 patients treated with standard fractionation EBRT
for biopsy confirmed high risk prostate cancer, where T2W radiomic features correlated

with biochemical recurrence after radiotherapy [186].
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1.3.3 Toxicity Prediction

A comprehensive tool for reporting treatment-related adverse events in oncological care is
vital to ensure the relevant toxicity effects after radiotherapy are captured. One commonly
used grading system is the Common Terminology Criteria for Adverse Events (CTCAE)
[187]. Based on CTCAE, the definition of an adverse event (AE) is “any unfavourable
and unintended sign (including an abnormal laboratory finding), symptom, or disease
temporally associated with the use of a medical treatment or procedure that may or may

not be considered related to the medical treatment or procedure”.

The CTCAE uses a grading system of 1 to 5: Grade 1 is asymptomatic or mild symptoms
that do not require any intervention. Grade 2 is moderate symptoms that require local
or non-invasive intervention indicated (e.g. oral pain relief medication). Grade 3 is severe
or medically significant but not immediately life-threatening issues that require invasive
intervention, hospitalisation or prolongation of hospitalisation (e.g. surgery for urinary
fistula after radiotherapy). Grade 4 is life-threatening consequences requiring urgent

intervention (e.g. multi-organ failure). Grade 5 is Death related to the AE.

Imaging biomarkers allow non-invasive assessment of the prostate and surrounding tissue,
along with temporal changes associated with radiotherapy treatment. Previous work has
demonstrated that pre-radiation MR imaging/ radiomic biomarkers can predict urinary and
rectal toxicity [188,189]. This could potentially guide tailoring of treatment strategies and
radiation dose in patients. There has been no prospective assessment of predictive imaging
biomarkers for toxicity in the primary or salvage radiotherapy setting and correlating this
with toxicity symptoms and patient reported outcomes would allow a more comprehensive
assessment of the impact of radiotherapy. This is increasingly relevant with the advent
of MR-only radiotherapy treatment pathways which will allow for improved soft tissue
contrast and online adaptive planning allowing for greater accuracy of fraction delivery
[165].

1.3.4 Hypothesis

The central hypothesis of the thesis is that prostate radiation could be optimised using
magnetic resonance imaging and hypoxia biomarkers because radiomic data extracted
from imaging potentially enables quantitative assessment of intra and inter-tumoural and
genomic heterogeneity that may confer worse disease prognosis and could be used to
tailor radiotherapy intensification and guide treatment monitoring based on prediction of

toxicity and disease recurrence risks.
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1.3.5 Summary

This firsts chapter introduces the key concepts in the diagnosis, management and follow-

up in prostate cancer, focusing on the radiotherapy techniques used, tumour hypoxia,

outcome prediction tools and the role of imaging biomarkers, and advanced quantitative

imaging methods. It provides the necessary background for linking the subsequent thesis

chapters that address different components of the central question which is how we can

optimise prostate radiation using MRI and hypoxia biomarkers.

1.4

Aims

The aims of this thesis were:

1.5

To develop a machine-learning model to predict prostate tumour hypoxia using

pre-treatment MRI-derived radiomics

To develop a clinical outcome prediction model for prostate cancer by integrating

hypoxia-associated gene signature and radiomic information with clinical data.

To investigate longitudinal radiomic feature changes in the bladder wall and rectum

during radiotherapy for prostate cancer

To systematically review the evidence for reirradiation of the prostate for locally

radiorecurrent cancer

To design a randomised controlled trial evaluating the feasibility of patient
recruitment to a trial comparing high dose-rate brachytherapy and external beam

radiotherapy for recurrent prostate cancer
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Chapter 2
Prediction of Prostate Tumour Hypoxia Using Pre-treatment
MRI-derived Radiomics — Preliminary Findings

2.1 Abstract

2.1.1 Purpose

To develop a machine learning (ML) model based on radiomic features (RF) extracted
from whole prostate gland magnetic resonance imaging (MRI) for prediction of tumour
hypoxia pre-radiotherapy.

2.1.2 Methods

Consecutive patients with high-grade prostate cancer and pre-treatment MRI treated
with radiotherapy between 01/12/2007-31/08/2013 at two cancer centres were
included. Cancers were dichotomised as normoxic or hypoxic using a biopsy-based
32-gene hypoxia signature (Ragnum signature). Prostate segmentation was performed
on axial T2 weighted (T2W) sequences using RayStation (v9.1). Histogram
standardisation was applied prior to RF extraction. PyRadiomics (v3.0.1) was used to
extract RFs for analysis. The cohort was split 80:20 into training and test sets. Six
different ML classifiers for distinguishing hypoxia were trained and tuned using five
different feature selection models and five-fold cross validation with 20 repeats. The
model with highest mean validation area under the curve (AUC) receiver operating
characteristic (ROC) curve was tested on the unseen set and AUCs were compared via
Delong test with 95% confidence interval (Cl).

2.1.3 Results

195 patients were included with 97 (49.7%) having hypoxic tumours. The hypoxia-
prediction model with best performance was derived using ridge regression and had a

test AUC of 0.69 (95% CI: 0.14). The test AUC for the clinical-only model was lower
(0.57) but this was not statistically significant (p = 0.35). The five selected RFs included

textural and wavelet-transformed features.

2.1.4 Conclusion

Whole prostate MRI-radiomics has the potential to non-invasively predict tumour hypoxia

prior to radiotherapy which may be helpful for individualised treatment optimisation.
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2.2 Background

Prostate cancer is the commonest malignancy in men and a major cause of cancer-related
death[1]. Radiation therapy (RT), including external beam radiation therapy (EBRT) and
brachytherapy (BT), is an effective treatment for localised prostate cancer[2]. Despite
advances in diagnostic imaging and RT delivery techniques, treatment failure remains

common with biochemical failure occurring in almost half of high risk patients at 10 years
[3-5].

Tumour hypoxia, a low oxygen environment, is associated with RT resistance and
metastatic disease in prostate cancer [6-9]. Identifying tumour hypoxia may help with
patient selection for radiation boosting. Current methods of assessing hypoxia, such as
using prostate biopsy samples to identify gene-based hypoxia biomarkers, or oxygen
electrodes, are invasive and hindered by sampling errors due to multi-focal tumours and
intra-tumoral heterogeneity[10]. Positron emission tomography (PET) based hypoxia
imaging using PET tracers based on 2-Nitroimidazole, originally developed as a
radiosensitiser for hypoxic cells, have shown promise as imaging-based hypoxia
biomarkers [11]. This includes the tracers Fluorine-18 (*F)fluoroimidazole (**F-FMISO)
and '8F-FAZA [1-(5-fluoro-5-deoxy-a-D-arabinofuranosyl)-2-nitroimidazole)], the latter
of which is a second-generation drug which has improved pharmacokinetic properties
allowing for better hypoxia-normoxia contrast at earlier time points [11]. Issues remain
regarding the reproducibility of PET-based hypoxia imaging, availability of such tracers
and identifying appropriate hypoxia thresholds for different tumour types. Magnetic
resonance imaging (MRI) offers a potential non-invasive method of assessing hypoxia
that allows the whole prostate to be measured and assessed over time, i.e. before,

during and following treatment to monitor response.

Radiomics is a quantitative method of imaging analysis using data-characterisation
algorithms to derive imaging biomarkers[12].  Imaging-based radiogenomics offers
promise in bridging the gap between medical imaging and histopathological or
molecular/gene signatures, by integrating data generated from complementary data
sources to improve the accuracy of predictive models[13]. Machine learning (ML)
models based on radiomic features (RF) extracted from T2 weighted (T2W) prostate
MRI have demonstrated good performance for detecting clinically significant cancer[14].
Radiomic signatures have also been shown to accurately predict molecular subtypes of
cancers associated with a more invasive phenotype[l4]. The application of ML to
radiogenomic studies provides novel insights into tumour biology and has been evaluated

in multiple tumour types[15-17]. ldentifying hypoxia on T2W prostate MRI also has
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treatment implications given the role of MRI-guided RT, which already incorporates a
T2W sequence into the standard workflow, therefore there is potential for dose

escalation based on an imaging radiogenomic approach.

The aim of this study was to develop a ML model based on RFs extracted from whole

gland prostate MRI for prediction of tumour hypoxia pre-radiotherapy.

2.3 Materials and Methods

2.3.1 Dataset and Study Population

This retrospective study was approved by the United Kingdom North West Research Ethics
Committee (Validation and qualification of a multiplex hypoxia biomarker for radiotherapy
individualisation in prostate cancer study (IRAS 15/NW/0559)). Informed consent was
obtained from all patients.

The study cohort consisted of 195 consecutive patients with histologically confirmed
high-risk prostate cancer treated between 01/12/2007-31/08/2013 at either St James's
University Hospital (Leeds, UK) with EBRT (74 Gray (Gy) in 37 fractions) (N=100) or
at The Christie (Manchester, UK) with EBRT (57 Gy in 19 fractions) or EBRT (37.5
Gy in 15 fractions) plus high dose rate (HDR) brachytherapy (BT) boost (single fraction
15 Gy) (N=95).

Inclusion criteria were: (a) male patients with prostate cancer aged at least 18 years; (b)
primary radiotherapy to treat their prostate cancer (either BT or EBRT); (c) available pre-
treatment MRI and hypoxia gene signature data; (d) available clinical features (patient
age, International Society of Urological Pathology (ISUP) grade, prostate specific antigen
(PSA) and T-stage).

2.3.2 MRI Acquisition

All patients underwent prostate MRI on 1.5T MRI scanners which included a minimum
of an axial T2W sequence encompassing the whole prostate. Imaging was performed
using multiple different MRI scanners. Specific scanner acquisition parameters are listed

in Supplementary Material Table S2.1.
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2.3.3 Hypoxia Gene Signature

All patients were grouped into normoxia and hypoxia groups based on their
pre-treatment prostate biopsy which was used as the ground truth for hypoxia status.
The ribonucleic acid (RNA) from formalin-fixed, paraffin-embedded prostate biopsy
specimens was extracted and samples were processed using Affymetrix GeneChip
(Clariom S Array) to calculate the expression of a 32-gene prostate hypoxia signature,
based on pimonidazole staining (Ragnum signature)[10]. The gene enrichment analysis
and construction of the gene signature is described by Ragnum et al. [10]. The

normoxia and hypoxia split was based on a previously validated threshold[19].

2.3.4 Study Pipeline

Adherence was made to the Checklist for Artificial Intelligence in Medical Imaging
(CLAIM) (Supplementary Material), a tool for assessing the quality of multivariate
prediction models involving ML techniques[20].

2.3.5 Image Seqmentation

All imaging data was de-identified using a data masking method. The whole prostate
gland and prostate tumour (if visible) were manually segmented by an experienced
radiologist and confirmed by a specialist Uroradiologist. Segmentation was performed
using RayStation (v9.1). The prostate tumour region of interest was used to calculate
the tumour volume only and was not used to generate radiomic features. Exported
DICOM images were converted to Neuroimaging Informatics Technology Initiative
(NIfTI) files and exported into PyRadiomics (v3.0.1) for analysis[21]. The Nydl method,
a histogram intensity-based normalisation technique was applied to MRI data to render

the dynamic signal intensity ranges comparable prior to RF extraction [22,23].

A flowchart illustrating the methodological pipeline for RF-derived hypoxia prediction from

segmentation through to ML model construction is shown in Figure 2.1.

2.3.6 Feature Extraction

Eight RF classes[20] were extracted from each segmented region of interest (ROI) using
PyRadiomics (v3.0.1) (https://pyradiomics.readthedocs.io/en/latest /index.html,
accessed 09/02/2023). All RFs extracted and filters applied are detailed in
Supplementary Material. Different numbers of bins (8, 16, 32, 64, 128, 256) and
isotropic  voxel sizes (1, 2, 3) were tested to assess the most robust

quantisation /rebinning setting and confirm the number of bins with the largest set of
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Figure 2.1 Flowchart demonstrating the methodological pipeline for the T2W
MRl whole prostate gland radiomic model for predicting hypoxia. Legend:
NIfTI = Neuroimaging Informatics Technology Initiative, |CC = intraclass correlation
coefficient, ComBat = imaging harmonisation method, LASSO = Least Absolute
Shrinkage and Selection Operator, RFo = Random Forest.
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robust features. To determine the most robust features against bin number and voxel
size, approximately 10% of the total cohort was also re-segmented (n=21). This created

separate ROIs from which RFs were extracted and compared using interclass correlation
coefficient (1CC).

The Image Biomarkers Standardization Initiative (IBSI) was adhered to, which provides
a comprehensive review of each step involved in radiomic analyses, including
nomenclature of RFs and required calibration datasets[23]. Number of bins was favoured
over the bin width given the arbitrary nature of MRI intensity units. The ComBat
Harmonisation method (https://github.com/Jfortin1/ComBatHarmonization, accessed
09/02/2023) (v0.2.10) was applied to extracted RFs to account for variation in scanner
models, acquisition protocols and reconstruction settings by which RFs are affected
[31,32].

2.3.7 Feature Selection

First, an unsupervised method of feature selection was applied to reduce the dataset
using Pearson’s correlation coefficient. For each feature pair, correlations were assessed,
a threshold of 0.8 was used to highlight highly correlated pairs and the feature in the pair
with the largest average correlation to all other features was removed. Additional feature
selection steps were performed using three different methods: a forward wrapper method
(mlixtend 0.18.0); a univariate analysis method (scikit-learn v0.24.2); and a recursive
feature extraction method (where applicable) (scikit-learn v0.24.2). The top 5 ranked

features were chosen as these were the most robust.

2.3.8 Machine Learning (ML) Model Construction and Statistical
Analysis

The dataset was split into training and test sets stratified around MRI scanner vendor
and ISUP, with an 80:20 split using scikit-learn (v0.24.2) https://scikit-learn.org/
stable/whats_new/v0.24.html,accessed09/02/2023). Six predictive ML methods
(as listed under ML model construction in Figure 2.1) were implemented with the Python
library scikit-learn (v23.0) in order to incorporate the selected RFs into a binary classifier
for distinguishing patients grouped as hypoxia or normoxia [25]. Methods used included
ridge regression, random forest (RFo), elastic net, k-nearest neighbour (KNN), support
vector machine (SVM), and least absolute shrinkage and selection operator (LASSO)
regression. These models were trained to build classification models based on whole
prostate T2W RFs, respectively.
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Training of ML models and tuning of hyperparameters was performed using a Bayes
Search method (scikit-optimize v0.8.1), with five-fold cross validation stratified around
hypoxia status (normoxia or hypoxia) with 25 repeats. The area under the curve (AUC)
of the receiver operating characteristic (ROC) curve was calculated with confidence
intervals and the DeLong method was used to compare AUCs, to assess how accurately
the radiomic and clinical-only models could classify a tumour's hypoxia status[25]. RFs
and hyperparameters with the highest mean validation AUC which was within 0.05 of
the mean training AUC were selected. A 0.05 cut-off was chosen to try and minimise
selection of an overfitted model. The model which had the highest mean validation AUC
overall was tested once on the unseen test set. The overall evaluation of clinical
variables between the training and testing groups to ensure balanced groups was
compared using the independent t-test (continuous variables) and Chi-square test

(categorical variables). The statistically significant level was set at 0.05.

2.4 Results

The demographics, pathology information and hypoxia status of the prostate tumours in

the final study cohort, split by training and test cohort, are described in Table 2.1.

2.4.1 Machine Learning Model Building

The best performing model with clinical variables alone was a ridge regression model
(Figure 2.2) which included age and tumour stage variables. Mean training AUC was
0.61 (Standard Deviation (SD) 0.02) and mean training validation AUC was 0.60 (SD
0.08). Mean test AUC was 0.57 (95% confidence interval (Cl) 0.14). The ML models with
added RFs outperformed the clinical only model. Mean training and validation AUCs for
the best performing radiomics-based ML models along with hyperparameters and selected
RFs are shown in Table 2.2.
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Table 2.1 Demographics of the training and test cohort.
Antigen, ISUP = International Society of Urological Pathology, T-stage = Tumour stage.
*Median values (IQR = interquartile range) presented for Age and PSA.

Characteristics

Age* (years)
PSA (ng/mL)*

ISUP
1
2
3
4
5
T-stage
T
T2
T3
T4
Hypoxia
Yes
No

Training Cohort

(n=156)
N (%)

69.9 (IQR =
19.5 (IQR = 18.5)

4 (2.5)
60 (38.8)
27 (20.6)
17 (8.1)
48 (30.0)
4 (2.6)

30 (19.2)

121 (77.6)
1(0.6)

78 (50.0)
78 (50.0)

8.4)

Test Cohort

(n=39)
N (%)

PSA = Prostate Specific

p-value

68.0 (IQR = 10.0) | 0.48
21.0 (IQR = 17.0) | 0.45

1(2.4)
15 (31.7)
10 (12.2)
2 (14.6)
11 (39.0)

1(2.6)
9 (23.1)
29 (74.4)
0

19 (48.7)
20 (51.3)

0.69

0.91

0.89



Table 2.2 Mean training and validation scores for the best performing machine learning models along with hyperparameters
and radiomic features selected. Key: AUC = area under the curve, SVM = support vector machine, KNN = k-nearest neighbour,
LASSO = Least Absolute Shrinkage and Selection Operator, GLSZM = logarithm grey level size zone matrix, LAE = Large Area Emphasis,
GLCM = Grey Level Co-occurrence Matrix, MCC = Maximal Correlation Coefficient (MCC), GLDM = Grey Level Dependence Matrix,
NGTDM = Neighbouring Grey Tone Difference Matrix, SD = standard deviation

Machine Hyperparameters Radiomic features selected AUCmean AUCmean
learning training validation
model (sD) (sD)
Ridge C:0.03, penalty: |12, solver: saga Logarithm GLSZM Large Area Emphasis, wavelet-LLH GLCM 0.73(0.02) 0.71(0.10)
Regression ClusterProminence, wavelet-HLL GLCM MCC, wavelet-

HLH_ firstorder _Median, wavelet-HHH GLCM MCC

SVM C:3.6,degree: 6,ga2mma: 0.13, kernel:  Exponential GLDM Small Dependence Low Grey Level Emphasis, wavelet- 0.88(0.01) 0.70(0.07)
rbf HLL first-order Mean, wavelet-HLL GLCM MCC, wavelet-HHH first-order
Mean
KNN algorithm:kd__tree, metric: manhattan, Original firstorder 90 percentile, wavelet-LLH GLCM Autocorrelation, 0.78(0.02) 0.70(0.09)
n_neighbors: 13, weights: uniform wavelet-LHH first-order Maximum, wavelet-HHL first-order Skewness,

wavelet-HHH GLCM MCC

Random bootstrap: false, max_ depth:1, Original GLDM Large Dependence Low Grey Level Emphasis, exponential 0.79(0.02) 0.69(0.08)
forest max_ features: log2, NGTDM strength, gradient first-order 10t percentile’, wavelet-LLH GLCM
min_samples_leaf:5, i autocorrelation, wavelet-LHL GLCM correlation, wavelet-LHH first-order
min__samples_ split: 32, n_ estimators: Entropy
416
Elasticnet  C:1e-06, 1 ratio: 1.25e-05, penalty: Gradient first-order 10th percentile, wavelet-LLH GLCM autocorrelation, 0.70(0.03) 0.61(0.10)
elastic net, solver: saga wavelet-LHL GLCM Correlation, wavelet-LHH GLCM MCC, wavelet-HLL

first-order entropy, wavelet-HLL GLCM MCC, wavelet-HLH first-order
entropy, wavelet-HLH first-order Median, wavelet-HHH GLCM MCC

LASSO C: 0.08, penalty: I1, solver: liblinear wavelet-HLL GLCM MCC and wavelet-HHH GLCM MCC 0.69 0.62(0.10)
(0.03)

_39_
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The model within the highest mean validation AUC was a ridge regression model
created using radiomic and clinical features. The best performing ML model is shown in
Figure 2.3 with a mean training AUC of 0.73 (SD 0.02), mean training validation AUC
of 0.71 (SD 0.10) and mean test AUC of 0.69 (95% Cl 0.14). The 5 selected RFs were
logarithm grey level size zone matrix (GLSZM), Large Area Emphasis (LAE) and the
following 3-dimensional wavelet features; LLH grey level co-occurrence matrix (GLCM)
Cluster Prominence, HLL GLCM maximal correlation coefficient (MCC), HLH first order
Median, HHH GLCM MCC. No clinical features were selected despite integrating all

clinical variables into the model.

For the combined model with the highest AUC, performance metrics were: overall model
accuracy 0.72, sensitivity 0.74, specificity 0.70, positive predictive value (PPV) 0.70, and
negative predictive value (NPV) 0.74. The best performing clinical model had an overall
accuracy of 0.56, sensitivity of 0.67, specificity of 0.53, PPV of 0.3, and NPV of 0.84.
Confusion matrices are presented in Tables 2.3 and 2.4 respectively (Table 2.3)(Table
2.4). The radiomics and clinical only models showed no significant difference according
to DelLong's testing (p = 0.35) (Figure 2.4).

Table 2.3 Confusion matrix for clinical-based ridge regression hypoxia prediction model.
Key: Positive = Hypoxia tumour status, Negative = Normoxia tumour status, Predicted
Positive = predicted to be hypoxic, Predicted Negative = predicted to be normoxic.

Prediction Negative | Positive
Predicted Negative | 16 3
Predicted Positive 14 6

Table 2.4 Confusion matrix for radiomics-based ridge regression hypoxia prediction
model. Key: Positive = Hypoxia tumour status, Negative = Normoxia tumour status,
Predicted Positive = predicted to be hypoxic, Predicted Negative = predicted to be
normoxic.

Prediction Negative | Positive
Predicted Negative | 14 5
Predicted Positive 6 14
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Figure 2.2 ROC curve of the best performing ridge regression hypoxia prediction model
(test and training performance) using clinical features. Mean training AUC 0.61 (SD
0.02), mean training validation AUC 0.60 (SD 0.08). Mean test AUC 0.57 (95% Cl 0.14)
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Figure 2.3 ROC curve of the best performing ridge regression hypoxia prediction model
(test and training performance) using radiomic features. Mean training AUC 0.73 (SD
0.02). Mean training validation AUC 0.71 (SD 0.10). Mean test AUC 0.69 (95% ClI
0.14).
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Figure 2.4 Mean ROC curves of the best performing radiomics and clinical-based ridge
regression hypoxia prediction models with 95% confidence intervals highlighted

2.5 Discussion

The aim of this study was to develop a ML model based on RFs extracted from whole
prostate gland T2W MRI for non-invasive prediction of tumour hypoxia identified in
biopsies using a 32-gene signature [9]. The results showed that the integration of RFs
from MRI helped improve the prediction of hypoxia in patients with prostate cancer,
with the best ML model (ridge regression) having an AUC of 0.69 for the unseen
internal test cohort compared to 0.57 for a model derived from only clinical variables.
Although this change did not reach statistical significance, it still highlights the potential

use of MRI to non-invasively assess hypoxia status in prostate cancer.

The benchmark for tumour hypoxia determination in this study was a
hypoxia-associated gene expression (Ragnum) signature.  This intrinsic molecular
biomarker reflected the transcriptional profile associated with pimonidazole staining, an
extrinsic marker of hypoxia, and was validated for prognostic significance in independent
datasets [9]. Whole-mount prostate specimens were not available in the current cohort
where all patients only received RT. By using the gene signature as the ground truth, we
were able to provide a biological basis for the observed hypoxia-associated RFs selected

by the ML models.
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MRI-guided EBRT focal boosting to intra-prostatic lesions has been demonstrated to be
safe and Level 1 evidence shows it improves biochemical control when compared to
whole prostate EBRT [26]. Incorporating imaging radiogenomics into MRI-guided focal
boosting of hypoxic tumours may further improve clinical outcomes given that hypoxic
cells are three times more radioresistant than normoxic ones [8,28]. Most prostate
cancer patients undergo MRI routinely as part of diagnostic work-up, and T2W imaging
is the most utilised sequence thereby potentially facilitating use of a T2W MRI hypoxia
radiomics based approach in the clinic. Despite the role of adaptive RT, there is no
routine clinical use of any imaging methods to identify hypoxic regions. However, in the
era of MRI-guided RT using MRI linear accelerators, there is potential to develop a
radiomics-based hypoxia targeted radiotherapy methodological framework. This
approach would also require robust harmonisation algorithms to account for the

difference in field strength and MRI parameters on MR linear accelerators.

After prostate RT, the only validated biomarker for disease recurrence is PSA [29,30].
The results of this preliminary study suggest that imaging biomarkers and RFs could
potentially offer further measurable longitudinal metrics that may help guide
post-treatment surveillance and survival predictions. This aligns with evidence from
other tumours such as glioblastoma and renal cell cancer, which provide a biological
basis for RFs[31,32]. Beig et al. reported that RFs extracted from different regions of
interest in 180 patients with glioblastoma such as, enhancing tumour, necrotic tumour,
and peri-tumoral regions were predictive of a hypoxia enrichment score based on 21
genes implicated in the hypoxia pathway of glioblastoma [33]. The top eight features
most associated with the hypoxia enrichment score included RFs which quantified
structural heterogeneity and their imaging-based radiogenomic hypoxic signature was
associated with survival[33]. Gao et al. derived a hypoxia-gene related radiogenomic
signature using RFs extracted from contrast-enhanced CT and found that this was
significantly associated with prognosis in patients with renal cell cancer validating this in
an independent cohort [32]. Such validation and insight into the biological
characteristics of tumours is vital and needs to be replicated for prostate cancer

pathways, which the current study attempts to address.

Previous research investigating the association between MRI and transcriptomic profiles
in prostate cancer have suffered from low patient numbers, limiting transferability of
results[34,35]. To develop imaging biomarkers of prostate hypoxia, the availability of
‘ground truth’ data such as pathology or genomic profiling is critical to ensure the
translational gap can be crossed allowing integration into routine care[36]. Leech et al.

found that a radiomics model extracted from 88 T2W prostate MRIs (single axial slice
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used rather than a volume) could predict tumour hypoxia measured using pimonidazole
stained prostatectomy specimens[37]. Their ML model used elastic net regularization
and repeated cross validation to yield an AUC of 0.60 (SD 0.2) without a validation
dataset but further demonstrates the feasibility of building a radiomics hypoxia model
using T2W MRI. The RFs selected by their ML model were mainly shape-based features
but also included the textural feature grey level size zone matrix (GLSZM) which was
also one of the features selected by the best performing ML model in the current study.
GLSZM quantifies grey level zones in an image, and GLSZM large area emphasis (LAE),
one of the selected RFs in the best ML model in our study, measures the distribution of
‘large area size zones', where a larger value indicates bigger zones with more coarse
textures. Another RF selected was grey level co-occurrence matrix (GLCM) which
reflects the spatial relationship among pixels and defines how frequently a combination
of pixels are present. This potentially suggests a heterogeneous appearing prostate with

more coarse textures associating with hypoxia.

There are a number of limitations to the study: Genomic profiling and MRIs were
performed over several years and scanner technology and imaging protocols have evolved
in the interim; imaging data used were all acquired on 1.5T scanners and many did not
have functional imaging sequences available as this was not routine at the time of the
initial imaging acquisition. Similarly, the transcriptomic data was generated in small, old
biopsies. As a result, only T2W imaging was used to develop radiomic models; Whole
prostate segmentations were used to extract RFs as not all cases had a visible tumour
on anatomical imaging, and it was not possible to match the site of biopsy taken.
Previous work has linked normal background prostate tissue with high risk gene
expression profiles highlighting the value for evaluating the whole gland[38]. Despite this
study including data from two centres, further external validation using data from

another site would allow the model to be tested for reproducibility.

Obtaining these radiogenomic datasets with matched clinical, imaging, pathology and
genomic data remains challenging and requires further collaboration and formation of
consortia with standardized methods for RF extraction. Establishing more
multi-institutional collaborations with the potential to utilise novel transfer learning
techniques will help expand our knowledge of genomics and imaging phenotypes in
prostate cancer[39]. A general drawback to retrospective imaging research is the lack of
imaging protocol standardization, which differ significantly across institutions. In this
study, ComBat harmonisation was used to minimize issues related to MRI data acquired
on multiple scanners [39,40]. Exploring the added role of functional MRI sequences in

imaging hypoxia is vital to develop more sensitive diagnostic pathways. Hompland et al.
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investigated a novel MRI technique called intravoxel incoherent motion (IVIM) as an
indirect measure of tumour hypoxia and validated this against the exogenous hypoxia
marker pimonidazole[42].  Similarly, R2* maps from blood oxygen level-dependent
(BOLD) MRI sequences have been found to have a high sensitivity for defining
intraprostatic tumour hypoxia[ll]. A major barrier to clinical translation of these
advanced imaging techniques is the poor spatial resolution that is required to fully
sample the tumour microenvironment [42]. Utilising routinely acquired T2W MR data
yields higher resolution prostate images allowing for better appreciation of structural
differences. It is also less prone to artefacts compared to functional sequences such as
diffusion weighted imaging.  Validating imaging biomarkers and RFs using gene
expression signatures provides a biological basis but the external validation of any
radiogenomic signature followed by further testing in the setting of a prospective

randomised trial is essential to demonstrate value in clinical translation[44].

2.6 Conclusion

In conclusion, the current study suggests that whole prostate MRI-radiomics has the
potential to non-invasively predict tumour hypoxia prior to radiotherapy. Further
external validation of the hypoxia associated radiomics-model in predicting biochemical
recurrence and clinical outcomes are required to determine the benefit of using the

integrated information for patient stratification.
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2.8 Supplementary Material

Table S2.1 MRI acquisition parameters of the 4 different 1.5T MRI Scanners used to
acquire T2 weighted axial prostate MRI data.

nape Son Fip  Fieldof slice
1.5T MRI Scanner : o view Matrix size (mm) thickness
echo time Angle (°)
i (mm) (mm)
GE Signa 5020/122 a0 250 384 x 224 3
Philips Achieva 3500/ 90 90 220 256 x 192 3
Siemens Aera 3540/ 99 160 220 320 = 256 3
Siemens Sola 4500/ 88 150 200 320 x 256 3

2.8.1 Extracted Radiomic Features and Filters

Radiomic feature classes that were extracted from the T2-weighted MRI whole prostate
gland segmentations. All feature classes listed below, with the exception of the shape-
based features can be calculated on the original image and/or a derived image, such as

applying one of several filters which is how the wavelet features were generated.
Individual feature description can be found at:

https://pyradiomics.readthedocs.io/en/latest /features.html

First-order

10th Percentile

= 90th Percentile

= Energy

= Entropy

= Interquartile Range

= Kurtosis

= Maximum

= Mean Absolute Deviation

= Mean
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= Median

= Minimum

= Range

= Robust Mean Absolute Deviation
= Root Mean Squared

= Skewness

= Total Energy

= Uniformity

= Variance

Shape-based (3D)
= Mesh Volume
= Voxel Volume
= Surface Area
= Surface Area to Volume ratio
= Sphericity
= Maximum 3D diameter
= Maximum 2D diameter (Slice)
= Maximum 2D diameter (Column)
» Maximum 2D diameter (Row)
= Major Axis Length
= Minor Axis Length Least Axis Length
= Elongation

= Flatness

Gray Level Co-occurrence Matrix (GLCM)
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Autocorrelation

Cluster Prominence

Cluster Shade

Cluster Tendency

Contrast

Correlation

Difference Average

Difference Entropy

Difference Variance

ID: Inverse Difference

IDM: Inverse Difference Moment

IDMN: Inverse Difference Moment Normalized
IDN: Inverse Difference Normalized

IMCL1: Informational Measure of Correlation 1
IMC2: Informational Measure of Correlation 1
Inverse Variance

Joint Average

Joint Energy

Joint Entropy

MCC: Maximal Correlation Coefficient
Maximum Probability

Sum Average

Sum Entropy

Sum Squares
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Gray Level Dependence Matrix (GLDM)

Dependence Entropy

Dependence NonUniformity

Dependence NonUniformity Normalized
Dependence Variance

Gray Level NonUniformity

Gray Level Variance

High Gray Level Emphasis

Large Dependence Emphasis

Large Dependence High Gray Level Emphasis
Large Dependence Low Gray Level Emphasis
Low Gray Level Emphasis

Small Dependence Emphasis

Small Dependence High Gray Level Emphasis

Small Dependence Low Gray Level Emphasis

Gray Level Run Length Matrix (GLRLM)

Gray Level NonUniformity

Gray Level NonUniformity Normalized
Gray Level Variance

High Gray Level Run Emphasis

Long Run Emphasis

Long Run High Gray Level Emphasis
Long Run Low Gray Level Emphasis

Low Grey Level Run Emphasis
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Run Entropy

Run Length NonUniformity

Run Length NonUniformity Normalized
Run Percentage

Run Variance

Short Run Emphasis

Short Run High Gray Level Emphasis

Short Run Low Gray Level Emphasis

Level Size Zone Matrix (GLSZM)
Gray Level NonUniformity

Gray Level NonUniformity Normalized
Gray Level Variance

High Gray Level Zone Emphasis
Large Area Emphasis

Large Area High Gray Level Emphasis
Large Area Low Gray Level Emphasis
Low Gray Level Zone Emphasis

Size Zone Non-Uniformity

Size Zone Non-Uniformity Normalized
Small Area Emphasis

Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis
Zone Entropy

Zone Percentage
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= Zone Variance

Neighboring Gray-Tone Difference Matrix (NGTDM)
= Busyness
= Coarseness
= Complexity
= Contrast

= Strength
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Chapter 3
Adding MRI Radiomics and Hypoxia Gene Signature Scores to
Clinical Variables Improves Prediction of Biochemical
Recurrence-Free Survival After Prostate Radiotherapy

3.1 Abstract

3.1.1 Purpose

To investigate the value of combining MRI radiomic and hypoxia-associated gene signature
information with clinical data for predicting biochemical recurrence-free survival (BCRFS)

after radiotherapy for prostate cancer.

3.1.2 Methods

Patients with biopsy-proven prostate cancer, hypoxia-associated gene signature
(Ragnum) scores and pre-treatment MRI who received radiotherapy between
01/12/2007 and 31/08/2013 at two cancer centres were included in a retrospective
cohort analysis. Prostate segmentation was performed on axial T2-weighted sequences
using RayStation (v9.1). Histogram standardisation was applied prior to radiomic
feature (RF) extraction. PyRadiomics (v3.0.1) was used to extract RFs for analysis. A
multivariable Cox proportional hazards model including clinical variables (age, PSA,
International Society of Urological Pathology (ISUP) grade, T-stage, tumour volume,
treatment) was used to model BCRFS. Cross-validation was used to test different
feature selection methods. Internal validation (bootstrapping) was used to evaluate
model performance of the final combined models incorporating RFs and/or hypoxia
scores in terms of concordance index (c-index) [confidence intervals (Cl)]. Akaike

Information Criterion (AIC) was used to assess model fit.

3.1.3 Results

187 patients were included. The combined clinical/RF/hypoxia score (c-index 0.73
[0.68-0.75]) and clinical/RF models (c-index 0.72 [0.68-0.74]) had similar performance
surpassing clinical-only (c-index 0.67 [0.62-0.70]) and clinical /hypoxia score (c-index of
0.68 [0.62-0.69) models. The selected features of the combined clinical-radiomics model
included age, ISUP grade, tumour stage, tumour volume, radiotherapy modality and
wavelet-derived RFs. Based on AIC, inclusion of RFs improved model performance
(p=0.013), whereas adding hypoxia score did not (p=0.079), unless also combined with
RFs (p=0.005).
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3.1.4 Conclusion

A model combining pre-treatment prostate MRI-derived radiomic features and clinical
variables improves accuracy of predicting BCRFS after prostate radiotherapy, with or

without the addition of a hypoxia gene signature.
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3.2 Introduction

Prostate cancer is the most common malignancy in men and a major cause of
cancer-related death [1]. Radiation therapy (RT), including external beam radiation
therapy (EBRT) and brachytherapy (BT), is an effective treatment for localised prostate
cancer [2]. Despite advances in diagnostic imaging and RT delivery techniques, 30-50%
of men with high-risk disease experience biochemical recurrence (BCR) within 10 years
of treatment, most commonly due to intraprostatic relapse [3-6]. BCR is regarded as an
indicator of three important outcomes in prostate cancer: local recurrence, distant
metastasis, and death specifically related to prostate cancer [7]. Predicting the
progression of prostate cancer would help oncologists to personalise treatment plans and
prioritise follow-up appointments to monitor patients with higher predicted recurrence
risk. This would allow earlier detection of disease progression or recurrence and facilitate

timely interventions.

Currently, risk stratification in prostate cancer predominantly relies on pathological
findings from biopsies and standard imaging evaluation to determine spread of disease.
Using information on the serum prostate specific antigen (PSA) level, tumour stage
(T-stage) and Gleason grade allows for risk stratification into three major groups
(low-risk, intermediate-risk and high-risk) of localised disease based on the probability of
biochemical recurrence after local therapy [8]. Early efforts to incorporate genomics into
risk prediction tools have been promising, with Spratt et al. proposing a system
integrating existing genomic and clinical information to improve risk stratification [9].
The combined clinical-genomic risk system better predicted metastasis than using the
standard National Comprehensive Cancer Network (NCCN) clinical risk group alone, and

also reclassified 30% of patients.

Hypoxia, a state of low oxygen, is a common micro-environmental feature in most solid
tumours, which activates multiple biological processes such as glycolysis and
angiogenesis, inducing the expression (mRNA abundance) of multiple genes involved in
these pathways and changes in transcriptomic profiles (10). High-throughput expression
profiling technologies that can measure RNA expression have allowed the development
of hypoxia-associated gene signatures, which were prognostic in prostate cancer cohorts
and associated with RT resistance and metastatic disease in prostate cancer cohorts
[11-15].

Traditionally, measuring oxygen levels in tumours has been performed using needle
electrodes, however this is invasive, technically demanding, and not representative of the

whole prostate [16]. Magnetic resonance imaging (MRI) has an essential role in prostate
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cancer in diagnosis and treatment planning, and has the potential for monitoring after
therapy to assess local recurrence [17]. When combined with radiomics, a quantitative
image analysis technique used to derive imaging biomarkers [18], MRI-based radiomic
prognostic models have shown improved prediction of survival outcomes for multiple
cancer types compared with clinical information alone [19-21]. Additionally, combining
MR-imaging, which has potential to image genetic features associated with more
aggressive prostate disease [22], with gene-based biomarkers shows further potential in

aiding the prediction of clinical outcomes such as survival or treatment resistance
[23-24].

Current research has demonstrated potential association between radiomic features (RF)
derived from imaging and pimonidazole-based hypoxia biomarkers, showing it may be
feasible to develop a radiomics hypoxia model using T2-weighted (T2W) MR images
[25], however there is limited evidence on the role in combining imaging and
hypoxia-associated genomic biomarkers for outcome prediction. To the best of our
knowledge, only a single study (in cervical cancer) has evaluated integrated imaging and
gene expression signatures for non-invasive assessment of hypoxia-related treatment
resistance [24]. ldentifying imaging “radiogenomic” (combined radiomics and genomics)
hypoxia signatures would potentially offer a non-invasive way to analyse the whole

prostate in order to predict outcome.

This study investigates the value of combining prostate MRI radiomic and
hypoxia-associated gene signature information with clinical data for the prediction of
biochemical recurrence-free survival (BCRFS) following radiotherapy in prostate cancer

patients treated with primary radiotherapy.

3.3 Materials and Methods

3.3.1 Dataset and Study Population

Prostate cancer patients treated with primary radiotherapy between 01/12/2007 and
31/08/2018 at two UK NHS hospitals were included in this retrospective cohort study.
The study was approved by the United Kingdom North West Research Ethics Committee
(IRAS 15/NW/0559).

Inclusion criteria were: (a) male patients with organ-confined or locally invasive prostate
cancer (with no detected distant metastatic or nodal disease), aged at least 18 years;
(b) biopsy-confirmed high-risk prostate cancer; (c) primary radiotherapy to treat their
prostate cancer (either BT, EBRT or combination); (d) available pre-treatment MRI;
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(e) available formalin-fixed, paraffin-embedded (FFPE) biopsy to enable Ragnum hypoxia
gene signature evaluation; (f) available clinical features (patient age, International Society

of Urological Pathology (ISUP) grade, PSA and T-stage) and clinical outcome data.

Diagnostic MR images, patient and tumour characteristics (ISUP grade and T-stage),
and hypoxia gene signature were collected for all patients. Adherence was made to the
Checklist for Artificial Intelligence in Medical Imaging (CLAIM) (Supplementary Material),
a tool for assessing the quality of multivariate prediction models involving imaging and

machine learning (ML) techniques [26].

3.3.2 MRI Acquisition

All patients underwent prostate imaging on 1.5T MRI scanners which included a minimum
of an axial T2W sequence encompassing the whole prostate. Imaging was performed
using multiple different MRI scanners. Specific scanner acquisition parameters are listed

in Supplementary Material Table S3.1.

3.3.3 Hypoxia-associated Gene Signature

RNA from FFPE prostate biopsy specimens was extracted and processed using
Affymetrix GeneChip (Clariom S Array) to calculate the expression of a 32-gene prostate
hypoxia signature, based on pimonidazole staining (Ragnum signature) which generates
a hypoxia score [27]. The gene enrichment analysis and construction of the gene

signature is described by Ragnum et al. [27].

3.3.4 Image Segmentation

The whole prostate gland and prostate tumour (if visible) were manually segmented by
an experienced radiologist and confirmed by a specialist Uroradiologist. All segmentation
was performed on axial T2W sequences using RayStation (v9.1). Exported DICOM
images were converted to Neuroimaging Informatics Technology Initiative (NIfTI) files
and exported into PyRadiomics (v3.0.1) for analysis [28]. Histogram standardisation of
all MR-images was applied using the Nyual method prior to RF extraction to render

dynamic signal intensity ranges comparable [29, 20].

A flowchart illustrating the methodological pipeline is shown in Figure 3.1.



- 88 -

Vil

Hypoxia Gene
Signature Data

I Segmented T2-weighted Prostate MRIs

o7 ‘ Histo_gram normalisation | = > reature Selection . ‘
Radiomic Feature (RF) Extraction I Unsupervised | -\,/-
Geometrical features
Intensity features Tumour volume correlation Model building and
Volume features b | remouslATsdancy ; Evaluation
assessment )
Post-processing = ‘ ) > Multivariable Cox
RF robustness checking Suparvised & Regression + Internal
COMBAT harmonisation 1) Univariate validation
2) Multivariate (bootstrapping)
Clinical + r 3) MRMR QOutcome = Biochemical
® | Pathology Data | — " | With 40 five-fold stratified Recurrence-Free Survival
cross-validation (BCRFS) in months

Figure 3.1 Flowchart showing study pipeline from image segmentation, image
normalisation, radiomic feature extraction, image post-processing, feature selection steps
to model building integrating hypoxia and radiomic data with clinical data.

3.3.5 Feature Extraction

Eight RF classes [28] were extracted from each segmented region of interest (ROI) using
PyRadiomics (v3.0.1)[31]. PyRadiomics deviates from the image biomarker
standardisation initiative (IBSI) by default applying a fixed bin width from 0 and not the
minimum segmentation value, and the PyRadiomics kurtosis is not corrected, yielding a
value 3 higher than the IBSI kurtosis however these parameters can be manually
adjusted.  Otherwise, PyRadiomics adheres to IBSI guidelines, which provides a
comprehensive review of each step involved in radiomic analyses, including radiomics
nomenclature and required calibration datasets [32]. All RFs extracted and filters

applied are detailed in Supplementary Material.

Different numbers of bins (8, 16, 32, 64, 128, 256) and isotropic voxel sizes (1, 2, 3) were
tested to assess the most robust quantisation/re-binning setting based on the combination
of bin number and voxel size that yielded the largest set of radiomic features. An intraclass
correlation coefficient (ICC) threshold of > 0.8 was also used to eliminate inter-correlated
features. Number of bins was favoured over the bin width given the arbitrary nature of MRI
intensity units. The ComBat harmonisation method (v0.2.10) was applied to extracted
RFs to account for variation in scanner models, acquisition protocols and reconstruction
settings which affect RFs [33-35].
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3.3.6 Feature Selection

3.3.6.0.1 Unsupervised feature selection For each RF, correlation with tumour
volume was assessed with Spearman rank correlation coefficient (p) and features with a
p-value>0.5 were removed. RFs were assessed for redundancy (linear correlation to other
RFs) using Pearson correlation coefficient. If the correlation coefficient was 0.5 or higher
between two RFs then they were deemed to be correlated and the feature in the correlated

pair with the highest mean correlation to other RFs was removed.

3.3.6.0.2 Supervised feature selection Following the same approach published in
Davey et al. [36], supervised feature selection was performed using three different
techniques for comparison. The methods implemented selected features that: (1) are
significantly associated with outcome in a univariable Cox regression model (p < 0.05),
(2) significantly improve a multivariable Cox regression model of clinical variables in a
likelihood-ratio (LR) test (p < 0.05), and (3) have a positive contribution based on

minimum redundancy maximum relevance (MRMR) ranking [37].

Each feature selection method was implemented independently over 200 samples created
from 40 five-fold stratified cross-validation (SCV) runs with event-matching for number
of biochemical recurrences, meaning that the data was partitioned into 5 sub-sets, 4
for training and 1 held for testing with the number of events balanced between the
subsets. The training was repeated 5 times with each subset being held as the test set
independently. The separation of the subsets was repeated 40 times, with a total of 200
cases to test model performance. In each cross-validation training run, selected features
were combined with clinical variables (age, ISUP grade, PSA, T-stage, tumour volume
and treatment) to form a clinical-radiomics multivariable Cox model. This model was then
applied to the test data. Including the clinical variables for the other feature selection
methods (univariable, MRMR) made the comparison to the multivariable feature selection
technique fair. The Harrell's concordance index (C-index) was calculated for both training
and test models with the median and 95% Cl across SCV runs recorded. The feature
selection technique was selected based on calculating the performance ranking from the
median C-index across all clinical-radiomic models for both the training (Ctrain) and test
(Ctest) data [38]. For the chosen technique, the selected features from each training run
were recorded and ranked by occurrence. The top ranking features up to the median

number of features selected across all runs were recorded.
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3.3.7 Model Building

Using the feature results from the chosen MRMR technique four different multivariable
Cox proportional hazards models were constructed for comparison: 1) clinical only, 2)
clinical + hypoxia, 3) clinical + radiomics, and 4) clinical + hypoxia + radiomics. The
Akaike Information Criterion (AIC) was extracted, and an Analysis of Variance
(ANOVA) test was used to compare if there was a significant difference in regression
model performance for each model 2 to 4, in comparison to model 1 (clinical only model
as baseline). To evaluate the added benefit of radiomics to clinical and hypoxia
variables, AIC of model 4 was also compared to model 2. AlIC provides a mathematical
method to evaluate how well a model fits a dataset and the smaller the AIC value, the

better the model fit for outcome prediction [39].

For internal validation, the median and 95% Cls of the C-index for each model across 500
bootstrap resamples was calculated. C-index was calculated and each of these bootstrap
models was fitted to the original data. For the purpose of analysis, T-stage was grouped
into T1/2 group and T3 groups. The radiomic features were scaled to have a mean of 0,

and a unit variance of 1.

Statistical analysis was performed in R (v.4.0.2). Two-tailed tests were used with

statistical significance defined as p < 0.05.

3.4 Results

3.4.1 Clinical Characteristics

A total of 187 patients with histologically confirmed prostate cancer were treated at either
St James's University Hospital (Leeds, UK) with EBRT (74 Gy in 37 fractions) (n=94),
or at The Christie (Manchester, UK) with EBRT (57 Gy in 19 fractions) (n=55) or EBRT
(37.5 Gy in 15 fractions) plus high dose rate (HDR) brachytherapy (BT) boost (single
fraction 15 Gy) (n=38), between 01/12/2007 and 31,/08/2013.

The clinical and treatment characteristics for all patients are listed in Table 3.1. Median
follow-up was 84 months (range 3-140). BCR rate was 32% (n=60). Median BCRFS
was 74 months (range 2-132).
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Table 3.1 Demographics of the study cohort. Abbreviations: PSA = prostate specific
antigen, ISUP = International Society of Urological Pathology, EBRT = external beam
radiotherapy, HDR-BT = High Dose Rate Brachytherapy. Statistics presented: Median
(range) for Age, PSA, Tumour Volume and Hypoxia Score; n(%) for ISUP and T-stage;

Characteristic
Age (years) 69 (52 - 80)
PSA (ng/mL) 20 (2 - 234)
ISUP
! 5 (2.7%)
2 70 (37%)
3 36 (19%)
1 17 (9.1%)
2 59 (32%)
T-stage
L 5 (2.7%)
12 37 (19.8%)
T3 145 (77.5%)
Tumour Velume (cc) 5 (0 - 97)
Treatment
EBRT 149 (80%)
HDR-BT 38 (20%)
Hypoxia Score
(Ragnum Signature) 0.00(-0.43-0.47)
N =187

3.4.2 Radiomic Feature Selection

The combination of bin number 256 and voxel size 1 yielded the most number of robust
radiomic features (Supplementary Information). A total of 1314 radiomic features were
extracted, 1068 remained after volume correlation, and 55 remained after removals for
redundancy. The median number of radiomic features selected was 7 in MRMR, 3 in
All features selected on the multivariable and
The MRMR
technique also had the best model performance across training and test data with a test
c-index of 0.73 (0.59-0.83) compared to Multivariable (c-index 0.70 (0.53-0.82)) and

multivariable, and 2 in univariable.

univariable techniques were also captured by the MRMR technique.
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univariable models (0.70 (0.55-0.83)).

Figure 3.2 shows the frequency (%) that each feature was selected across all cross-
validation runs (out of 200). The higher the frequency the more stable that feature is in

the feature selection process.
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Figure 3.2 Bar chart showing the frequency (%) that each radiomic feature was
selected across all cross-validation runs (out of 200) for each feature selection method.
Abbreviations: LHH, HHL, HLH, LLL = 3D wavelet radiomic features, GLRLM = Grey
level run length matrix, GLCM = Grey level co-occurrence matrix, GLDM = Grey Level
Dependence Matrix, GLSZM = Grey level size zone matrix.

3.4.3 Prediction Model Performance

When evaluated on the complete dataset, the median C-index and confidence intervals
(CI) of all 4 prediction models are shown in Figure 3.3.

Based on the C-index estimate, the combined clinical-radiomics-hypoxia model and
clinical-radiomics model had the highest model performance (C-index 0.73 and 0.72
respectively). The clinical-only model (C-index of 0.67 [0.62-0.69]) and clinical-hypoxia
model (C-index of 0.68 [0.64-0.69) had lower model performance.

Each model and overall model fit based on AIC are presented in Table 3.2. The combined
clinical, radiomic and hypoxia model has the lowest AIC (AIC = 536.79) and best model
fit.
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Table 3.2 Selected features for each of the four models (clinical only, clinical with hypoxia,
clinical with radiomics and combined clinical, hypoxia and radiomics) and overall model
performance score (AIC Statistic). The radiomic features are scaled to mean zero and
unit variance. Abbreviations: EBRT = external beam radiotherapy, HDR-BT = high
dose-rate brachytherapy, HHL, HLH, LHH, LLL = 3D wavelet radiomic features, GLDM
= Grey Level Dependence Matrix, GLCM = Grey level co-occurrence matrix, GLRLM
= Grey level run length matrix, GLSZM = Grey level size zone matrix, AIC = Akaike

Information Criterion.

Clinical Model Clinical + Hypoxia Clinical + Radiomics Clinical + Hypoxia +
Radiomics
HR (95% Cl) P- HR (95% Cl) P- HR (959 C1) Pvalue | HR(95%Cl) | P-
value value value

Age (years) 0.96 (0.92- 0.028 | 0.96{0.52- 0.047 | 0.95(0.51- 0.019 0.95(0.91- | 0.020
1.00) 1.00) 0.99) 0.99)

PSA (ng/mL) 1.01 (1.00- 0.037 | 1.01({L00- 0.017 | 1.01(L.00- 0.155 1.01(L.00- | 0.093
1.01) 1.02) 1.01) 1.01)

ISUP Grade 1.28 (1.05- 0.013 1.28 (1.05- 0.014 1.25(1.02- 0.030 1.27 (1.03- 0.026
1.57) 1.57) 1.54) 1.56)

T-stage 2.28 (1.08- 0.031 2.46 (1.16- 0.019 2.73 (1.19- 0.018 3.05 (1.31- 0.010

(T1/2 vs T3) 4.81) 5.22) 6.25) 7.10)

Tumour volume (cc) 1.01 (0.98- 0.668 1.00 (0.98- 0.246 0.99 (0.96- 0.664 0.39 (0.96- 0.337
1.03) 1.02) 1.02) 1.02)

Treatment 1.67 (0.87- 0.123 1.59 {0.83- 0.163 1.50 (0.90- 0.095 1.75 (0.83- 0.142

(EBRT vs HDR-BT) 3.20) 3.03) 4.02) 3.71)

Hypoxia Score 4,55 {0.84- 0.079 6.66 (1.04- 0.046

(Ragnum signature) 24.6) 42.8)

Wavelet HHL GLDM 1.41 (1.06- 0.017 1.49 (1.11- 0.008

Dependence Entropy 1.88) 2.00)

‘Wavelet HLH GLCM Sum 1.07 (0.82- 0.627 1.08 (0.84- 0.357

Average 1.38) 1.40)

Wavelet LHH GLRLM 0.75 (0.57- 0.042 0.77 (0.58- 0.071

Short Run High Gray 0.99) 1.02)

Level Emphasis

Logarithm GLCM Cluster 1.31 (0.91- 0.144 1.32 (0.92- 0.137

Shade 1.87) 1.90)

Wavelet HHL First Order 0.81 (0.59- 0.186 0.81 (0.55- 0.150

Median 1.11) 1.11)

Exponential GLSZM Gray 1.19 {0.90- 0.215 1.11 (0.84- 0.467

Level Variance 1.57) 1.47)

Wavelet LLL GLCM 0.76 (0.55- 0.104 0.77 (0.56- 0.110

Difference Variance 1.06) 1.06)

AIC Statistic 542.54 538.85 541.45 536.79

*Comparison to clinical *P=0.079 *P=0.013 *P=0.005
model
**Comparison to **p=0.044
clinical+hypoxia model
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C-index

0.750
: 0.725
0.67 0.68
0.62-0.69 0.64-0.69
: 0.675
0.650
Clinical Clinical+Hypoxia Clinical+Radiomics Clinical*Radiomics+Hypoxia

Model

Figure 3.3 C-index and confidence interval (Cl) of all 4 models showing best models
were Clinical 4+ Radiomics + Hypoxia (0.73) and Clinical + Radiomics (0.72).

When statistically comparing the combined model AICs to the clinical only model using
an ANOVA test, the clinical and radiomics model was significantly better (p=0.013).
Including hypoxia information alone (clinical + hypoxia model) did not improve model
performance (p=0.079), unless it was also combined with radiomic features (p=0.005)
(clinical + radiomics + hypoxia). When comparing the AIC of the clinical and hypoxia
model vs the combined clinical, radiomic and hypoxia model, there was a statistically
significant improvement in model performance for the combined clinical, radiomic and
hypoxia model (p=0.044).
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3.5 Discussion

In this study, the addition of pre-treatment T2W MRI-derived radiomic features to
standard clinical variables improved the accuracy of predicting BCRFS after prostate

radiotherapy with or without the addition of hypoxia gene signature scores.

The utility of MRI-based radiomic analysis has been studied in the setting of prostate
cancer diagnosis and prediction of Gleason score with satisfactory early results [40-43].
More recently prediction models using prostate MRI radiomics have been reported
assessing the risk of BCR after radiotherapy. Gnep et al. demonstrated that T2W
MRI-derived Haralick textural features, which quantify spatial relationships between
neighbouring voxels, were associated with BCR occurrence [44]. Few studies have
investigated the role of MRI-derived radiomics in assessing progression-free survival in
prostate cancer, however an initial report combining radiomics and clinical data into a
hybrid prediction model yielded excellent performance and showed promise as a
non-invasive diagnostic tool for risk stratification [19]. The current study also supports
the notion that whole prostate gland radiomic features can provide additional

information to help predict survival outcomes.

It is already known that hypoxic tumours are associated with worse outcomes after
radiotherapy and using biopsy-based hypoxia-associated gene signatures has
demonstrated prognostic significance in prostate cancer cohorts [14, 15]. Both imaging
and genomic biomarkers have different strengths, however, there has been a paucity of
studies investigating how they relate to each other in prostate cancer and their impact
on survival outcomes to understand how to fully exploit any synergistic potential. In
cervical cancer, a multifactorial prediction model combining both imaging and gene
expression signatures was studied to assess hypoxia-related treatment resistance [24].
The results found a combined model allowed better prediction of progression-free
survival.  The current research confirms the same finding in prostate cancer and

highlights further study of multifactorial prediction models would be worthwhile.

Addition of RFs derived from pre-treatment prostate MRI provided more prognostic
information that use of a gene signature. An explanation for this finding is that imaging
permits a more comprehensive prostate assessment compared to a biopsy-derived
hypoxia gene signature, which is limited to the sampled region/s of the prostate and
does not capture the overall spatial and temporal heterogeneity of the tumour or whole
gland [45]. It is known that regional differences in hypoxia exist across the entire
tumour volume and this heterogeneity may limit the use of gene signatures derived from
only limited parts of the tumour [46]. This may help in understanding why the addition
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of the hypoxia-associated gene signature alone to the clinical model did not further
increase the performance of the outcome prediction model in this study however the
same issue may not apply to tumour ISUP grade despite it being biopsy derived because
it remained prognostic in the current study (47). ISUP grades are categorical and a
study by De Nunzio et al. found the rate of discrepancy between biopsy pathology and
the prostatectomy specimen to be low meaning the 5 tier ISUP system was highly

specific (91%) for correctly defining the tumour aggressiveness (48).

The predictive prostate RFs observed in this study may already be a surrogate for tumour
aggressiveness and hypoxia. Wavelet transformation of RFs further separates out the
spatial and frequency distributions of low and high frequency signals within the region
of interest to delineate such changes [49]. Differentiating these properties may improve
the overall performance of the hybrid radiomic prediction model, as demonstrated by the

current study where the best performing radiomic features were all wavelet ones.

Imaging features could be linked to underlying biological changes. Recent work has
reported associations between T2W MRI radiomic features of the whole prostate gland
or index lesion and tumour hypoxia, demonstrating the feasibility of building a radiomics
hypoxia model from anatomical MRI [25, 50]. A study of 15 patients found
bi-parametric prostate MRI RFs associated with increased expression of hypoxia-related
genes was associated with unfavourable survival outcomes [51]. Similarly, Beig et al.
reported in 180 glioblastoma patients that RFs extracted from the enhancing tumour,
necrotic tumour, and peri-tumoral regions were predictive of a hypoxia enrichment score
based on 21 genes implicated in the hypoxia pathway of glioblastoma [52]. An imaging
radiogenomics study in renal cell cancer identified a contrast-enhanced CT-based
radiomic signature associated with increased levels of hypoxia-associated gene expression
that was able to accurately predict survival outcomes [53]. This radiogenomic model
achieved good survival prediction performance in the training set and an independent
external validation cohort, highlighting the potential for using such biomarkers for

assisting in treatment decisions.

The hypoxia score was borderline significant (p=0.046) on the combined clinical, radiomics
and hypoxia model but not significant on the clinical and hypoxia model (p=0.079).
Potential reasons for this include overfitting due to the number of events per variable
with the combined model but further investigation and external validation is required to
determine the additive benefit of combining hypoxia markers with imaging-based radiomic
features. If there are imaging features that may act as a surrogate marker for hypoxia, as

previously highlighted in another exploratory study [45], then there may be less benefit to



- 97 -

including the hypoxia gene signature information.

In the future, using a radiogenomics- or hypoxia-driven approach in radiotherapy planning,
through accurate delivery of focal radiation boosts to more ‘hypoxic’ parts of a tumour,
could help to improve oncological outcomes and avoid rectal and urinary bladder toxicity
in men treated with hypo-fractionated external beam radiotherapy for localised cancers
[54].This would require additional investigation to correlate genomic and imaging-based
hypoxia signatures with functional MRI sequences to generate radiology hypoxia maps

and enable detection of hypoxic regions.

3.6 Limitations

There are a number of limitations to the study: Our study was retrospective with MRI
data acquired from several scanners across different institutions, which is why an image
harmonisation method was applied to minimise bias. The dataset is unique given the
paired imaging and genomic data available from two centres. Only one
hypoxia-associated gene signature was used which has its own limitations as the
Ragnum signature is essentially a combination of genes whose expression correlates with
pimonidazole-generated scores, another hypoxia biomarker. As this gene signature
requires expression profiling platforms measuring relative mRNA abundance, it is
affected by the biopsy sample preservation technique (e.g. fresh-frozen or FFPE), age of
the FFPE blocks and by technical batch effect which limits comparison of these hypoxia

scores between different institution cohorts.

Only T2W imaging was used due to the historic nature of the MRIs available for the study
participants. Studies in cervical cancer have found that a radiomics signature derived
from diffusion-weighted imaging (DWI) outperformed a model using T2W MRI-derived
radiomic features for predicting survival [20]. In prostate cancer, a combined DWI and
T2W survival prediction model outperformed models using only one of these sequences
when predicting 3-year progression-free survival [19]. It is reasonable to assume DWI
would add to the prognostic information offered by the T2W sequence, which is mainly
used for detailing anatomy, whereas DWI measures underlying tumour cell density and
water diffusion which can provide additional information on the cellular microenvironment
and even hypoxia [46]. Future work will integrate other functional sequences such as
DWI and dynamic contrast-enhanced (DCE) imaging to the prediction model in order to

further improve its performance.

Three supervised feature selection techniques were used prior to the implementation of
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the Cox regression model. This approach performs similarly to more complex ML models
such as those using boosting trees, boosting gradient linear models and random forest
based methods given that the feature selection part is the most error-prone stage [55].
No adjustment for multiple testing was incorporated in the statistical analysis, reflecting

the exploratory nature of the study.

Finally, the choice of outcome metric remains debateable as biochemical recurrence was
not a surrogate endpoint for overall survival in recurrent prostate cancer in the NRG
Oncology/RTOG 9601 phase Il trial [56]. Due to loss of follow-up in this patient
cohort, assigning overall survival, cancer specific mortality or determining metastasis-free
survival would not be reliable. Biochemical recurrence may be due to local or systemic
relapse, both of which hypoxia predisposes to and hypoxia-associated gene signatures
have been identified as independent risk factors for metastasis-free survival in prostate
cancer [56], therefore evaluating the prediction of other survival endpoints may be more

widely accepted by the clinical oncology community.

3.7 Conclusions

Adding pre-treatment prostate MRI-derived radiomic features to clinical variables improves
the accuracy of predicting BCRFS after prostate radiotherapy, with or without the addition
of a hypoxia gene signature. The overall best-fit model was the combined clinical, radiomic
and hypoxia model. Further multicentre and subsequent prospective validation of this
radiogenomic signature is required to demonstrate that it is reproducible and stable prior

to clinical implementation.
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3.9 Supplementary Material

Table S3.1 MRI acquisition parameters of the 4 different 1.5T MRI Scanners used to
acquire T2 weighted axial prostate MRI data.

nape Son Fip  Fieldof slice
1.5T MRI Scanner : o view Matrix size (mm) thickness
echo time Angle (°)

i (mm) (mm)
GE Signa 5020/122 a0 250 384 x 224 3
Philips Achieva 3500/ 90 90 220 256 x 192 3
Siemens Aera 3540/ 99 160 220 320 = 256 3
Siemens Sola 4500/ 88 150 200 320 x 256 3

3.9.1 Extracted Radiomic Features and Filters

Radiomic feature classes that were extracted from the T2-weighted MRI whole prostate
gland segmentations.  All feature classes listed below, with the exception of the
shape-based features can be calculated on the original image and/or a derived image,
such as applying one of several filters which is how the wavelet features were generated.
Individual feature description can be found at: https://pyradiomics.readthedocs.io/

en/latest/features.html

First-order

10th Percentile

= 90th Percentile

= Energy

= Entropy

= Interquartile Range

» Kurtosis

= Maximum

= Mean Absolute Deviation

= Mean

= Median
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= Minimum

= Range

= Robust Mean Absolute Deviation
= Root Mean Squared

= Skewness

» Total Energy

= Uniformity

= Variance

Shape-based (3D)
= Mesh Volume
= Voxel Volume
= Surface Area
= Surface Area to Volume ratio
= Sphericity
= Maximum 3D diameter
= Maximum 2D diameter (Slice)
» Maximum 2D diameter (Column)
= Maximum 2D diameter (Row)
= Major Axis Length
= Minor Axis Length Least Axis Length
= Elongation

= Flatness

Gray Level Co-occurrence Matrix (GLCM)
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Autocorrelation

Cluster Prominence

Cluster Shade

Cluster Tendency

Contrast

Correlation

Difference Average

Difference Entropy

Difference Variance

ID: Inverse Difference

IDM: Inverse Difference Moment

IDMN: Inverse Difference Moment Normalized
IDN: Inverse Difference Normalized

IMCL1: Informational Measure of Correlation 1
IMC2: Informational Measure of Correlation 1
Inverse Variance

Joint Average

Joint Energy

Joint Entropy

MCC: Maximal Correlation Coefficient
Maximum Probability

Sum Average

Sum Entropy

Sum Squares
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Gray Level Dependence Matrix (GLDM)

Dependence Entropy

Dependence NonUniformity

Dependence NonUniformity Normalized
Dependence Variance

Gray Level NonUniformity

Gray Level Variance

High Gray Level Emphasis

Large Dependence Emphasis

Large Dependence High Gray Level Emphasis
Large Dependence Low Gray Level Emphasis
Low Gray Level Emphasis

Small Dependence Emphasis

Small Dependence High Gray Level Emphasis

Small Dependence Low Gray Level Emphasis

Gray Level Run Length Matrix (GLRLM)

Gray Level NonUniformity

Gray Level NonUniformity Normalized
Gray Level Variance

High Gray Level Run Emphasis

Long Run Emphasis

Long Run High Gray Level Emphasis
Long Run Low Gray Level Emphasis

Low Grey Level Run Emphasis
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Run Entropy

Run Length NonUniformity

Run Length NonUniformity Normalized
Run Percentage

Run Variance

Short Run Emphasis

Short Run High Gray Level Emphasis

Short Run Low Gray Level Emphasis

Level Size Zone Matrix (GLSZM)
Gray Level NonUniformity

Gray Level NonUniformity Normalized
Gray Level Variance

High Gray Level Zone Emphasis
Large Area Emphasis

Large Area High Gray Level Emphasis
Large Area Low Gray Level Emphasis
Low Gray Level Zone Emphasis

Size Zone Non-Uniformity

Size Zone Non-Uniformity Normalized
Small Area Emphasis

Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis
Zone Entropy

Zone Percentage
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= Zone Variance

Neighboring Gray-Tone Difference Matrix (NGTDM)
= Busyness
= Coarseness
= Complexity
= Contrast

= Strength



CLAIM: Checklist for Artificial Intelligence in Medical Imaging

This checklist is in reference to the main manuscript of “Adding MRI radiomics and hypoxia
gene signature scores to clinical variables improves prediction of biochemical recurrence-free
survival after prostate radiotherapy”.

Section / Topic  No.

TITLE / ABSTRACT

INTRODUCTION

METHODS

Study Design

Data

Ground Truth

10
11

12
13
14

15

16

17
18

Item

Identification as a study of Al methodology, specifying the
category of technology used (e.g., deep learning)

Structured summary of study design, methods, results, and
conclusions

Scientific and clinical background, including the intended use
and clinical role of the Al approach

Study objectives and hypotheses

Prospective or retrospective study
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Chapter 4
Exploratory Study of Bladder and Rectum Radiomic Feature
Changes Following External Beam Radiation Therapy Delivered on
a Magnetic Resonance Imaging Linear Accelerator (MRI-LINAC)

4.1 Abstract

4.1.1 Purpose

To investigate longitudinal radiomic feature changes in bladder wall and rectum during
radiotherapy for prostate cancer and report preliminary findings on impact of
dose-fractionation and relation with acute gastrointestinal (Gl) and genitourinary (GU)

toxicity.

4.1.2 Methods

All men with prostate cancer treated on a 1.5T Elekta Unity MRI-LINAC between July-
2020 and May-2021 at a single institution were included. Whole rectum and bladder
wall were contoured by two observers on T2-weighted MRI sequences using RayStation
(v9.1) at 5 timepoints: Fraction 1, 5, 10, 15 and 20 for patients treated with conventional
external beam radiotherapy (EBRT) (60Gy in 20 fractions) and every fraction for patients
treated with stereotactic ablative radiotherapy (SABR) (36.25Gy in 5 fractions). First-
order radiomic features (RFs) were extracted from each timepoint using PyRadiomics
(v3.0.1). Acute Gl and GU toxicity information (CTCAE v5.0) was collected for all
patients. Radiomic profiles for patients with and without toxicity were plotted. MR
images were qualitatively assessed. Pairwise t-test was used to compare radiomic changes

relative to fraction 1.

4.1.3 Results

A total of 21 patients and 105 MRIs were analysed, 10 received EBRT, 11 received
SABR. In the EBRT group, 80% experienced acute toxicity (n=8) and 20% had grade
2 toxicity (n=2). For the SABR group, 82% had GU toxicity (n=9) and 36% had Gl
toxicity (n=4), with one patient experiencing grade 2 Gl toxicity. Statistically significant
changes (p<0.05) were seen in the EBRT cohort in 6 rectal RFs as early as fraction 10
over the population. Different RF trends were observed in the EBRT bladder group across
5 time points in patients with and without GU toxicity. Fewer longitudinal changes in the

radiomic profiles were observed in the SABR group.
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4.1.4 Conclusions

Analysing longitudinal radiomic changes from the bladder and rectum during MRI-LINAC
radiotherapy treatments is feasible. Potential changes in RFs were observed across 5 time
points in both structures. Differences were seen between patients receiving SABR and
EBRT and in patients who experienced acute toxicity.



- 115 -

4.2 Introduction

Prostate cancer is the most common malignancy in men and a major cause of
cancer-related death[1]. Radiotherapy (RT) is an effective treatment for controlling
prostate cancer progression however despite technological advances including dose
escalation with stereotactic ablative radiotherapy (SABR), image-guidance and improved
treatment accuracy through increased target conformality, a number of patients will still
suffer from significant side effects from radiation-induced damage to the surrounding
organs at risk (OAR), namely the bladder and rectum. A recent large multicentre study
found severe (Grade 3 or higher) genitourinary (GU) and gastrointestinal (Gl) toxicity
rates 7 years after SABR were 2.4% and 0.4% respectively, slightly better compared to
the toxicity rates reported for historic external beam fractionation regimens (GU 3% and
Gl 1%) [2,3].

There remains an unmet need for objective and easily accessible ways to assess an
individual patients’ risk of RT induced toxicity before or during treatment. These
metrics would not only enhance patient counselling but also enable timely treatment
adjustments or interventions to mitigate side effects. Despite the potential advantages

this data could offer, there is a paucity of research into developing such measures.

With the establishment of magnetic resonance imaging - linear accelerator (MRI-LINAC)
treatment platforms, there is an opportunity to obtain more information before and during
RT and facilitate adaptive, real-time treatment planning[2]. This allows in theory the
monitoring of imaging changes within the prostate, bladder wall and rectum during RT to
assess and potentially predict RT side effects and treatment response. Radiomics offers
a systematic approach, aided by high-throughput software, to mine and quantify imaging
data, facilitating the discovery of predictive and prognostic imaging biomarkers. These
biomarkers encompass both macroscopic and microscopic characteristics of tumours or
normal tissue, such as their textural patterns (signal intensity and heterogeneity) to unveil
additional information on underlying pathophysiology which could provide insight into early
radiation-induced toxicity[3]. With the availability of imaging at each RT treatment time
point, this allows for the measurement of radiomic feature (RF) changes over time in

longitudinal MR images [4].

The use of MRI-LINAC presents a valuable advantage by enabling repeated and
non-invasive collection of qualitative and quantitative data over time[5]. MR imaging is
particularly appealing for longitudinal radiomic assessments due to its superior spatial

resolution and ability to delineate soft tissues effectively.
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The purpose of this exploratory study was to design a methodological pipeline for
analysing the longitudinal radiomic profiles of OAR (bladder wall and rectum) for
patients undergoing RT for prostate cancer using T2 weighted (T2W) MR images
acquired on a 1.5 Tesla (T) MRI-LINAC. A secondary objective was to investigate if
changes in OAR radiomic metrics varied between conventional external beam
radiotherapy (EBRT) and SABR treatment groups and in patients experiencing
radiotherapy toxicity side-effects(Grade 2 or higher). Treatment response within the
prostate tumour has not been presented in this chapter as this forms a separate study

which will be future work.

4.3 Methods

4.3.1 Dataset and Study Population

A total of 21 patients who had MRI and dose data available were included. 10 patients
received EBRT (60Gy in 20 fractions over four weeks) and 11 received SABR (36.25Gy
in 5 fractions over two weeks) respectively. All patients were treated and imaged on a
15T Elekta Unity MRI-LINAC system and were recruited as part of an ongoing
prospective observational imaging clinical trial (NCT30500081). All patients had
intermediate risk localised disease, and all received androgen deprivation therapy (ADT)
prior to radiotherapy. All patients provided informed written consent. Images were
obtained between July 2020 and May 2021.

Inclusion criteria were: (a) male patients with prostate cancer aged at least 18 years;
(b) radiotherapy delivered on the MRI-LINAC; (c) available MRI for each radiotherapy
fraction; (d) available clinical features and toxicity data. Toxicity side-effect information
was collected one month post-treatment by the clinical research nursing team during a
routine follow-up outpatient clinic (virtual) using the Common Terminology Criteria for
Adverse Events (CTCAE) version 5.0 [6]. The cut-off for patients with and without GU
and Gl toxicity was defined as Grade 2 or higher for this study.

4.3.2 Organs at Risk Contouring

Treatment localisation scans were transferred from the treatment planning system
(Monaco v5.40, Elekta, Crawley UK) to RayStation (v9.1, RaySearch Laboratories).
The whole rectum (up to the level of the peritoneal reflection) and whole bladder were
contoured by two individuals (MK and LB) following a live demonstration and tutorial

on contouring pelvic organs on MRI using RayStation, provided by a board-certified
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radiologist with over 7 years' experience (JZ). All contours were independently checked
and adapted by the radiologist. Contours were completed using the T2 weighted (T2W)
MRI sequences obtained at fraction 1 (pre-treatment), 2,3,4 and 5 for the SABR cases
and at fraction 1 (pre-treatment), 5, 10, 15 and 20 for the conventional fractionation
cases. A total of 105 MRIs were analysed. Examples of the different contours are shown

in Figure 4.1.

Figure 4.1 Examples of the different rectal and bladder wall contouring steps from manual
contour of the entire organ to semi-automated thresholding techniques used for identifying
the bladder or rectal wall. Yellow = manual rectal contour, Blue = manual bladder wall
contour, Green = Whole bladder contour which thresholding was applied to generate a
second bladder wall contour.

The rectum contour was uniformly contracted by 2 and 3 mm to produce a rectal wall
contour. For the bladder contours, all cases had a manual contour of the bladder wall
and a contour of the whole bladder which then had a thresholding technique applied to it
to auto contour the bladder wall (i.e. remove the urine contents and external pelvic fat
from the whole bladder contour). This thresholding technique involved calculating the
mean signal intensity within the whole bladder contour (wall and bladder contents) before
applying the mean value to threshold the bladder wall, i.e., thresholding within the bladder
contour only to remove the bladder contents (bright on T2). This was a patient specific

and dynamic thresholding approach to account for inter- and intra-patient variation in



- 118 -

the bladder signal. All image post-processing was performed using an in-house medical
image processing software, WorldMatch. Binary masks of all segmentations — bladder
(manual segmentation and whole bladder contour for thresholding) and rectal wall (2 mm

and 3mm) — high, intermediate, and low dose regions were saved.

The daily adapted radiotherapy dose was available for all fractions. The mean dose across
all treatment fractions for each patient was calculated to define regions of "high dose” vs
"intermediate” vs "low” dose. The following dose thresholds were used: For the EBRT
group, the RT dose cut-offs were >50 (High), 30-50 (intermediate) and <30 Gy (low)
and for the SABR group, >30 (high), 20-30 (Intermediate) and <20 Gy (low). These
EBRT and SABR doses are converted equivalent doses. These dose regions were used to
segment out the respective parts of the bladder and rectum contours. Figure 4.2 shows an
example of the radiotherapy doses overlaid onto the T2W MRL images with the contours
to highlight the different dose thresholds for the conventional fractionation and SABR

cases.

20 Fraction EBRT

Figure 4.2 Axial T2W MRIs of a conventional 20 fraction EBRT and a SABR case
showing the prostate and rectum contours and the overlaid radiotherapy dose showing
the high dose (red), intermediate dose (yellow) and low dose (green) regions.

Histogram standardisation of all MR-images was applied using the Nyil method prior to
radiomic feature extraction on the contoured imaging datasets [7,8]. This was applied to

each image twice - firstly, each image was standardised to the first available image (to
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remove any potential scanner variation across treatment) and then to an arbitrary chosen

reference patient's first image (to remove inter-patient variation).

PyRadiomics (v3.0.1) was used to extract RFs for analysis from the rectal wall and bladder
wall contours. Only first-order RFs (n=19) were extracted because higher order statistics
calculations would be affected by the narrow walls of the bladder/ rectum and may be
unstable.A previous systematic review found first-order RFs to be more reproducible than
shape metrics and textural features [11]. First-order statistics describe the distribution of
the intensities of voxels within the image region calculated through histogram analysis (e.g.
mean, minimum, maximum, standard deviation, skewness, or kurtosis) however it does not
account for the spatial interactions between them. The description of RFs are available
from the publicly available Image Biomarkers Standardization Initiative (IBSI) reference
document [12]. Unlike the approach taken in the previous radiomics work (Chapter 2 and
3), in this study the intent was to identify radiomic features that significantly changed

post-treatment and then to correlate these features with the presence of RT side-effects.

All MR-images were qualitatively assessed by a radiologist (JZ) for any visually perceptible
changes between the time points analysed such as presence of rectal/ bladder wall oedema

or subjective increase in wall thickness unrelated to bladder filling or rectal contents.

All MR-images were qualitatively assessed by a radiologist (JZ) for any visually perceptible

changes between the time points analysed.

4.3.3 Statistical analysis

For each OAR, RF values at each time point were summarised by presenting mean and
standard deviation (SD) across all patients. Pairwise t-test was used to compare RF mean
values for timepoints 2, 3, 4 and 5 against timepoint 1 for both bladder wall and rectal
contours for SABR and EBRT groups. The median and inter-quartile range radiomic
metrics of the bladder wall and rectum were plotted on line graphs for each of the 5 time
points and split into toxicity and no toxicity groups. The features which showed greatest
separation between toxicity and no toxicity were then delineated on a boxplot with the
three different dose thresholds. Volume correlation with RFs was assessed using the
Pearson correlation coefficient. A coefficient value between 0.50 to 1 represented strong

correlation, between 0.30 to 0.49, moderate correlation and below 0.29, low correlation.

All statistical analyses were performed using R (v4.3.1). All p-values were 2-sided and a

p value less than 0.05 was considered statistically significant.
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4.4 Results

Demographics and characteristics of the study cohort (n=21) are shown in Table 4.1.
The median age was 73 years (range 57-77). Median PSA at diagnosis was 8.7 ng/mL
(range 5.3-22.0).

In the EBRT group, 8 out of 10 (80%) experienced acute GU toxicity and 8 (80%)
had Gl toxicity. Two patients (20%) experienced grade 2 or higher GU toxicity and
one experienced grade 2 Gl toxicity. The patient who had grade 3 GU toxicity had a
hypertrophic median lobe protruding into the urinary bladder which will have been treated
and therefore a larger volume of bladder will have been treated. For the SABR group, 9
out of 11 (82%) experienced acute GU toxicity and 4 (36%) had Gl toxicity. One SABR
patient experienced grade 2 Gl toxicity.

Supplementary Material Tables S4.1 to 4.4 show the mean and standard deviation (SD)
values for each first order radiomic metric for the bladder wall and rectum at each of the
5 time points (1st, 5th, 10th, 15th, 20th fractions) for the conventional fractionation and
SABR cohort.

The greatest number of statistically significant changes were seen in the conventional
fractionation rectum with 6 different RFs demonstrating significant changes, as early as
the 3rd time point (fraction 10). The other groups (conventional fractionation bladder
and SABR rectum and SABR bladder) all showed a statistically significant change in the
10th percentile RF values by the 5th time point. Supplementary Material Table S4.5
summarises the Pearson correlation coefficient values for correlation of volume to the
first-order RFs extracted from the bladder and rectum for both the SABR and
conventional fractionation groups. 72.5% (29/40) of the RFs showed low correlation
and 27.5% (11/40) showed moderate correlation.

Figures 4.3-4.6 are line graphs showing the change from fraction 1 in the median and
inter-quartile range values in six radiomic metrics (Mean, 10th percentile, 90th percentile,
Skewness, Entropy and Kurtosis) at each of the 5 time points for the bladder wall and
rectum in the conventional fractionation and SABR groups, with separate lines for the
patients with (blue) and without (red) genitourinary or gastrointestinal toxicity. The
bladder wall (both conventional fractionation and SABR) graphs, demonstrate separation
in the median values for all six radiomic profiles from time point 2 onwards between the
patients who had toxicity vs asymptomatic patients. This separation was not seen in the

rectum group between the patients with and without toxicity.
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Table 4.1 Patient demographics and clinical characteristics for the 5 fraction SABR group
and 20 fraction EBRT group. Abbreviations: RT = radiotherapy, PSA=prostate specific
antigen, CTCAE = Common Terminology Criteria for Adverse Events Gl=gastrointestinal,
GU=genitourinary.

Patient Age RT T- Gleason PSA at Acute GI Acute GU
(years) Fraction stage Score diagnosis CTCAE CTCAE
number (ng/mL) Grade Grade
1 74 5 2c 4+3 15 1 1
2 69 5 2c 3+4 6 0 1
3 76 5 2a 3+4 8.4 0 1
4 67 5 1c 3+4 11 0 1
5 73 5 2c 3+4 15 0 1
6 72 5 1c 4+3 10 0 1
7 77 5 2c 3+4 8.7 0 1
8 70 5 2c 3+4 10.5 2 1
9 75 5 2a 4+3 7.5 1 0
10 68 5 2c 3+4 6.3 0 0
11 73 5 2a 3+4 13 1 1
12 75 20 3a 4+3 53 0 1
13 73 20 2c 4+3 9.2 1 1
14 76 20 1c 3+4 10 1 1
15 71 20 3a 4+3 6.9 1 1
16 72 20 3a 3+4 10 0 0
17 61 20 2c 4+3 5.5 1 1
18 57 20 2a 3+4 5.3 1 0
19 73 20 2c 4+3 8.7 1 1
20 75 20 2a 3+4 7.4 1 3
21 76 20 2a 3+4 22 2 2
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Figure 4.3 Line graphs showing the change from fraction 1 in the median (with inter-
quartile range) values of select first order radiomic metrics of the bladder wall (Mean, 10th
percentile, 90th percentile, Skewness, Entropy and Kurtosis) for the 20-fraction cohort at
each of the 5 time points (1st, 5th, 10th, 15th, 20th fractions) for patients with (blue)
and without (red) genitourinary toxicity.

The MR images of a patient who experienced grade 2 acute Gl toxicity were evaluated
(Figure 4.7). It showed that at the 5th SABR fraction, there was high signal change
in the rectal wall which was not seen in the earlier time point. No other patients who
experienced toxicity had any qualitative rectal changes on their MRI including the EBRT
patient who experienced grade 2 Gl toxicity. No qualitative bladder wall changes were

seen.

Figures 4.8 and Figure 4.9 illustrate boxplots of median RF intensity values at each of
the 5 time points (1st, 5th, 10th, 15th, 20th fractions) for the rectum and bladder
(conventional fractionation groups) split into dose threshold groups to visualise changes
in the OAR which may be dose-dependent. The boxplots of the rectum contours show
at timepoint 4 and 5 there was a trend towards a higher radiomic intensity value in the
intermediate dose group vs the low dose group. The SABR group did not have any high

dose regions in the bladder or rectum therefore no boxplots were presented.

On the toxicity plots for the conventional fractionation bladder group, at timepoint 4, the

greatest separation in RF values between toxicity vs no toxicity groups was observed but
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Figure 4.4 Line graph showing the change from fraction 1 in the median (with inter-
quartile range) values of the first order radiomic metrics of the rectum (Mean, 10th
percentile, 90th percentile, Skewness, Entropy and Kurtosis) for the 20-fraction cohort at
each of the 5 time points (1st, 5th, 10th, 15th, 20th fractions) for patients with (blue)
and without (red) gastrointestinal toxicity.

no difference in the mean RF intensity values was seen between the 3 dose groups shown

in Figure 4.9.
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Figure 4.5 Line graph showing the change from fraction 1 in the median (with inter-
quartile range) values of the first order radiomic metrics of the bladder wall (Mean, 10th
percentile, 90th percentile, Skewness, Entropy and Kurtosis) for the SABR cohort at each
of the 5 fractions for patients with (blue) and without (red) genitourinary toxicity.
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Figure 4.6 Line graph showing the change from fraction 1 in the median (with inter-
quartile range) values of the first order radiomic metrics of the rectum (Mean, 10th
percentile, 90th percentile, Energy, Entropy and Kurtosis) for the SABR cohort at each
of the 5 fractions for patients with (blue) and without (red) gastrointestinal toxicity.
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Figure 4.7 Patient 8 treated with SABR who had grade 2 acute Gl toxicity (diarrhoea).
Baseline T2W MRI (A) and MRI at the 5th fraction (B) 12 days later showing high signal
change in the rectal wall (arrow).
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Figure 4.8 Boxplot showing the median and inter-quartile range (25th — 75th centiles)
of the mean RF intensity value at each of the 5 time points (1st, 5th, 10th, 15th, 20th
fractions) for the rectum contour for different dose levels (All, high, intermediate and low)
in the conventional fractionation group.
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Figure 4.9 Boxplot showing the median and inter-quartile range (25th — 75th centiles) of
the mean RF intensity value at each of the 5 time points for the bladder wall for different
dose levels (All, high, intermediate and low) in the conventional fractionation group.
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4.5 Discussion

This exploratory study demonstrates a feasible methodological approach to extracting
longitudinal OAR-derived radiomic data from MR images acquired on a 1.5T
MRI-LINAC. The study also discovers potential interesting trends in RF changes within
the rectum and bladder wall between radiotherapy fractions that could be influenced by
radiation dose/fractionation. In addition, trends in RF changes may be different in
patients experiencing radiation toxicity symptoms; however this observation needs to be

further evaluated in a larger dataset.

In terms of changes in the first-order RFs, the greatest number of statistically significant
changes were seen in the conventional fractionation rectum group with 6 different features
demonstrating significant changes, as early as the 3rd time point (fraction 10). The
other groups (conventional fractionation bladder and SABR rectum and SABR bladder)
all showed a statistically significant change in the 10th percentile RF values by the 5th
time point, meaning the bottom 10% of gray level intensity values within the region of
interest. The trend towards an increasing intensity value may reflect oedema within the
region of interest, either rectum or bladder wall which concurs with visual observations on
the relevant timepoint imaging. Evaluating the MR images of a patient who experienced
grade 2 acute Gl toxicity showed that at the 5th SABR fraction, there was high signal
change in the rectal wall which was not seen at earlier time points highlighting the presence
of rectal wall oedema. This is likely to contribute to the radiomic changes seen in the
rectal wall although these changes are more subtle to visualise in the bladder images given
the thin bladder wall.

Regarding the mean RF changes observed at each time point in the rectum for different
dose thresholds (conventional fractionation), there was also a general trend towards higher
signal intensity values for high and intermediate dose groups compared to the low dose
group at all time points which may be secondary to the degree of rectal wall oedema
secondary to radiation. With the small patient cohort this was however not statistically

evaluated.

To the best of our knowledge, only one other OAR study evaluating RF changes
between radiotherapy treatment fractions has been published. This small case series
reviewed 4 patients treated on an MRI-LINAC with a minimum of 2 imaging time
points. The study found significant variation in mean radiomic values in the bladder wall
adjacent to the prostate, termed the prostatic bladder, after the first week of treatment
and significant variation in the mean values of the rectal wall adjacent to the prostate by

the second week of treatment [10]. Although the evidence remains limited, this provides
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a complimentary message that changes in radiomic profiles between treatment fractions
might reflect underlying biological changes that could be clinically relevant such as for
predicting treatment toxicity. Another study investigated RF changes in the bladder wall
in 33 men with prostate cancer treated with EBRT, at baseline and post-treatment
timepoints, to identify radiomic changes correlated with GU toxicity [11]. This study
reported that in one third of patients experiencing grade 2 or higher GU toxicity,
co-occurrence matrix RFs of the bladder wall (which reflect the spatial distribution of
the gray levels) showed the greatest change between pre- and post-treatment imaging.
Textural features were not included in the current exploratory study which only
evaluated first-order intensity values due to the concern with using the bladder wall

contours that were very narrow and could cause instability within higher order RFs.

A previous study of 24 men with prostate cancer receiving standard fractionation external
beam radiotherapy had MRIs performed at 3 time points (3 days before treatment, halfway
during the radiotherapy course and at the end of the treatment) to assess the bladder and
rectal wall volumes [12]. The main finding was that the bladder wall volume decreased
from pre-treatment to mid-treatment. The rectal wall did not change during treatment.
This study however did not assess the bladder and rectal wall signal changes. Future work
on the current study cohort could look at using fixed time points (e.g. day 1, day 7 and
day 14) which would allow the imaging changes to be more comparable compared to the
current time points which do not match up between SABR and EBRT groups i.e. the
20-fraction treatment occurs over 4 weeks and the SABR/ 5-fraction treatment takes only
10-14 days. This may also partly explain the differences observed in the radiomic profiles
of the rectum between the two groups. The longer duration may allow any post-radiation
inflammatory change to become established, with hyperaemia and oedema affecting the
mucosa due to lymphocytic infiltration, a process that can be seen pathologically [13].
Following radiotherapy, it is widely appreciated that prostatic appearances change on T2W
MRI [14], with glandular atrophy developing over time and loss of normal zonal anatomy
due to the diffuse low T2 signal change in the entire prostate. However, acute MRI changes
in OAR are less well understood [15]. With regards to the bladder, radiation cystitis may
occur in the acute phase (less than 6 months after radiotherapy), with similar oedematous
changes occurring in the bladder wall, or it may occur in the chronic phase (more than
6 months after radiotherapy) where there can be fibrosis, mucosal atrophy, radiation
telangiectasia and in severe cases fistula formation [13]. As imaging is not routinely
obtained within the acute phase, it is unknown when MRI changes may become visible,
and this study adds new information as to the acute physiological changes occurring within

the OAR. T2W MRI sequences can demonstrate variable degrees of increased signal in
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the bladder wall depending on the severity of the bladder injury [16]. Increased mucosal
enhancement may be observed with contrast-enhanced MRI however no functional imaging
was available on the MRI-LINAC at the time of this study and would be a future exploratory
objective. It is speculated that the RFs that change, particularly the mean and energy
features are affected by both changes in vascularity as well as tissue cellularity however
comparing this with dynamic contrast enhanced (DCE) imaging or other MR perfusion
measurements will help to understand this further.

In terms of overall toxicity, the grade 2 or higher toxicity was low for both conventional
fractionation and SABR groups (9-20%). The SABR group had a lower overall Gl toxicity
rate compared to the conventional group (36% vs 80%), although this is mainly grade 1
only. When compared to the current literature, the PACE-B trial [17], a multi-centre phase
3 randomised control trial (RCT), comparing ultra-hypofractionated radiotherapy/SABR,
against conventional hypofractionated radiotherapy found 55% of SABR patients reported
at least one grade 2 or higher acute GU toxicity and 41% of conventional fractionation
patients reported acute GU toxicity based on CTCAE. For Gl toxicity (at least one grade
2 or higher), SABR rate was 35% and conventional fractionation rate was 23%.These
rates of grade 2 or higher toxicity are greater than in the current study, which has a small
sample size from a single-institution and may not be representative of a larger population,
however all patients treated in this study were also treated on an MRI-LINAC which
potentially has advantages in terms of improved organ delineation from better soft tissue

contrast than CT-based approaches.

The MIRAGE trial, a phase 3 RCT comparing MRI-guided vs CT-guided SABR for prostate
cancer reported lower rates of acute GU (24% vs 43%) and Gl toxicity (0% vs 11%)
favouring the MRI arm. These toxicity improvements were attributed to the significantly
reduced planning target volume (PTV) margins which could be achieved due to the ability
of MRI guidance to frequently monitor intra-fraction motion and reduced contouring
uncertainty. In the CHHiP trial [18], the 60 Gy in 20-fraction treatment arm had a higher
rate of acute Gl toxicity however this did not translate to higher late Gl toxicity, therefore
further exploration of this relationship with new hypofractionation schedules is warranted.
Identifying patients at the time of treatment who are most at risk of significant late side-
effects is beneficial as this could provide an earlier opportunity to intervene and mitigate
these symptoms.

The superior soft tissue contrast images available from the MRI-LINAC paired with
longitudinal collection of radiomic information offers the opportunity for a more

innovative way of measuring tissue response during prostate radiotherapy treatments.
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Having a practical method of routinely collecting and analysing this data could help

clinical oncologists to make real-time treatment decisions and potential adaptations.

4.5.1 Limitations

Due to the segmentation approach, a significant proportion of both the rectal wall and
bladder wall was outside the OAR dose field which means using the median radiomic values
for the whole contour may not be optimal given not all the tissue has been exposed to the
same radiation dose. Technical limitations included the use of a 2 mm or 3 mm uniform
contraction of the rectal contour to define the rectal wall as this may still have included
material in the rectum. The bladder thresholding technique may have also still included
surrounding peri-vesical fat or bladder contents. Only first-order RFs were included in this
initial analysis which focuses on the distribution of voxel intensities however other aspects
including second-order features such as shape or texture which may be important features

were not analysed.

As this study was exploratory, with a small patient sample, limited conclusions can be
drawn about the role of longitudinal radiomics in predicting toxicity. This serves as a
hypothesis generating study that can facilitate more extensive data collection with a
longer duration of follow-up to allow for late toxicity information to be collected. The
relationship between radiation dose and OAR tissue response is not well understood, with
no way to account for inter-patient variation in sensitivity to radiation. Future work using
dose-surface mapping may help to identify the OAR regions with higher dose that display
the greatest radiomic feature changes which are associated with toxicity [19]. A similar
radiomics approach could be used on the prostate lesion to predict clinical outcomes such
as tumour control. These results serve as preliminary results and further data collection
and investigation is required. Full analysis will also account for additional radiomic-based

textural features which may give additional information on the tumour microenvironment.

4.6 Conclusions

This exploratory study demonstrates a feasible methodology for collecting longitudinal
radiomic profiles from the bladder and rectum during MRI-LINAC radiotherapy treatments.
Preliminary results illustrate changes in longitudinal radiomic profiles across 5 time points
in both the bladder and rectal wall, differences between patients receiving SABR and
conventional fraction radiotherapy and in patients who experienced acute side-effects.
Further evaluation in larger datasets are needed to confirm the utility of longitudinal

radiomic measurements for toxicity prediction.
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4.8 Supplementary Material

Tables S4.1 to S4.4 are showing the mean and standard deviation (SD) values for each
first order radiomic metric for the bladder wall and rectum at each of the 5 time points
(1st, 5th, 10th, 15th, 20th fractions) for the conventional fractionation EBRT and SABR

cohort.

Table S4.5 summarises the Pearson correlation coefficient values for correlation of volume
to the first-order RFs extracted from the bladder and rectum for both the SABR and

conventional fractionation groups



Table S4.1 Mean and standard deviation (SD) values for each first order radiomic metric for the bladder wall at each of the 5 time
points (1st, 5th, 10th, 15th, 20th fractions) for the conventional fractionation cohort. All statistically significant (p < 0.05) radiomic

feature changes between time points are highlighted in bold and with an asterisk (*).

Radiomic Feature Timepoint
Metric 1 2 3 4 5
Mean Mean 7124 63.29 65.44 70.50 69.36
sSD 44 69 28.39 33.94 42 65 4780
Variance Mean 3332.33 2662 .87 292272 286593 269124
sSD 2609.55 1731.04 223472 2112.00 207295
Maximum Mean 378.50 351.30 35430 352.80 32430
SD 114.80 93.13 7746 93.61 62.34 ,'_.
10t Percentile Mean 11.40 10.20 11.00 12.90 13.00* 9
SD 13.78 9.35 10.03 12.55 13.84 '
90t Percentile Mean 140.50 131.20 136.10 137.70 134 .50
SD 66.32 56.54 61.57 63.47 62.02
Entropy Mean 2658 260 262 263 259
SD 0.56 0.54 057 0.58 0.45
Kurtosis Mean 553 583 522 549 501
SD 271 3.08 2.46 2.85 1.51
Skewness Mean 125 1.38 1.30 122 1.18
SD 0.86 0.60 0.54 0.78 074
Uniformity Mean 0.21 0.21 0.21 0.21 0.21
SD 0.08 0.08 0.09 0.08 0.06




Table S4.2 Mean and standard deviation (SD) values for each first order radiomic metric for the rectum at each of the 5 time points
(1st, 5th, 10th, 15th, 20th fractions) for the conventional fractionation cohort. All statistically significant (p < 0.05) radiomic feature
changes between time points are highlighted in bold and with an asterisk (*).

Radiomic Feature Timepoint
Metric 1 2 3 4 5
Mean Mean 39.59 41.61 44 96 50.70 49.77
SD 14.90 14 .87 15.63 20.91 13.72
Variance Mean 1984 85 121413 133922 1257.98 1904 .05
SD 273222 802.82 672.06 600.40 1822 15
Maximum Mean 303.33 304 .22 338.33 301.44 331.78
SD 128.66 83.64 81.59 7234 87.08 .
10" Percentile Mean 3.56 5.00 7.89° 11.00° 9.78% &
SD 1.81 320 599 9.26 9.35 '
90t Percentile Mean 80.44 83.00 86.02 9522 93.44~
SD 2976 2734 26.66 31.39 2116
Entropy Mean 1.99 2.06 2.14 2.23 2.26
SD 0.48 0.48 0.40 0.44 0.25
Kurtosis Mean 747 785 10.95 6.05 8.41
SD 450 443 728 23F 489
Skewness Mean 1.66 1.54 193 1.21 1.70
50D 0.85 0.67 1.07 0.53 0.92
Uniformity Mean 0.33 0.30 0.29 0.26 0.26
1B 010 0.11 0.08 0.09 0.05




Table S4.3 Mean and standard deviation (SD) values for each first order radiomic metric for the bladder wall at each fraction for the
SABR cohort. All statistically significant (p < 0.05) radiomic feature changes between time points are highlighted in bold and with an
asterisk (*).

Radiomic Feature Timepoint
Metric 1 2 3 4 5
Mean Mean 5343 23.83 9031 a7.16 64 .40
SD 16.41 13.99 21.40 16.50 2353
Variance Mean 2229 47 1981.97 2199.72 2160.64 2633.01
5D 1877 11 1337.67 1483.32 135417 1817.57
Maximum Mean 33536 32017 36142 35500 367 45
SD 111.62 95.81 109 .62 130.34 144 58
10" Percentile Mean 764 8.00 758 9.64" 14 45
5D 465 492 480 550 8.64
90t Percentile Mean 106.49 107 17 11325 11536 122 64
5D 3714 27.M 43 58 32.66 4250
Entropy Mean 242 243 243 250 259
5D 0.45 0.34 0.55 0.40 050
Kurtosis Mean 7.88 6.61 715 6.32 928
5D 5.36 477 3.79 241 724
Skewness Mean 1.62 1.40 1.49 143 1.75
5D 0.83 0.82 0.62 0.47 1.01
Uniformity Mean 024 0.23 024 022 0.21

SD 0.07 0.06 0.09 0.06 0.08
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Table S4.4 Mean and standard deviation (SD) values for each first order radiomic metric for the rectum at each fraction for the SABR
cohort. All statistically significant (p < 0.05) radiomic feature changes between time points are highlighted in bold and with an asterisk

(*)-
Radiomic Feature Timepoint
Metric 1 2 3 4 5
Mean Mean 7428 86.47 89.60 79.36 81.71
5D 23.39 3164 28.85 31.50 34.35
Variance Mean 3997 .03 6306.66 4987 .06 4400 .56 5446 26
sD 215520 6011.05 2071.89 382826 531843
Maximum Mean 41327 461.08 455.08 421.36 41527
5D 121.44 96 42 8212 117.75 109.75 .
10t Percentile Mean 9.64 11.00 15.08" 13.45" 12.91" S
5D 4.30 5.56 914 9.04 754 )
90t Percentile Mean 154 .91 189.25 182.67 165.91 179.64
sD 40.92 87.33 4526 67.14 90.58
Entropy Mean 2.87 3.08 3.1 293 292
5D 0.41 0.45 043 0.50 0.53
Kurtosis Mean 247 5.50 463 498 5.42
5D 3.05 323 1.25 1.71 373
Skewness Mean 1.31 1.38 1.18 1.26 1.35
5D 0.67 0.70 047 0.45 0.78
Uniformity Mean 0.18 0.15 0.15 017 017
5D 0.06 0.05 0.05 0.06 0.07




Table S4.5 Radiomic feature with volume correlation analysis using the Pearson correlation coefficient. A coefficient value between 0.50
to 1 represented strong correlation, between 0.30 to 0.49, moderate correlation and below 0.29, low correlation. Abbreviations: SABR =

Stereotactic ablative radiotherapy.

Radiomic Feature Bladder 20 Fraction Bladder SABR Rectum 20 Fraction Rectum SABR

Mean 0.242958 0.142006 0.309641 0.182328
Median 0.251476 0.143499 0270395 0231127
10th Percentile 0.316392 0.392947 0.343785 0.271461
90th Percentile 0214194 0.205098 0.251396 0.164398
Maximum 0.170349 0.192548 0.359846 0.100174
Entropy 0.240524 0.087257 0.263504 0131732
Kurtosis 0279224 0.338192 0.341097 0171977
Skewness 0.261957 0.316048 0.378007 0.256609
Uniformity 0.250408 0.128087 0213423 0.15595
Variance 0.157033 0.265091 0.354337 0.130763
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Chapter 5
Salvage Reirradiation Options for Locally Recurrent Prostate
Cancer: A Systematic Review

5.1 Abstract

5.1.1 Background

Reirradiation using brachytherapy (BT) and external beam radiation therapy (EBRT)
are salvage strategies with locally radiorecurrent prostate cancer. This systematic review
describes the oncologic and toxicity outcomes for salvage BT and EBRT (including
Stereotactic Body Radiation Therapy (SBRT)).

5.1.2 Methods

An International Prospective Register of Systematic Reviews (PROSPERO) registered
(211875) study was conducted using Preferred Reporting Items for Systematic reviews and
Meta-analyses (PRISMA) guidelines. EMBASE and MEDLINE databases were searched
from inception to December 2020. For BT, both low dose rate (LDR) and high dose rate
(HDR) BT techniques were included. Two authors independently assessed study quality
using the 18-item Modified Delphi technique.

5.1.3 Results

A total of 39 eligible studies comprising 1967 patients were included (28 BT and 11
SBRT). In 35 studies (90%), the design was single centre and/or retrospective and no
randomised prospective studies were found. Twelve BT studies used LDR only, 11 HDR
only, 4 LDR or HDR and 1 pulsed-dose rate only. All EBRT studies used SBRT exclusively,
four with Cyberknife alone and 7 using both Cyberknife and conventional linear accelerator
treatments.

Median (range) modified Delphi quality score was 15 (6-18). Median (range) follow-up
was 47.5 months (13-108) (BT) and 25.4 months (21-44) (SBRT). For the LDR-BT
studies, the median (range) 2-year and 5-year bRFS rates were 71% (48-89.5) and 52.5%
(20-79). For the HDR-BT studies, the median (range) 2-year and 5-year bRFS rates
were 74% (63-89) and 51% (45-65). For the SBRT studies, the median (range) 2-year
bRFS for the SBRT group was 54.9% (40-80). Mean (range) acute and late grade 3 GU
toxicity rates for LDR-BT/ HDR-BT/ SBRT were 7.4%(0-14)/ 2%(0-14)/ 2.7%(0-8.7)
and 13.6%(0-30)/ 7.9%(0-21.3%)/ 2.7%(0-8%). Mean (range) acute and late grade 3
Gl toxicity rates for LDR-BT/ HDR-BT/ SBRT were 6.5%(0-19)/ 0%/ 0.5%(0-4%) and
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6.4%(0-20)/ 0.1%(0-0.9)/ 0.2%(0-1.5). One third of studies included Patient Reported
Outcome Measures (PROMs).

5.1.4 Conclusion

Salvage reirradiation of radiorecurrent prostate cancer using HDR-BT or SBRT provides
similar biochemical control and acceptable late toxicity. Salvage LDR-BT is associated
with higher late GU/GI toxicity. Challenges exist in comparing BT and SBRT from
inconsistencies in reporting with missing data, and prospective randomised trials are

needed.
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5.2 Introduction

Prostate cancer is the most common male cancer accounting for over 1.2 million new
cases per year with >350,000 deaths (3.8% of all male cancer deaths) [1]. Radiation
therapy (RT) is a curative treatment option for localised prostate cancer and can be
offered to patients from all risk groups [2]. Despite advances in diagnostic imaging,
RT delivery techniques and dose-escalated radiation, biochemical progression remains
common and occurs in 28-57% of patients with localised disease [3-5]. A recent study
of over 16,000 men with prostate cancer who received radiotherapy reported 15-year
biochemical recurrence (BCR) rates of 18%, 24% and 36% for low, intermediate and
high-risk groups with a median follow-up of 89 months [6].

Multiple salvage options are available for locally recurrent non-metastatic disease
including prostatectomy, reirradiation (with brachytherapy (BT) or external beam
radiotherapy (EBRT)) and other focal therapies such as high-intensity focused
ultrasound (HIFU) and cryotherapy. However, there is limited evidence to support the
effectiveness of salvage therapies with concerns regarding the potential for significant
toxicity that may impact the long-term quality of life of patients. Due to uncertainty
regarding benefits and risks of harm only 15-20% of patients with locally recurrent
prostate cancer undergo salvage therapy according to the Cancer of the Prostate
Strategic Urologic Research Endeavor (CaPSURE) registry [7].

BT has been preferred for reirradiation as it offers delivery of highly conformal high dose
radiation with a steep dose gradient and rapid fall off which minimises dose to surrounding
organs at risk [8]. Disadvantages of BT include its invasive nature and the need for a
specialist multi-disciplinary team not available in all radiation centres. Previously, EBRT
techniques have been associated with high rates of severe late toxicities and poor local
control [8]. Stereotactic body radiation therapy (SBRT) involves delivery of a high dose
of external beam radiation to a highly conformal target volume with a steep dose gradient
in a small number of fractions and is now under investigation for locally recurrent prostate
cancer. Advantages of this approach are that it is non-invasive and has the potential to

be delivered in more radiation centres than BT [10].

This systematic review collates the most up-to-date evidence for reirradiation of locally
recurrent prostate cancer. Two previous systematic reviews which compared all salvage
therapies found higher biochemical control rates for BT and EBRT compared to surgical
and other non-surgical local therapies (high intensity focused ultrasound (HIFU) and
cryotherapy) along with potentially lower genitourinary (GU) toxicity [11,12]. The
justification for this systematic review is that the identification of the reirradiation

modality that offers optimum prostate cancer control and minimal toxicity is important
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to enable patients to make informed decisions and potentially improve outcomes in
patients with radiorecurrent prostate cancer. In addition, the evidence base for salvage
BT and SBRT continues to expand with a number of new publications in the past 1-2

years.

5.3 Materials and Methods

An International Prospective Register of Systematic Reviews registered (211875)

systematic review was conducted.

5.3.1 Study Design

The study followed the Preferred Reporting Items for Systematic Reviews and Meta-
analysis (PRISMA) guidelines [13].

Studies were identified by searching the Cochrane libraryy, EMBASE and MEDLINE

electronic databases from inception to 14th December 2020.

The search strategy is documented in Supplementary Material and the combination of
subject headings and keywords included: ‘recurrent or radiorecurrent prostate cancer’,
‘reirradiation’ or ‘re-irradiation’, ‘salvage radiotherapy’, ‘brachytherapy’, ‘external beam
radiotherapy’, ‘stereotactic body radiation therapy’, ‘stereotactic ablative radiotherapy’,

‘radiosurgery’.

5.3.2 Data Extraction

Two authors (JZ and FS) independently reviewed the abstracts and assessed the quality
of each study using an 18-item Modified Delphi technique, which has been previously
validated for case series [14]. Discordance between reviewers were resolved following
arbitration by a third reviewer (AH).

5.3.3 Data Selection

Eligible studies included patients treated with primary EBRT, BT or combination
EBRT/BT and salvage therapy for local recurrence with either EBRT or BT. For BT
techniques, studies of high-dose rate brachytherapy (HDR-BT), low-dose rate
brachytherapy (LDR-BT) and pulse-dose rate brachytherapy (PDR-BT) were included.
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Studies that predominantly included patients who had primary treatment with radical
prostatectomy, cryotherapy or HIFU were not included in this review as the focus was to

collate and present the most up-to-date evidence concerning reirradiation specifically.

Studies with fewer than 20 patients were excluded, along with editorials, letters, abstracts,
case reports, conference proceedings and studies not written in English. Where studies had
evaluated the same patient cohort as another publication, only the most recent publication

was used for analysis unless distinct treatment outcomes or toxicity were described.

5.3.4 Extracted variables

Extracted data included the first author and country in which the study took place,
study type (prospective or retrospective), single/ multi-centre status, number of patients,
primary disease characteristics, primary treatment modalities, interval between original
treatment and salvage treatment, patient age at salvage, pre-salvage prostate specific
antigen (PSA), diagnostic imaging prior to salvage treatment, histological confirmation
of local recurrence and percentage of biopsy-proven recurrences in study cohort, whole-
gland salvage treatment versus focal salvage treatment, type of salvage radiotherapy
(HDR-BT, LDR-BT, PDR-BT or EBRT), salvage dose fractionation schedule, percent of
patients who received androgen deprivation therapy (ADT) with their salvage treatment,
duration of follow up post salvage therapy, treatment outcomes (biochemical control (BC),
biochemical recurrence free survival (bRFS), metastasis free survival (MFS), relapse free
survival (RFS), cancer specific survival (CSS), overall survival (OS)) and grade 1-4 GU
and gastrointestinal (Gl) toxicity as classified by the Common Terminology Criteria for
Adverse Events (CTCAE) [14] or Radiation Therapy Oncology Group (RTOG) score [16].
Use of any patient recorded outcome measure (PROM) in the study was also collated
including the type of tool used. Median (range) values calculated for all collected variables
except toxicity rates where mean (range) used to account for the studies which report no

toxicity.

5.4 Results

From the initial identification of 2744 articles, a total of 39 studies were included in the
final analysis. A PRISMA flowchart of the systematic review is presented in Figure 5.1.

The last electronic literature search was performed on 14th December 2020.

The quality assessment tool (modified Delphi 18-item checklist) scores are shown in Table
5.1. The median modified Delphi score was 15 out of 18 (83.3%) (range 6-18).
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Records identified through
database searching
(n= 2744)

Additional records identified
through other sources
(n=10)

Records after duplicates removed

(n=2197)

Y

Records screened

(n=2197)
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Full-text articles assessed
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(n=1962)

for eligibility
(n=235)

v

Studies included in
quantitative synthesis
(n=39)
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Full-text articles excluded,
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- Incorrect topic (n = 486)
- Review articles (n = 40)
- Commentaries/Editorials
(n=12)
-Conference Abstract
(n=77)
- Not published in English
(n=1)

Figure 5.1 PRISMA flow chart of literature search..




Table 5.1 Summary findings from the Modified Delphi checklist for quality assessment applied to all included studies (n=39)

Criterion

Study Objective

1. Is the hypothesis/aim/objective of the study clearly stated in the abstract, introduction, or methods section?

Study population

2. Are the characteristics of the participants included in the study described?

3. Were the cases collected in more than 1 Centre?

4. Are the eligibility criteria (inclusion and exclusion criteria) to entry the study explicit and appropriate?
5. Were the participants recruited consecutively?

6. Did participants enter the study at a similar point in the disease?

Intervention and co-intervention

7. Was the intervention clearly described in the study?

8. Were additional interventions (co-interventions) clearly reported in the study?

Outcome measures

9. Are the outcome measures clearly defined in the introduction or methods section?

10. Were relevant outcomes appropriately measured with objective/or subjective methods?
11. Were outcomes measured before and after intervention?

Statistical analysis

12. Were the statistical tests used to assess the relevant outcomes appropriate?

Results and conclusions

13. Was the length of follow-up reported?

14. Was the loss of follow-up reported?

15. Does the study provide estimates of the random variability in the data analysis of relevant outcomes?
16. Are adverse events reported?

17. Are the conclusions of the study supported by results?

Competing interest and source of support

18. Are both competing interest and source of support for the study reported?

Median Modified Delphi score = 15 out of 18 (83.3%) (range 6-18)

Yes

38 (97.4)

39 (100)
8(20.5)
33 (84.6)
26 (66.7)
35 (89.7)

37 (94.9)
35 (89.7)

38 (97.4)
38 (97.4)
35 (89.7)

38 (97.4)

38 (97.4)
23 (59.0)
15 (38.5)
38 (97.4)
38 (97.4)

23 (59.0)

Studies, n (%)

No

1(2.6)

0(0)
31 (79.5)
6 (15.4)
13 (33.3)
4 (10.3)

2(5.1)
4(10.3)

- 8P -

1(2.6)
1(2.6)
4 (10.3)

1(2.6)
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5.4.1 Treatment Details

A summary of patient, disease and treatment characteristics at the time of primary
treatment and salvage treatments for BT and EBRT studies is shown in Table 5.2, Table
5.3, Table 5.4 and Table 5.5 respectively. Salvage treatment characteristics for BT and
EBRT are shown in Table 5.6 (Part A)/ Table 5.7 (Part B) and Table 5.8 respectively.

Twenty-eight BT studies were included with a total of 1484 patients treated: 22 were
retrospective and 6 were prospective. Four were multi-centre and 24 were single centre.
Twelve BT studies used LDR only [16,17,26,27,18-25], 11 used HDR only
[28,29,38,39,30-37], 4 used LDR or HDR [40-43] and 1 used PDR only [44]. Twenty
four studies used whole gland salvage treatments and 4 studies used focal salvage
treatments [16,32,34,36]. The number of HDR-BT fractions ranged from 1 to 4
(median of 3 fractions) and the inter-fraction time interval ranged from 4 hours to 3

weeks. The median overall salvage treatment time was 21 days (range 1 to 63 days).

All EBRT studies (n=11) used an SBRT technique with a total of 483 patients treated. Of
these studies [9,45,54,46-53], 9 were retrospective and 2 were prospective [46,54]. Two
were multi-centre and 9 were single centre. Four studies used Cyberknife delivery only
and 7 studies included patients treated with Cyberknife or conventional linear accelerator
SBRT techniques. Four studies used whole gland salvage only, 4 focal salvage only, 2
included both whole gland and focal treatments and one did not specify. Of the 11 studies,
8 were published between 2019 and 2020. The median total radiation dose prescribed was
34 Gy (range 34-38 Gy), over a median of 5 fractions (range 3-7). The median overall
treatment time was 6 days (range 3-14 days).

The median number (range) of included patients for individual BT and SBRT studies was
44 (21-115) and 42 (23-100) respectively. The median age (range) at salvage treatment
was 70 years (59-76) for BT studies and 74 years (64-78) for SBRT studies. The median
PSA at primary treatment for the BT and SBRT studies were 10.9 ng/mL (range 7.4-26.4)
and 10.3 ng/mL (range 8.7-13.0) respectively. The median PSA at salvage treatment for
the BT and SBRT studies were 4.7 ng/mL (range 2.8-11.4) and 3.1 ng/mL (range 2.5-
4.1) respectively. The median time from primary treatment to salvage therapy for the
BT and SBRT studies were 67 months (range 30-101 months) and 86.5 months (range
60-100 months) respectively.



Table 5.2 Primary disease and treatment characteristics for brachytherapy studies. Key: BT=brachytherapy, HDR=high dose rate,
LDR=low dose rate, R=retrospective, P=prospective, Pts=patients, n=number, PSA=prostate specific antigen, NR=not recorded,
GS=Gleason score, EBRT=external beam radiotherapy, PBT=proton beam treatment, RP=radical prostatectomy. For PSA, ISUP and
GS, the median scores are presented. *Yamada (USA) study cohort included in further publication Kollmeier (USA) however specific
treatment characteristics and toxicity were not covered in later paper. )

First author Year Salvage BT Design Pts PSA (ng/mL) ISUP GS % GS % GS T % T stage % T stage Risk Class Primary treatment
(country) type (n) (range) (<7) (=8) stage (<T2a) (=T2b)
B Lee (USA) 2007 HDR R 21 NR 1 6 100 0 T2c 48 52 NR EBRT, BT, protonTx
Lyczek (Poland) 2009 HDR R 115 13 (2.34-64.5) NR NR NR NR T2 58 42 NR RP+EBRT, EBRT, BT,
EBRT+BT

Chen (USA) 2013 HDR R 52 9.3 (1.2-568) 1 6 87 13 T2 NR NR NR EBRT, ET, EBRT+ET, PET
Kukielka (Poland) 2014 HDR R 25 16.3 (6.37-64) 1 <6 88 4 T2c 48 52 Intermediate  ~ EBRT
*Yamada (USA) 2014 HDR P 42 NR NR NR NR NR NR NR NR NR EBRT
Jiang (Germany) 2016 HDR R 29 NR NR NR NR NR NR NR NR High EBRT, EBRT+BT
Lacy (USA) 2016 HDR R 21 NR NR NR NR NR NR NR NR Low BT, EBRT+BT
Woijcieszek (Poland) 2016 HDR R 83 13.7 1 6 80 4 T2 NR NR Intermediate EBRT, EBRT+BT
Lopez (Spain) 2019 HOR R 75 8.9 (3.5-42.1) 1 6 75 20 NR NR NR Intermediate  EBRT, BT

2019 LDR R 44 14.2 (3.2-167) 1 6 87 1 NR NR NR Intermediate ~ EBRT
Chitmanee (UK} 2020 HDR P 50 <10 (46%) 2/3 7 90 10 T2 72 28 Intermediate EBRT, BT
Slevin (UK) 2020 HDR R 43 10.5 (3.4-178) 1 6 90 10 T2 73% 27% Intermediate EBRT, BT
van Son 2020 HDOR P 50 13 (2.1-140) 1 6 82 12 T2a 72 28 NR EBRT, BT
(Netherlands)
Koallmeier (USA) 2017 HDR/LDR R 98 <10 (74%) 2 7 92 8 T2b 68 32 NR EBRT, BT, EBRT+BT
Baumann (USA) 2017 HDR/LDR R 33 8.4 (3.8-68.7) NR 7 79 21 T2 55 45 High EBRT
Henriguez (Spain) 2014 HDR/LDR R 56 10.7 (4-121) 1 6 95 5 T2 87 13 Intermediate  EBRT, BT
Grado (USA) 1999 LDR R 49 26.4 (2.3-95.8) NR 7to NR NR T2b NR NR NR EBRT, BT, RP

10
Koutrouvelis (USA) 2003 LDR R 31 <10 (32%) NR 6 77 23 T2b/ 32% 68% NR BT
T3a
Nguyen (USA) 2007 LDR P 25 7.4 (4.2-18.4) 1 6 100 0 Tic NR NR NR EBRT, EBRT+BT
HK Lee (USA) 2008 LDR R 21 NR NR NR NR NR NR NR NR NR EBRT
Aaronson (USA) 2009 LDR R 24 99(3.2-69) 3 7 71 12 Tic NR NR NR EBRT
Burri (USA) 2010 LDR R 37 10.9 (4.4-81) NR 6 73 1 NR 19 16 Intermediate ~ EBRT, BT
Moman 2010 LDR R 31 24.3 NR F i 84 6.5 T2 NR NR NR EBRT, BT
(Netherlands)
Peters (Netherlands) 2014 LDR R 20 12.9 (5.4-51) 1 6 Q0 10 T3 NR NR High EBRT, BT
Vargas (USA) 2014 LDR R 69 <10 (62%) 1 6 80.3 19.7 T2 NR NR NR EBRT
Peters (Netherlands) 2016 LDR R 62 16.6 (2.6-66.9) 2/3 7 95 5 T2 66 34 NR EBRT, BT
Crook (Canada) 2019 LDR P 92 NR NR 7 100 0 NR NR NR low/ EBRT
intermediate

Smith (USA) 2020 LDR P 108 9.15(1.7-116) 1 6 54 10 T2 67 5 Intermediate  EBRT
Schonle (Germany) 2020 PDR R 82 9(0.9-170) 2/3 7 74 1 NR NR NR Intermediate  EBRT, BT, RP
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Table 5.3 Pre-salvage therapy disease and treatment characteristics for brachytherapy studies. Key: BT=brachytherapy, HDR=high
dose rate, LDR=low dose rate, PSA=prostate specific antigen, NR=not recorded, GS=Gleason score, TRS = median time from
primary treatment to salvage therapy, mo=months, BCR=biochemical recurrence, ASTRO=American Society for Radiation Oncology,
MRI = magnetic resonance imaging, NS=bone scan, CT=computed tomography, US=ultrasound, C-PET=Choline positron emission

tomography, PSMA = prostate specific membrane antigen.

For TRS, age, PSA, ISUP and GS, the median scores are presented.

*Yamada (USA) study cohort included in further publication Kollmeier (USA) however specific treatment characteristics and toxicity were
not covered in later paper.

First author (country)

B Lee (USA)
Lyczek (Poland)
Chen (USA)
Kukielka (Poland)
*Yamada (USA)
Jiang (Germany)
Lacy (USA)
Wojcieszek (Poland)
Lopez (Spain)

Chitmanee (UK)
Slevin (UK)

van Son (Netherlands)
Kollmeier (USA)
Baumann (USA)
Henriguez (Spain)
Grado (USA)
Koutrouvelis (USA)
Nguyen (USA)

HK Lee (USA)
Aaronson (USA)
Burri (USA)

Moman (Netherlands)
Peters (Netherlands)
Vargas (USA)

Peters (Netherlands)
Crook (Canada)
Smith (USA)

Schonle (Germany)

Year

2007
2009
2013
2014
2014
2016
2016
2016
2019

2019

2020
2020
2020
2017
2017
2014
1999
2003
2007
2008
2009
2010
2010
2014
2014
2016
2019
2020
2020

Salvage BT type TRS (mo)(range)

HDR
HDR
HDR
HDR
HDR
HDR
HDR
HDR
HDR

LDR

HDR
HDR
HDR
HDR/LDR
HDR/LDR
HDR/LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
LDR
FDOR

63.6 (24-125)

49.5
51.6 (10.8-135.6
NR
73
NR
45 (4-287)

67 (22-124)

> 30

> 30

< 5 years
70
101 (25-228)
72 (12-172)
56.1 (18-118)
NR
NR
30
62.4 (30-153)
85 (+30.1)
49 (26-109)
62 (26-171)
60
79 (42-144)
90
67 (£32)
85 (39-199)
70 (10-235)
87.5 (19-255)

BCR definition Age (years)(range) PSA (ng/mL)(range)

NR

NR

Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

NR

ASTRO/ Phoenix

ASTRO/ Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

2 PSA rises>nadir
nPSA+1.5
ASTRO

Phoenix

Phoenix

Phoenix
ASTRO/ Phoenix
Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

Phoenix

68 (58-81)
70 (52-82)
67.5 (53.9-81.4)
71 (62-83)
72
755 (+5.8)
59 (44-72)
70 (57-81)
62.1 (4-75)

60.4 (47-71)

70 (57-82)
70 (62-81)
71 (59-83)

73.5 (56-88)
75 (57-85)
65 (60-80)
73.3 (52.9-86.9)
65 (51-79)
65
72 (£4.8)
66 (54-88)
70.2 (51-79)
69.3
69 (569-78)
72.5 (55-88)
89 (+5.3)
70 (55-82)
70 (51-87)
69.9 (51-83)

59 (1.4-9.5)
NR
5(0.4-26.3)
2.8(104-25.3)
354
4.05 (2.1-18.6)
6.3 (1-19.1)
3.1(0.1-19.9)
4.1 (15-167)

3.6 (1.02-11)

<10 (94%)
3.1(1.1-7.5)
5(0.9-39)
3.7 (0-59)
5 (2-26)
3.7 (1.1-30)
5.6 (1.5-79.1)
NR
55(1.4-116)
38
3.41 (0.3-10)
5.6 (1.7-35)
11.4
4.7 (0.3-14)
NR
8.6(0.1-92.6)
4.1(04-9.7)
5.3(0.1-38.4)
5.07 (0.28-51)

ISUP

NR
1
NR
2/3
NR
NR
NR
NR
NR

2/3

2/3
2
2
2

NR

2/3

NR

NR

NR

NR

NR

NR

NR

NR

NR

NR

NR
3

2/3

GS

=~

NR
NR

8to 10

% GS (=7)

52
7
48
60
67
NR
NR
46
48

59

54
70
74
61
55
41
NR
NR
NR
NR
NR
65
70.1
65
732
NR
NR
65
59

% GS (28)

38
12
52
20
33
NR
MR
7
44

9

36
30
20
39
36
14
NR
NR
NR
NR
NR
32
12.9
35
26.8
NR
NR
32
24

Imaging for relapse

MRI

NR

cT

MRI

MRI, BS
C-PET

CT, BS
MRI, BS
CT, MR,
C-PET

CT, MR,
C-PET

MRI, C-PET
MRI, PET
PSMA-PET, MRI
CT, MRI, BS
CT, MRI, BS
MRI

cT

NR

MRI

NR

MRI

CcT

NR

MRI, CT/BS, C-PET
CT, BS

MRI, PET, BS
MRI

MRI

MRI

Biopsy

Yes (100%)
No

Yes (100%)
Yes (100%)
Yes (100%)
No

Yes (14%)
Yes (100%)
Yes (100%)

Yes (100%)

Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
Yes (100%)
NR
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Table 5.4 Primary disease and treatment characteristics for EBRT studies. Key: BT=brachytherapy, HDR=high dose rate, LDR=Ilow
dose rate, R=retrospective, P=prospective, Pts=patients, n=number, PSA=prostate specific antigen, NR=not recorded, GS=Gleason
score, EBRT=external beam radiotherapy, PBT=proton beam treatment, RP=radical prostatectomy. For PSA, ISUP and GS, the median

scores are presented.

First author/ country  Year

Leroy (France) 2017
Fuller (USA) 2020
Jereczek-Fossa (italy) 2018
Loi (italy) 2018
D'Agostino (Italy) 2019
Pasquier (France) 2019
Scher (France) 2019
Cuccia (ltaly) 2020
Matrone (Italy) 2020
Caroli (italy) 2020
Bergamin (Australia) 2020

Design

VDD IDIDVDIODNDNIDIDTUVTID

Pts (n) PSA (range) (ng/mL) ISUP
23 10.38 (2.34-57) 2/3
50 NR NR
64 11.4 (0.5-228.5) 2/3
50 10 (3.1-160) NR
23 NR NR
100 10.2 (2.3-120) 1
42 10.1 (3-120) 2/3
24 NR 3
44 8.7 (2.6-46) 2/3
38 NR 2
25 13 (4.1-97) 2

GS % GS (<7)

7 82.5
NR NR
7 NR
NR 70
NR NR
6 a3
7 82
7 79
7a NR
7 100
4 72

% GS (28) T stage

4.3
NR
NR
30
NR
7
18
21
NR
0
28

T2
NR
NR
NR
NR
NR
NR
NR
NR
T3
T2a

% T stage (<T2a)

65.2
NR
NR
NR
NR
NR
NR
NR
NR

421
80

30.4
NR
NR
NR
NR
NR
NR
NR
NR

57.9
20

% T stage (>T2b) Risk Class Primary treatment

NR EBRT, BT

NR EBRT, BT, RP
NR EBRT, BT

High EBRT, RP+EBRT

Intermediate RP+EBRT, EBRT

Intermediate EBRT
Intermediate EBRT

Intermediate  EBRT,

High EBRT
NR EBRT

Intermediate  EBRT,

, RP+EBRT
BT

, RP+EBRT
BT

Table 5.5 Pre-salvage therapy disease and treatment characteristics for EBRT studies. Key: BT=brachytherapy, HDR=high dose rate,
LDR=Ilow dose rate, PSA=prostate specific antigen, NR=not recorded, GS=Gleason score, TRS = median time from primary treatment
to salvage therapy, mo=months, BCR=biochemical recurrence, ASTRO=American Society for Radiation Oncology, MRl = magnetic
resonance imaging, NS=bone scan, CT=computed tomography, US=ultrasound, C-PET=Choline positron emission tomography, PSMA
= prostate specific membrane antigen. For TRS, age, PSA, ISUP and GS, the median scores are presented.

First author/ country  Year

Leroy (France) 2017
Fuller (USA) 2020
Jereczek-Fossa (ltaly) 2018
Loi (Italy) 2018
D'Agostino (ltaly) 2019
Pasquier (France) 2019
Scher (France) 2019
Cuccia (ltaly) 2020
Matrone (Italy) 2020
Caroli (taly) 2020

Bergamin (Australia) 2020

Design

TIXVXNVIDVDDIDILVIODIDTOVTDO

TRS (mo)(range)

65 (28-150)
98 (31-241)
99.7 (23-208)
76 (9-205)
90 (26-138)
90 (24-216)
82.5 (29-207)
69 (29-141)
60 (16.9-615.5)
NR
99.6 (54-163.2)

BCR definition

Phoenix
Phoenix
Phoenix
Phoenix
NR
Phoenix
Phoenix
Phoenix
Phoenix
Phoenix
Phoenix

Age (years)(range)

70 (58-82)
74 (50-89)
73.2 (52.6-81.
76 (62-86)
78 (69-85)
71.2 (56-86)
64 (49-77)
75 (65-89)
76 (56-89)
75 (71-80)
72 (62-83)

7)

PSA (ng/mL)(range)

2.5 (0-11.7)
3.97 (0.1-48.2)
3.89 (0.17-51.8)

2.6 (1-30)
3.2 (1.2-13.5)
4.3 (2.0-38.3)
3.1 (0.01-23.7)
1.79 (0.18-10)

2.6 (2-7.68)
1.1 (0.82-2.59)
4.1 (1.1-16.6)

ISUP  GS
NR  NR
3 7
o8 7
NR  NR
NR NR
3 7
NR NR
NR NR
1 6
NR  NR
NR NR

% GS (g7)

NR
64
NR
NR
NR
66
NR
NR
NR
NR
NR

% GS (28)

NR
36
NR
NR
NR
34
NR
NR
NR
NR
NR

Imaging for relapse

C-PET, MRI
MRI
C-PET, MRI, CT
C-PET, MRI
C-PET
C-PET, MRI
C-PET, MRI
C-PET/ PSMA-PET, MRI
MRI, C-PET
PSMA-PET
PSMA-PET

Biopsy

Yes (83%)
Yes (100%)
Yes (44%)
NR

No

Yes (100%)
Yes (80%)
No

Yes (11%)
NR

Yes (100%)

- ¢Sl -



Table 5.6 Salvage therapy details for BT studies Part A. Key: BT=brachytherapy, HDR=high dose rate, LDR=low dose rate, 125-
|I=lodine-125, 103-Pd=Palladium-103, Ir-192=Iridium-192, Gy=Gray, ADT=androgen deprivation therapy, mo=months, BC=biochemical
control, bRFS=biochemical recurrence free survival, mFS=metastasis free survival, RFS=relapse free survival, CSS=cancer specific
survival, OS=overall survival. Yamada (USA) study cohort included in further publication Kollmeier (USA) however specific treatment

characteristics and toxicity were not covered in later paper.

First author

Year Single-centre (1)or Patients BT Technique Radiation Focal or
(country) Muiti-centre (2) (n) Source Whole-
gland
B Lee (USA) 2007 1 21 HDR Ir-192 Whole
Lyczek (Poland) 2009 1 115 HDR Ir-192 Whole
Chen (USA) 2013 1 52 HDR Ir-192 Whole
Kukielka (Poland) 2014 1 25 HDR with Ir-192 Whole
interstitial
hyperthermia

*Yamada (USA) 2014 1 42 HDR Ir-192 Whole
Jiang (Germany) 2016 1 29 HDR Ir-192 Whole
Lacy (USA) 2016 1 21 HDR Ir-192 Whole
Wojcieszek 2016 1 83 HDR Ir-192 Whole
(Poland)
Lopez (Spain) 2019 2 75 HDR Ir-192 Whole

44 LDR NR Whole
Chitmanee (UK) 2020 1 50 HDR Ir-192 Focal
Slevin (UK) 2020 1 43 HDR Ir-192 Focal
van Son 2020 1 50 HDR (MRI Ir-192 Ultra-focal
(Netherlands) Guided ultra-

focal)

Dose (total dose (Gy)/ dose per
fraction/ number of fractions)

36/6/6
30/10/3
36/6/6
37924
32/8/4
30/10/3
108-144 Gy
30/10/3

32/7-10/2-4
145 Gy

1% 19 Gy
1x19 Gy
1% 19 Gy

treatment

7 days
9 weeks

10 days

63 days

30 hours
3 weeks

28-30 days

Duration of  Adjuvant

ADT

No
NR

NR

Yes (12%)

Yes (43%)
Yes
(34.5%)
Yes
(14.3%)
Yes (53%)

Yes (45%)
Yes
(532%)
Yes (8%)
Yes (74%)
Yes (12%)

Follow-up BC (%) Oncologic outcomes

(mo) (range)
187 20.8 2-yr bRFS 89%
NR 46 (PSA<6)  OS 86% (PSA<E) vs 48%
vs 18 (PSA>6) !
(PSAS6) —
59.6 (5.9- 56.7 5-yr bRFS 51%, 5+yr OS 92% o1
154.7) w
13 (4-48) NR 2-yr bRFS 74% '
36 (2-66) 68.5 6-yr OS 90.3%
73 (61-140) 45 5-yr bRFS 45%, 54yt 0S 95.5%
61 (10-149) 4786 NR
41 (11-76) 67 5-yr CSS 87%
52 67.5 5-yr bRFS 65%
52 68 5-yr bRFS 79%
21(1-53) 46 2-yr bRFS 63%, 3-yr bRFS 46%
26 (1-60) 79 3-yr bRFS 41.8%
31(13-58) 48 2.5 yr bRFS 51%, MFS 75%, OS

98%



Table 5.7 Salvage therapy details for BT studies Part B. Key: BT=brachytherapy, HDR=high dose rate, LDR=low dose rate, 125-
|I=lodine-125, 103-Pd=Palladium-103, Ir-192=Iridium-192, Gy=Gray, ADT=androgen deprivation therapy, mo=months, BC=biochemical
control, bRFS=biochemical recurrence free survival, mFS=metastasis free survival, RFS=relapse free survival, CSS=cancer specific
survival, OS=overall survival. Yamada (USA) study cohort included in further publication Kollmeier (USA) however specific treatment
characteristics and toxicity were not covered in later paper.

First author
(country)

Kolimeler (USA)

Baumann (USA)

Henriquez (Spain)
Grado (USA)
Koutrouvelis (USA)

Nguyen (USA)
HK Lee [USA)
Aaronson (USA)

Burri (USA)

Moman
(Netherlands)
Peters
(Netherlands)
Vargas (USA)
Peters
(Netherlands)
Crook (Canada)

Smith (USA)

Schonle (Germany)

Year Single-centre (1jor Patients

2017

2017

2014
1999
2003
2007
2008
2009
2010
2010
2014

2014
2016

2019
2020
2020

(n)

37
61
33

56
49
31
25
21
24
37
31
20

69
62

92
108
82

BT Technique

HDR

HDR/LDR

HDOR/LDR

LDR
LDR

LDR
LDR

LDR

LDR

LDR

LDR (Whole
Gland)

LDR

LDR

Radiation
Source

125-1 (8%) or
103-Pd (92%)
Ir-192

103-Pd (LDR)
and Ir-192
(HDR)
Ir-192/ 125-1

125-1 (76%) or
103-Pd (24%)
125-1 (77%) or
103-Pd (23%)
1251
103-Pd
125-1 or 103-Pd

103-Pd (97%) or
125-1 (4%)
1251

1251

1251
1251

125-1 (92%) or
103-Pd (8%)
125-1 (19%) or

103-Pd (99%)

Ir-182

Focal or
Whole-
gland

Whole
Whole

Whole

Whole
Whole
Whole
Whole
Whole
Whole
Whole
Whole

Focal

Whole
Whole

Whole
Whole

Whole

Dose (total dose (Gy)/ dose per Duration of
fraction/ number of fractions) treatment
125-144 Gy -
32/8/4(n=58),28/7 /4 n=1) 30 hours
and 22 /11/2(n=1)
LDR (90-100 Gy) or HDR (30/6/5) NR
HDR: 50.5/ 5.25 / 1-4, LDR: 145 Gy NR
80-180 Gy -
100-144 Gy ~
137 Gy =
90 Gy -
146 Gy -
110-135 Gy -
145 Gy -
144 Gy -

100 Gy =
145 Gy -

120-140 Gy -
100 Gy -

60/30/2 4 weeks

Adjuvant
ADT
Yes (46%)
Yes (44%)

Yes
(100%)

Yes
(26.8%)
Yes (16%)
No
No
Yes (57%)
Yes (29%)
Yes (84%)
MNA
NR

Yes (90%)
Yes (34%)

NR
Yes

(93.5%)
Yes (43.9)

Follow-up
(mo) (range)

31 (2-97)

61 (7-150)

48 (25-109)
41.7 (218-
185.2)
30 (12-84)
47 (14-75)
36
30 (13-65)
86 (2-156)
108
36 (10-45)

60 (7-164)
78 (5-139)

54
75 (1-228)

49 (12-129)

BC (%)

&7

NR
34
87
72

875

s

68.6
NR

NR
NR

656

Oncologic outcomes

3-yr bRFS 60.2%. 3-yr mFS
78.7%

7-yr RFS 67%

1
—
5-yr bRFS 77%, S-yr OS 70% ol
B

1

3-yr bRFS 48%, 5-yr bRFS 34%.
LC 98%

3-yr bRFS 83.9%,

5-yr bRFS 41.9%

4-yr bRFS 70%

5-yr bRFS 38%, 54y 0S 81%
3-yr bRFS 89.5% 3-year CS8
96%

5-yr bRFS 65%, 5-yr CSS 94%,
5-yr OS 96%

1-yr bRFS 51%, 5-yr bRFS 20%,
5-yr CSS 74%, 5-yr OS 72%
3-yr bRFS 71%

5-yr OS 64%, 5-yr mFS 90%
Estimated 10-yr PCaSS 43%,
10-yr OS 34%

NR

5-yr bRFS 63%, 10-yr bRFS
52%
5-yr bRFS 65.6%, LC 86.6%



Table 5.8 Salvage therapy details for EBRT studies. Key: SBRT=Stereotactic body radiotherapy, VMAT=Volumetric modulated arc
therapy, IMRT= Intensity-modulated radiation therapy, Gy=grey, ADT=androgen deprivation therapy, mo=months, BC=biochemical
control, bRFS=biochemical recurrence free survival, mFS=metastasis free survival, RFS=relapse free survival, CSS=cancer specific
survival, OS=overall survival, PFS=progression free survival.

First Year Single-centre (1) or Patients Treatment Delivery Sy Dose (total dose (Gy)/ dose per ~ Whole or Partial Duration of Adjuvant  Follow-up  BC Oncologic outcomes
author/ Multi-centre (2) (n) Technique fraction/ number of fractions) Gland/ Focal treatment ADT (mo) (range) (%)
country
Fuller (USA) 2020 2 20 SBRT Cyberknife 34/68/5 Whole S days Yes (14%) 44 (3-110) 60 2-yr bRFS 76%, 5-yr bRFS 60%
Cuccia (taly) 2020 1 24 SBRT VMAT 30/06/05 Whole 5-12 days Yes 21 (2-68) 54,9 1-yr bRFS 80%, 2-yr bRFS 54.9%, f
(16.7%) 0S 100% —_
Matrone 2020 1 44 SBRT VMAT 35/5/7 Focal 7 days Yes(27%) 254 (6.7- 59  1-yr bAFS 85.9%, 2-yr bAFS 58.3%, o1
(Italy) 81.5) 2-yr LC 90.1%, 2-yr OS 100% &5
Caroli (italy) 2020 1 38 SBRT NR 18/6/3 Focal 3 days NR 27(4-35) NR DRFS 15 months .
Bergamin 2020 1 25 SBRT VMAT 36/6/6(72%)vs Focal 14 days Yes (48%) 25 (13-46) 80 2-yr bRFS 80%
(Australia) 38/6.3/6 (28%)
D'Agostine 2019 1 23 SBRT VYMAT 25/5/5 Whole 5 days Yes 33 (5-58) 34.8 2-yr bRFS 41.7%, 2-yr LC 61.1%, OS
(Italy) (43.5%) 100%
Pasquier 2019 2 100 SBRT Cyberknife (81%)/ 36/6/5 49% Whole vs 12 days Yes (36%) 29.3(4-91) NR bRFS 48 months, 3-yr bRFS 55%,
(France) VERO-IMRT, 51% Partial 4-yr OS 94%
RapidArc
Scher 2019 1 42 SBRT Cyberknife 3B/6/6 Focal NR Yes (19%) 21 (3-31) 94 median PFS 11 months, LC 100%
{France)
Jereczek- 2018 1 64 SBRT Cyberknife/ VERO- 365 Whole 5 days Yes (25%)  26.1 (3.1- 64  2-yr bRFS 40%, LC 75%, OS 92%
Fossa (ltaty) IMRT 82.4)
Loi (taly) 2018 1 50 SBRT Cyberknife 30/ 6/5 NR 5 days Yes (30%) 213 (6.1- 60 1-yr bRFS 80%, 1-yr mFS 92%
49.2)
Leroy 2017 1 23 SBRT Cyberknife 36/6/6 83% Whole vs 14 days Yes (61%) 22.6 (6-40) 54  2-yr bRFS 54%, OS 100%, 2-yr local

(France) 17% Partial dFS 76%
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Seventeen studies (44%) used both multi-parametric magnetic resonance imaging
(mpMRI) and positron emission tomography-computed tomography (PET-CT) for
restaging prior to salvage treatment.  Four studies (10%) used prostate-specific
membrane antigen (PSMA) PET-CT and 13 studies (33%) used choline/fluciclovine
PET-CT for re-staging. Eight studies (all BT) (21%) used computed tomography (CT)
or isotope bone scintigraphy for restaging. Ten studies (26%) did not report the imaging
modality used for restaging. Among the 28 BT studies, 24 included only patients with
biopsy-proven local recurrence. Three of 11 SBRT studies included patients with

histological confirmation of recurrence.

For BT studies, median follow up duration (range) was 47.5 months (13-108) compared
with 25.4 months (21-44) for SBRT studies. The use of ADT with salvage therapy ranged
from 8-100% in the BT study group and 14-61% in the SBRT group.

5.4.2 Oncological Outcomes

For the LDR-BT studies, the median (range) 2-year and 5-year bRFS rates were 71%
(48-89.5%) and 52.5% (20-79%). For the HDR-BT studies, the median (range) 2-year
and 5-year bRFS rates were 74% (63-89%) and 51% (45-65%). For the SBRT studies,
the median (range) 2-year bRFS for the SBRT group was 54.9% (40-80%). A 5-year
estimate of bRFS following SBRT was only available for one study and was 60% [46]. For
focal gland BT, the median (range) 3-year bRFS was 63% (42-71%). For focal SBRT,
the median (range) 3-year bRFS was 69% (58-80%). 3-year bRFS was presented as 2-year
bRFS was not reported by the majority of these focal RT studies.

5.4.3 Toxicity

A summary of clinician reported acute and late GU and Gl toxicity data for each study is
presented in Table 5.9 (BT) and Table 5.10 (SBRT).

In studies that only included LDR-BT, mean (range) grade 3 or higher toxicities were
7.4% (0-14%) (acute GU), 13.6% (0-30%) (late GU), 6.5% (0-19%) (acute Gl) and
6.4% (0-20%) (late Gl). In studies that only included HDR-BT, mean (range) grade 3
or higher toxicities were 2% (0-14%) (acute GU), 7.9% (0-21.3%) (late GU) and 0.1%
(0-0.9%) (late GI). No grade 3 or higher acute Gl toxicity was reported. For the SBRT
group, mean (range) grade 3 or higher toxicities were 1.8% (0-8.7%) (acute GU), 2.7%
(0-8%) (late GU), 0.5% (0-4%) (acute Gl) and 0.2% (0-1.5%) (late GlI).



Table 5.9 Toxicity details for BT studies. Key: - = 0% reported toxicity, NR=not reported, GU=genitourinary, Gl=gastrointestinal,
CTCAE = Common Terminology Criteria for Adverse Events, RTOG=Radiation Therapy Oncology Group, NR=not reported,
PROMS=patient recorded outcome measures, |IPSS= International prostate symptom score, RAND-36=RAND-36 Health Survey,
EORTC= European Organisation for Research and Treatment of Cancer Quality of Life questionnaire, IIEF-5=International Index of
Erectile Function questionnaire, MSEFS= Mount Sinai Erectile Function Score. Yamada (USA) study cohort included in further publication
Kollmeier (USA) however specific treatment characteristics and toxicity were not covered in later paper.

First author (country) Toxicity Scale Acute GU toxicity Acute Gl toxicity Late GU toxicity Late Gl toxicity Erectile Dysfunction PROMS

Grade < 2 Grade 2 3 Grade <2 Grade 23 Grade < 2 Grade 2 3 Grade < 2 Grade 2 3

Kolimeier (USA) CTCAE v4.0 96.0% = 96.0% = 82.0% 9.0% 91.0% 2.0% NR Yes (IPSS)
Baumann (USA) CTCAE v4.0 82.0% = 9.0% - 42.0% 12.0% 3.0% - NR Yes (IPSS)
Wojcieszek (Poland) CTCAE v4.0 87.0% 1.0% 6.0% = 72.0% 13.0% 6.0% - NR NR
*Yamada (USA) CTCAE v3.0 78.0% - NR NR 86.0% 10.0% 57.0% - Yes Yes (IPSS)
Peters (Netherlands) CTCAE v4.0 100.0% = 55.0% = 40.0% 5.0% 35.0% = Yes (80%) Yes (RAND-36, EORTC)
Vargas (USA) NR 5.0% 8.7% NR NR 5.0% 8.7% 7.0% 3.0% NR NR
Chen (USA) CTCAE v4.0 98.0% 2.0% 100.0% - 98.0% 2.0% 100.0% - Yes (81%) NR
Burri (USA) CTCAE v3.0 35.0% 11.0% 5.0% NR 35.0% 11.0% NR 3.0% Yes (75%) NR
Moman (Netherlands) CTCAE v3.0 87.0% 3.0% 55.0% = 55.0% 19.0% 51.0% 6.0% NR NR
Aaronson (USA) CTCAE v3.0 NR NR NR 3.0% 37.0% 4.0% NR 4.0% NR Yes (IPSS, IEF-5)
HK Lee (USA) RTOG 29.0% - 5.0% - 29.0% - 5.0% - NR NR
Nguyen (USA) RTOG NR NR NR NR NR 20.0% NR 20.0% NR NR
B Lee (USA) CTCAE v3.0 86.0% 14.0% 14.0% = NR 5.0% = = Yes (95%) NR
Koutrouvelis (USA) NR 13.0% 13.0% 13.0% 19.0% 13.0% 13.0% 13.0% 19.0% NR NR
Grado (USA) NR NR NR NR NR 10.0% 20.0% 4.0% 2.0% NR NR
Slevin (UK) CTCAE v4.0 91.0% - 14.0% - 65.0% 2.0% 14.0% - NR NR
Lopez (Spain) RTOG 33.0% NR NR NR NR 21.3% NR NR NR NR

RTOG 33.0% NR NR NR NR 27.3% NR NR NR NR
Crook {Canada) CTCAE v3.0 NR 14.0% NR 14.0% NR 7.0% NR 4.0% NR Yes (IPSS)
Smith (USA) CTCAE v5.0 NR NR NR NR NR 15.7% NR 2.8% Yes (80%) Yes (IPSS, MSEFS)
Kukielka (Poland) CTCAE v4.0 96.0% - 12.0% & 41.0% = = = NR Yes (IPSS)
Schonle (Germany) CTCAE v4.0 15.8% 6.1% 2.4% - 15.8% 6.1% 2.4% = NR NR
Chitmanee (UK) NR 90.0% - 32.0% = 72.0% 10.0% 30.0% = Yes (86%) Yes (IPSS)
Henriquez (Spain) CTCAE v3.0 NR NR NR NR NR 23.0% NR 4.0% NR NR
Peters (Netherlands) CTCAE v4.03 NR NR NR NR NR 30.0% NR 10.0% NR NR
Jiang (Germany) CTCAE v4.0 100.0% - 100.0% = 90.9% 9.0% 100.0% . NR Yes (IPSS)
van Son (Netherlands) CTCAE v4.0 65.0% - 37.0% - 55.0% 2.0% 37.0% - Yes (100%) Yes (IPSS, RAND-36)
Lacy (USA) RTOG 9.6% 9.6% 9.6% 9.6% 9.6% 9.6% 9.6% 9.6% Yes (45.5%) Yes (IPSS)

Lyczek (Poland) RTOG 29.6% 2.6% 7.9% NR 7.0% 12.2% 1.7% 0.9% NR NR

- 16T -



Table 5.10 Toxicity details for EBRT studies Key: - = 0% reported toxicity, NR=not reported, GU=genitourinary, Gl=gastrointestinal,
CTCAE = Common Terminology Criteria for Adverse Events, RTOG=Radiation Therapy Oncology Group, NR=not reported,
PROMS=patient recorded outcome measures, IPSS= International prostate symptom score.

First author (country) Toxicity Scale Acute GU toxicity Acute Gl toxicity Late GU toxicity Late Gl toxicity Erectile PROMS
g Dysfunction
Grade < 2 Grade 23 Grade < 2 Grade 2 3 Grade < 2 Grade 2 3 Grade < 2 Grade 2 3
Leroy (France) CTCAE v4.0 78.2% 8.7% 17.4% - NR NR NR NR NR NR
Fuller (USA) CTCAE v3.0 2.2% - - - 17.0% 8.0% - - Yes (70%) Yes (IPSS)
Jereczek-Fossa (ltaly) RTOG 25.0% 1.5% 9.5% 1.5% 37.0% 1.5% 7.5% 1.5% NR No
Loi (Italy) CTCAE v3.0 20.0% 2.0% 8.0% - 24.0% 2.0% 6.0% - NR No
D'Agostino (ttaly) CTCAE v4.03 56.5% 4.4% - - 17.4% 4.4% - - NR No
Pasquier (France) CTCAE v4.03 8.0% 1.0% - - 16.0% 1.0% 1.0% - NR No
Scher (France) CTCAE v4.03 64.0% 2.0% 7.0% - 21.0% 2.0% - - NR No
Cuccia (taly) CTCAE v4.0 20.8% = - - 12.5% 4.2% 4.2% - NR No
Matrone (Italy) RTOG 32.0% - 8.0% - 32.0% 4.0% 7.0% - NR No
Caroli (ltaly) CTCAE v4.0 31.60% - 31.60% - 31.60% - 31.60% - NR No

Bergamin (Australia) CTCAE v4.03 28.0% = 8.0% 4.0% 32.0% = 8.0% - NR No

- 84T -
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5.5 Discussion

This systematic review evaluated the most up-to-date evidence for salvage BT and SBRT
and found that both treatment options provide good biochemical control with acceptable
late GU/ GI toxicity. However there is considerable heterogeneity between studies for
numbers of patients, risk groups of included patients, evaluated treatments, reported
endpoints, duration of follow up and methods of toxicity assessment (clinician-assessed
versus PROMs). The quality of studies was low and meta-analysis was therefore not
conducted due to the significant bias associated with these uncontrolled studies. This
highlights the need for further high quality prospective and randomised studies to measure

the efficacy and toxicity associated with salvage irradiation.

Consensus national and international recommendations for reirradiation are limited. The
European Association of Urology (EAU) guidelines recommend salvage reirradiation
using BT or SBRT for locally recurrent prostate cancer should only be undertaken in a
clinical trial setting [56]. American Society for Radiation Oncology (ASTRO) and
National Comprehensive Cancer Network (NCCN) clinical practice guidelines does not
comment on the use of reirradiation for prostate cancer however both the European
Society of Radiation Oncology (ESTRO) and American Society of Brachytherapy (ABS)
recommendations on prostate HDR-BT highlight the accumulating evidence for salvage

HDR-BT in local recurrence as showing great promise [57-59].

There has been increasing interest in the use of salvage therapies for locally recurrent
prostate cancer after primary radiation, although concerns have been raised regarding
the potential for severe late toxicity [60]. Both BT and SBRT, show durable outcomes
in terms of biochemical control with reasonable reported toxicities in the majority of
reviewed studies. However, inconsistencies in reporting and missing data preclude accurate
comparison between these studies, which are mainly composed of case series. Longer term
efficacy data and duration of follow up was available for more BT studies than SBRT but,
at short term follow-up, the clinician-reported toxicity following salvage SBRT appear to
be infrequent [61]. One additional bias is that HDR-BT requires a general anaesthetic
and patients may be younger or fitter and this could translate to better overall survival

outcomes.

Two previous meta-analyses which compared salvage therapies in recurrent prostate cancer
have been conducted, which included radical prostatectomy, cryotherapy and HIFU in
addition to BT and EBRT [11,62]. The meta-analysis by Valle et al.[62] reported that
recurrence free survival and toxicity rates were best for salvage radiotherapeutic modalities

compared to other salvage treatments, and BT appeared to offer the best balance between
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toxicity and efficacy. For example, the estimated recurrence free survival at 2 years for BT
was 77-79% compared to 52-72% for cryotherapy, HIFU and salvage radical prostatectomy.
In addition, lower grade 3 or higher GU toxicity was observed (5-10% versus 20% for
BT compared with other salvage therapies) [62]. The quality of the evidence was not
assessed and sub-group and sensitivity analyses to explore potential impact of clinical
heterogeneity were also not specified in this meta-analysis [62]. In addition, it was unclear
how many studies were excluded from the meta-analysis due to incompatible definitions,
outcome measures and follow-up periods. Interestingly, the 2-year bRFS of SBRT (54.9%)
appeared to be lower than both LDR- and HDR-BT (71% and 74% respectively). A formal
comparison between these modalities is limited by confounding factors, although these
data raise an interesting question as to whether salvage SBRT could be inferior to BT in
terms of biochemical control. Comparing the SBRT studies to BT remains challenging
in view of the heterogeneous populations and shorter follow-up available for SBRT with
only one study providing 5-yr bRFS data (although in this study, comparable to outcomes
from salvage BT were reported) [48]. No prospective randomised studies exist which
compare BT and SBRT as salvage therapies for locally recurrent prostate cancer and this

is ultimately what is required.

There may be dosimetric advantages with the use of BT compared with SBRT. A previous
planning study in the primary disease setting concluded that HDR-BT was able to achieve
higher intraprostatic doses and greater sparing of the rectum than SBRT [63]. It is possible
that developments in SBRT planning and delivery might lead to improved outcomes. For
example, the superior soft tissue visualisation and functional imaging capabilities of MR
guided SBRT might permit better delineation of tumour, greater accuracy of treatment
delivery and offer opportunities for dose escalation [64]. Whether this would translate
into a clinical benefit at this point remains uncertain. There remains considerable interest
in salvage SBRT as evidenced by the fact that 8 of 11 SBRT studies were published in

the last two years.

Based on the studies evaluated in this review, salvage LDR-BT appeared to have the
potential for higher grade 3+ toxicity compared to HDR-BT [20,25]. In a study which
used PROMs, LDR-BT had a higher peak change in IPSS in the early post-implant period
and a higher peak urinary symptom flare at 12 months compared with HDR-BT, although
the majority of these scores returned to baseline 2-3 years post-treatment [41]. There
have been no prospective studies comparing these techniques in the reirradiation setting.
In the primary treatment setting however prospective and randomised studies have shown
HDR-BT to have better quality of life scores compared to LDR-BT in the acute post-
treatment phase, particularly in the urinary health domain, which suggests that HDR
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was better tolerated [65,66]. Similarly, evidence from registries and randomised trials of
LDR/ EBRT combination therapy and HDR/EBRT combination therapy in the primary
disease setting suggest that LDR/EBRT might be associated with higher incidence of
significant late GU toxicity although no direct comparison has been performed between
the two treatments [67-69].

Based on the available data, grade 3 or higher GU and Gl toxicity with SBRT was rare,
although follow-up beyond 2 years is limited [10,46,55,47-54]. SBRT has the potential to
limit the risk of severe late GU/GI toxicity compared with less conformal EBRT techniques
[70]. Careful patient selection remains vital, especially for those at greater risk of excess
toxicity following salvage therapy. In a recent observational series of salvage SBRT, grade
3+ GU toxicity was disproportionately observed in patients treated with BT or radical
prostatectomy plus salvage RT in the primary disease setting [48]. Furthermore, the use
of focal salvage techniques with BT and SBRT appear to have lower toxicity rates and
comparable bRFS rates however this is limited to a number of uncontrolled, single-arm
case series [17,35,37,39,47,52,54,55].

Appropriate patient selection for salvage RT treatments is vital. The European Society for
Radiotherapy and Oncology Advisory Committee on Radiation Oncology Practice (ESTRO
ACROP) recently conducted a Delphi consensus of expert opinion on patient selection
criteria for salvage RT [71]. Selection criteria with high levels of agreement (>80%)
included Eastern Cooperative Oncology Group performance status of 0-1, satisfactory
urinary flow with a known IPSS prior to salvage and use of PET-CT to exclude metastatic
disease and MRI to define the target. Agreement was reached that concomitant ADT
with salvage RT was unnecessary and that previous ADT use was not a contraindication
to salvage RT. It was also recommended that the primary RT dose should be taken into
account when considering salvage SBRT. In terms of time duration between primary RT
and salvage RT, although consensus was not achieved a minimum interval of 2 years

reached major agreement (defined as 65-80% agreement).

The impact on quality of life has not been well assessed in the salvage radiotherapy
setting with only a third of studies in this systematic review including PROMs. Only one
of 11 SBRT (9.1%) studies included PROMs. Without this information, it is likely that
reported rates of toxicity are underestimated [72]. Assessment of residual toxicity following
primary treatment using validated PROM instruments such as Expanded Prostate Cancer
Index (EPIC) could be an important tool for identification of patients at risk of significant
toxicity from salvage therapies. Integration of longitudinal PROM assessment into clinical

trials is important to ascertain the time-dependent nature of toxicity onset/resolution after
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treatment [72,73].

The role of ADT with salvage BT/EBRT remains unclear and no consensus could be
reached during a previous Delphi consensus [74]. The use of ADT with salvage radiation
therapy in the evaluated studies was highly variable (8-100%) and reporting of ADT
duration was incomplete [17,33,37,42,75]. Several BT studies did not report ADT usage
or did not use neoadjuvant ADT [25,26,34]. Salvage therapies may delay the need for
ADT, with up to 69% patients remaining free of ADT at 5 years following salvage SBRT
[48]. Some authors view salvage BT/ SBRT as ADT sparing, which might have the
potential to improve quality of life [76].

A recent study found that only 15% of relapses following salvage BT were solely in
the prostate [37], suggesting most are likely to be systemic failure therefore accurate
and consistent whole body imaging staging is imperative. The optimal combination of
re-staging imaging following biochemical failure after primary treatment, and the most
clinically relevant PSA level at which to trigger such imaging, remains uncertain [77].
Despite the poor accuracy of CT and isotope bone scintigraphy, 21% of studies in this
systematic review used these modalities for restaging and patient selection. It is possible
that some patients in these studies could have had undiagnosed metastatic disease, and
this could be responsible for some subsequent biochemical failures [76,78]. Less than half
of studies used mpMRI and PET-CT for re-staging prior to salvage therapy. mpMRI has
the potential to be particularly useful for detecting local recurrence following previous
prostate radiotherapy, although studies evaluating its accuracy are limited [79]. The
use of novel imaging modalities such as Gallium-68 [68Ga] or Fluorine-18 [18F] labelled
PSMA PET-CT, may allow detection of local recurrence at lower PSA levels. While
this could lead to a change in management for patients identified with recurrent disease,
it was only used in 10% of the studies in this systematic review [80]. 68Ga-PSMA
PET-CT has been shown to demonstrate recurrences at prostate-specific antigen (PSA)
levels below the Phoenix definition of biochemical failure and it allows for both local
staging and exclusion of distant metastatic disease in patients with biochemical failure
[81]. The recent proPSMA randomised study reported that PSMA PET-CT had a greater
accuracy compared to conventional imaging with CT and bone scan in the primary setting
(92% vs 65%) [82]. PSMA PET-CT also has superior performance characteristics for the
detection of distant metastasis in the setting of biochemical failure compared to other
PET tracers [83]. Nevertheless, the clinical significance of detecting and treating small
volume local recurrence at low PSA levels remains uncertain and may risk additional
toxicity. Prospective randomised trials comparing BT and SBRT for salvage treatment of

locally recurrent prostate cancer are required to determine the efficacy/toxicity of these
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5.5.1 Limitations

The overall quality of evaluated evidence was low. A meta-analysis was not conducted
to quantitatively compare the studies as the majority of these were non-comparative
retrospective case series with differences in baseline patient demographics, primary
and/or salvage treatments, reported endpoints reported and use of ADT. This limits the
conclusions that can be drawn about the effectiveness/ toxicity of salvage BT /SBRT.
High-quality data from prospective trials are still needed to validate the toxicity and
long-term clinical outcomes associated with the salvage treatment of recurrent prostate

cancer using BT or EBRT, following previous RT.

5.6 Conclusion

Salvage reirradiation of radiorecurrent prostate cancer using HDR-BT or SBRT provides
similar biochemical control and acceptable late toxicity. Salvage LDR-BT is associated
with higher late GU/GI toxicity. Challenges exist in comparing BT and SBRT from
the current literature due to inconsistencies in reporting and missing data. Prospective
randomised trials comparing BT and SBRT and assessing PROMs as well as cancer control

outcomes in this setting are needed.
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5.8 Supplementary Material

5.8.1 EMBASE and MEDLINE Search Strategies
From inception of databases until December 14th 2020.
EMBASE

= prostat*.mp.

= (external beam* or ebrt or brachytherapy or hypofractionated or stereotactic or sabr

or sbrt or re-irradiation or reirradiation or retreatment or radiosurgery).mp.
= (repeat or recurr® or relapse or salvage).mp.

= 1and 2 and 3

Exclude Medline Journals

MEDLINE

prostat*[tw] AND (external beam*[tw] OR ebrt[tw] OR brachytherapy[tw] OR
hypofractionated[tw] OR stereotactic[tw] OR sabr[tw] OR sbrt[tw] OR re-irradiation[tw]
OR reirradiation[tw] OR radiosurgery[mh]) AND (repeat[tw] OR recurr*[tw] OR
relapse[tw] OR salvage[tw])



- 174 -

Chapter 6
Reirradiation Options for Previously Irradiated Prostate cancer
(RO-PIP): Feasibility Study Investigating Toxicity Outcomes
Following Reirradiation with Stereotactic Body Radiotherapy
(SBRT) vs. High Dose-Rate Brachytherapy (HDR-BT)

6.1 Abstract

6.1.1 Purpose

Radiotherapy is the most common curative treatment for non-metastatic prostate
cancer, however up to 13% of patients will develop local recurrence within 10 years.
Patients can undergo further and potentially curative treatment including salvage
surgery, brachytherapy (BT), external beam radiotherapy (EBRT), high intensity
focused ultrasound and cryotherapy. Systematic review shows that high dose rate
(HDR) BT and stereotactic body radiotherapy (SBRT) have the best outcomes in terms
of biochemical control and lowest side effects. The RO-PIP trial aims to determine the
feasibility of recruitment to a trial randomising patients to salvage HDR-BT or SBRT
and provide prospective data on patient recorded toxicity outcomes that will inform a

future phase Il trial.

6.1.2 Methods and Analysis

The primary endpoint of the RO-PIP feasibility study is to evaluate the patient recruitment
potential over 2 years to a trial randomising to either SBRT or HDR-BT for patients who
develop local recurrence of prostate cancer following previous radiation therapy. The
aim is to recruit 60 patients across 3 sites over 2 years and randomise 1:1 to SBRT or
HDR-BT. Secondary objectives include recording clinician and patient reported outcome
measures (PROMs) to evaluate treatment-related toxicity. In addition, the study aims
to identify potential imaging, genomic and proteomic biomarkers that are predictive of

toxicity and outcome based on hypoxia status, a prognostic marker of prostate cancer.

6.1.3 Ethics and dissemination

This study has been approved by the Yorkshire and the Humber - Bradford Leeds Research
Ethics Committee (Reference: 21/YH/0305, IRAS: 297060, January 2022). The results
will be presented in national and international conferences, published in peer-reviewed

journals and will be communicated to relevant stakeholders. A plain English report will
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be shared with the study participants, patients’ organisations and media. Trial registration
number: ISRCTN 12238218.
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6.2 Introduction

Prostate cancer is the most common cancer in males in the United Kingdom with
approximately 48,500 new diagnoses every year and this has increased over the last 10
years [1]. Worldwide, prostate cancer accounts for over 1.2 million new cases and causes
over 350,000 deaths (3.8% of all deaths caused by cancer in men) annually [2].
Radiation therapy (RT) is the most common curative treatment for non-metastatic
prostate cancer [3,4]. Despite advances in diagnostic imaging, RT delivery techniques
and dose-escalation strategies, treatment failure remains common [5-7]. At 10-years,
the biochemical failure rate following treatment for localised prostate cancer with RT
alone is 41% [8]. Following dose-escalated RT, the most common site of cancer
recurrence is in the prostate with 11-year cumulative incidence of local recurrence 7.2%,
and 13% in intermediate, and high risk National Comprehensive Cancer Network

(NCCN) prostate cancer groups respectively [7].

Multiple salvage options are available for locally recurrent disease including
prostatectomy, reirradiation (with brachytherapy (BT) or external beam radiotherapy
(EBRT)) and other focal therapies such as high-intensity focused ultrasound (HIFU)
and cryotherapy (CRYO). The evidence on the long-term effectiveness and quality of life
impact for these treatments are limited, however reirradiation techniques are the safest
and most effective out of the currently available salvage treatment options [9-13]. Most
of the published literature describes retrospective case-series with heterogeneous
methodologies and radiation treatment techniques with no high level evidence for the
superiority of any of the re-irradiation approaches or prospective comparative studies.
Only a small proportion of patients with locally recurrent prostate cancer following
primary radiotherapy (15-20%) undergo local salvage therapy according to the Cancer of
the Prostate Strategic Urologic Research Endeavor (CaPSURE) registry [14].

Prostate BT involves the placement of sealed radiation sources into the prostate and offers
the ability to deliver highly conformal high dose radiation with a steep dose gradient and
rapid fall off in dose which minimises radiation toxicity to surrounding organs at risk,
specifically the rectum and bladder [15]. Advances in image-guided targeted BT may
allow for more precise and focused treatments [16-18]. BT can be delivered either via
a permanent low-dose rate seed implant (LDR-BT), or via high-dose rate BT (HDR-
BT) which uses a high-activity radiation source (e.g. iridium-192) that is temporarily
introduced into applicators that are placed within the prostate, typically over 1-3 fractions.
HDR-BT is less susceptible to issues related to prostate oedema and seed migration that

might complicate dosimetry following LDR-BT. Current evidence suggests that HDR-BT
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affords lower toxicity, increased tolerability with similar oncological control compared to
LDR-BT [19].

Previously, salvage EBRT techniques have been associated with higher rates of severe late
toxicities and also poor local control [20]. Stereotactic body radiation therapy (SBRT),
involving the delivery of a high dose of radiation to a highly conformal target volume
with a steep dose gradient in a small number of fractions may have benefits. Potential
advantages include increased sparing of normal tissues than other types of EBRT, and
being less invasive compared to BT [21]. BT is also highly specialised and only available

in specialist centres.

A prospective trial is required to describe the toxicity profiles for these two most promising
options, HDR-BT and SBRT, to allow clinicians and patients to make an informed decision
on the most appropriate salvage treatment choice and help inform a larger study with an
efficacy endpoint. Strategies to personalise salvage treatment through finding predictive

genomic and imaging biomarkers are also required to optimise treatment outcomes.

The RO-PIP trial is the first prospective randomised trial to determine the feasibility of
recruitment to a trial comparing SBRT and HDR-BT for locally recurrent prostate
cancer and inform power calculations for a definitive RCT. In addition, this feasibility
trial will also quantify the impact on patient reported outcome measures (PROMs),
quantify longitudinal functional MRI changes and assess proteomic, immune and

genomic biomarkers.

6.3 Methods

6.3.1 Study Design

The Standard Protocol Items for Randomized Trials (SPIRIT) checklist was adhered to
when drafting the RO-PIP protocol[22]. Completed SPIRIT checklist in Supplementary

Material. A schematic overview of the study is shown in Figure 6.1.

6.3.2 Study Setting

The planned study is a prospective two arm (HDR-BT and SBRT) randomised (1:1)
feasibility trial aiming to recruit a total of 60 patients with locally recurrent prostate
cancer across three tertiary referral oncology sites (Christie Hospital NHS Foundation
Trust, Leeds Teaching Hospitals NHS Trust and Mount Vernon Cancer Centre, UK). The
study will open for recruitment in September 2022, and the estimated primary recruitment

completion date is in September 2024 and study completion date in September 2026.
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Figure 6.1 Schematic overview of study. Key — CT = Computed Tomography, PET =
positron emission tomography, mpMRI = multi-parametric magnetic resonance imaging,
EORTC QLQ = European Organization for the Research and Treatment of Cancer Quality
of Life Questionnaire, IPSS = international prostate symptom score, EPIC = Expanded
Prostate Cancer Index Composite, QoL = quality of life, CTCAE = Common Terminology
Criteria for Adverse Events.
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6.3.3 Patient and Public Involvement and Engagement (PPIE)

We have sought input from the Leeds Cancer PPIE team and Leeds Radiotherapy user
group into the protocol design, lay summary and patient information leaflet and have

acted on the information provided.

6.3.4 Consent and Withdrawal

All participants will give written informed consent before entering the study and before
any assessments or interventions related to the study are undertaken. Consent will be
taken by the direct care clinical oncologist or a member of the RO-PIP research team e.g.
clinical research fellow or research nurse. Optional consent will be sought for taking extra
blood and urine samples for the translational study component. Participants are free to
withdraw at any time, or at the discretion of the chief or principal investigator. In the
event of withdrawal, any data collected up until that point will be kept and potentially

included in any analyses.

6.3.5 Eligibility Criteria

The inclusion criteria are: (i) Male individuals aged over 18 years; (ii) Histologically
confirmed locally recurrent prostate cancer (following previous radiotherapy no less than
2 years ago); (iii) No metastatic disease; (iv) Able and willing to provide an informed
consent to participate; (v) World Health Organisation (WHO) performance status 0-2;
(vi) Reasonable urinary function (IPSS < 20 and Qmax > 10 ml/second on flow tests);
(vii) Greater than 10 year life expectancy.

The exclusion criteria are: (i) Patients who are unfit for a general anaesthetic due to other
comorbidities; (ii) Clinical or radiological evidence of metastatic prostate disease; (iii) Any
patient with a medical or psychiatric condition that impairs their ability to give informed
consent. (iv) contraindication or intolerance of magnetic resonance scanning; (v) Prior
prostatectomy; (vi) History of inflammatory bowel disease; (vii) large volume gland not
amenable for HDR-BT; (viii) Rectal fistulation; (ix) No rectal access for ultrasound (e.g.

previous abdominal perineal resection).

6.3.6 Assignment of Interventions

The treatment decision for the radiation option will been taken at the time of
randomisation. Following confirmation of written consent and eligibility, participants will
be randomised into the trial by the Leeds Clinical Trials Research Unit (CTRU). Patients
will be randomised on a 1:1 basis to receive either HDR-BT or SBRT. Patients will be
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randomised using stratified permuted blocks, stratified by recruiting site and previous
ADT therapy. Randomisation will be performed centrally using the CTRU 9-5 telephone
randomisation system. Authorisation codes and personal identification numbers (PINs),

provided by the CTRU, will be required to access the randomisation system

6.3.7 Interventions
6.3.7.1 HDR Brachytherapy

One of two HDR-BT treatment schedules will be decided by the local treatment centre.
This will be either a single fraction 19Gy treatment or 27Gy in 2 fractions approximately

2 weeks apart.

Gross tumour volume (GTV) will be delineated based on the intra-prostatic lesion
defined on the multi-parametric MRI with or without additional diagnostic PET-CT
information; the clinical target volume (CTV) is generated by applying an isotropic 3mm
margin constrained by the urethra (where applicable) and rectum. The CTV and
planning target volume (PTV) are considered to be the same structures. The rectum,
urethra and bladder should be contoured as organs at risk as per the ESTRO guidelines
[23].

6.3.7.2 Stereotactic Body Radiation Therapy (SBRT)

Patients will receive 5 fractions of 7.25Gy per fraction which will be delivered on alternate
days over no more than 2 weeks to provide a total dose of 36.25Gy. Radiotherapy may be
delivered using CyberKnife, linear accelerator or MR-linear accelerator. Implanted prostate

markers and SpaceOAR may be used as per centre standard of care.

Gross tumour volume (GTV) will be delineated based on the intra-prostatic lesion defined
on the multiparametric MRI with or without additional diagnostic PET-CT information; a
clinical target volume (CTV) will be delineated comprising either the whole prostate or for
focal treatment the GTV with a 3mm margin constrained to the prostate boundaries. The
CTV will then be grown by 3-5mm (dependent on departmental policy and image guidance
technique) to generate a PTV. The rectum, bladder, bowel loops (where appropriate) and

femoral heads will be contoured as organs at risk.
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6.3.8 Additional Interventions

Androgen deprivation therapy (ADT) may be initiated at the discretion of the treating
oncologist but this must be started by the time of the first salvage radiotherapy treatment
(at first fraction of SBRT or at HDR-BT).

6.3.9 Toxicity Assessment

Clinician reported treatment toxicity will be summarised at each time point as the
proportion of patients experiencing each toxicity, summarised by maximum grade
experienced as per Common Terminology Criteria for Adverse Events (CTCAE) version
5.0.

6.3.10 PROMs Assessment

Changes in patient reported Health-Related Quality of life (HRQoL)/ PROMs will be
assessed using the following validated questionnaires: EPIC-26 (prostate cancer related
QoL and functional outcomes), EORTC QLQ-C30 (general QoL score) and IPSS (urinary
and sexual functional outcomes). The specific time points for these evaluations are:

Baseline assessment (prior to salvage treatment)
= 1 month post treatment completion

= 3 months post treatment completion

= 6 months post treatment completion

= 12 months post treatment completion

= 24 months post treatment completion

The PROMs and Quality of Life assessments will not require a separate face to face
meeting as these will be posted out to the participants. Follow-up after 2 years will be

according to local policy.

6.3.11 Translational MRl Assessment

All patients will have three multiparametric MRIs (including standard anatomical
sequences and functional sequences) which will be paired with PROMs assessments at
the same time points (at baseline and then post-treatment at 1 month and 1 year). The

purpose of this imaging component is four fold:
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= To optimise a multiparametric MRI scanning protocol across three institutions
incorporating intravoxel incoherent motion (IVIM), dynamic contrast enhanced

(DCE) imaging and blood oxygenation level dependent (BOLD) sequences

» To evaluate image quality and reproducibility of prostate functional imaging for

detecting tissue perfusion and hypoxia

» To investigate prostate and pelvic anatomical and functional imaging changes
related to prostate reirradiation and how this relates to patient reported toxicity
side effects (determined by PROMs).

» To study the hypoxia MRI changes seen in the prostate in association with biopsy

derived hypoxia-associated gene signature.

MRI scans done within the research study will be stored on the Leeds Teaching Hospitals
Picture Archive and Communication System (PACS) server and on the local hospital

PACS server where the images were obtained.

6.3.12 Translational Biological Assessment

The aim of this study component is to collect biological parameters that are prognostic
and predictive markers of radiotherapy response and correlate this with imaging. From a

biological stance the following sample collection will be relevant for assessing this:

» Tissue collection (prostate biopsy including original diagnostic and local recurrence

sample) to measure the presence of a hypoxia-associated gene signature.

= Urine collection to measure the inflammatory response via damage-associated

molecular patterns.

= Blood sample collection (20-30ml) to measures changes in cytokine response

following reirradiation and other proteomics analyses.

The long-term storage arrangement for the research data arising from these biological
samples will follow The University of Manchester Biobank (site of processing for biological
samples) good practice for research guidance on clinical samples. Participants will have
the option to consent to making their biological samples available for future research.

The biological sample research data will be stored for 20 years once the study has ended.

6.3.13 Baseline and Follow-up Evaluation

Table 1 shows the full schedule of events
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Table 6.1 RO-PIP schedule of events.

Time-point Basohie During 1 3 B 12 18 24
month month | month | month | month | month
ltem RT
FU FU FU FU FU FU
Informed consent X
Registration X
Testosterone X
Confirmation of eligibility X
Randomisation to BT or
X
SBRT
Pre-treatment Prostate
Biopsy sample requested X
and stored
Collection of clinical
X X
history and outcome data
Radiotherapy (BT or
X x
SBRT) details
PSA test X X X X X X
Functional prostate
X X X
mpMRI
PROM assessment (EPIC-
26, EORTC QLQ-C30 and X X X X X X
IPSS)
Research blood test! Urine X X X X
Clinician reported adverse
X X X X X X X
events
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6.4 OQutcomes

6.4.1 Primary outcome

1. Recruitment rates for the whole 24-month recruitment period will be reported overall
and per recruiting site. The average recruitment rate per month and in total over the
formal monitoring period will be reported.

The study recruitment period is 24 months. To show that patient recruitment targets for
a phase Il RCT can be met within an adequate timeframe, a “steady state” of recruitment
should be observed. In this feasibility study, formal monitoring of recruitment will begin
from the start of the patient recruitment where an average of two patients per month
must be randomised over the remaining recruitment period in order to demonstrate a

“steady state” of recruitment.

6.4.2 Secondary outcomes

1. Incidence of patient reported acute (0-3 months) and long-term toxicity (>3
months) and impact on QoL determined by EPIC-26 (prostate cancer related QoL
and functional outcomes), EORTC QLQ-C30 (general QoL score) and
international prostate symptom score (IPSS) (urinary and sexual functional

outcomes) measurements (Key secondary endpoint).

2. Incidence of clinician-reported treatment toxicity as per Common Terminology
Criteria for Adverse Events (CTCAE) version 5.0.

3. Other feasibility endpoints include screening log summaries, treatment and

questionnaire compliance, withdrawal rate and reasons for non-recruitment.

6.4.3 Exploratory outcomes

1. MRI biomarkers at 1 month and 1 year post-treatment predictive of toxicity based
on PROMs.

2. Hypoxia levels based on a hypoxia associated gene signature obtained from the

pre-salvage RT biopsy correlated with MRI biomarkers.

3. Changes in the levels of inflammatory cytokine signatures from urine and blood

obtained at baseline and after reirradiation in relation to PROMs.

4. Multiple measures of image quality and reproducibility of prostate functional
imaging (e.g. diffusion coefficient values from IVIM sequences) for measuring

tumour biology will be summarised.
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6.5 Sample size

This is an exploratory feasibility study, and there is no informative data in the published
literature on which to base a sample size calculation. Therefore, a formal statistical
power calculation has not been performed. Feasibility studies are not usually sufficiently
powered to provide estimates of effect size, but instead aim to determine the feasibility of
specific study aspects and to enable estimation of sample size parameters to inform future
studies. For this feasibility study, we plan to recruit 60 patients in total (i.e. 30 to each
treatment arm) from three UK hospitals (Leeds Cancer Centre, The Christie and Mount
Vernon Cancer Centre), all of which are high-volume tertiary prostate cancer treatment
centres. This sample size has been informed by the National Institute of Health Research
(NIHR) guidance on feasibility sample sizes and the toxicity outcome data from a recent
systematic review[13,24]. Few studies have evaluated PROMs feasibility, establishing the
need for this trial[25]. It is estimated that this number of participants will provide an
adequate sample to estimate the toxicity rates for the key secondary endpoint in each
arm (i.e. 30 per arm)[26,27]. Recruiting 60 patients over 2 years, across 3 centres, would
mean an average recruitment rate of less than 1 patient per centre per month. This
information, combined with the estimated toxicity rates from the study, will be used to

determine feasibility of a subsequent larger scale RCT.

6.6 Recruitment

Sixty patients will be recruited over a 24-month period, approximately 2-3 patients per

month (across 3 sites).

6.7 Reporting

No formal interim analysis will take place however a study report will be produced for
review by the independent data monitoring and ethics committee (DMEC) approximately
midway through the study. The aim of the report is to evaluate and monitor the key
study objectives (i.e. recruitment rates, number of participants taking up their treatment
allocation), as well as expected adverse events (AEs) and serious adverse events (SAEs)
and the delivery time of HDR-BT or SBRT post-randomisation.

6.8 Withdrawal of Participants

Participants who withdraw their consent to the study will be taken off the study. The

research team will keep any tissue, blood, urine samples and imaging data already collected
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and continue analysis (unless the patient requests the destruction of samples and data).
Patients will be consented from the outset to continue collecting follow-up data even
if patients are withdrawn from the trial, cannot tolerate MRI scans, unable to continue

treatment or do not complete all PROMs time points.

6.9 Data Management

Study data will be managed by the trial coordinator and research fellow under the

supervision of the chief investigator and the study statistician.

Data stored on hospital computers will be password protected and in locked rooms in the
local hospital radiotherapy and/or radiology (imaging data) departments, only accessible
by the local research team. Each patient is assigned a unique patient study ID number
at enrolment (based on site and trial number allocated during randomisation step) which
will be used on all trial documentation. This pseudoanonymisation step will prevent
the patient from being identified by those outside the local research team. The local
investigator will keep a subject enrolment and identification log that contains the key to
the code, i.e. a record of the personal identification data linked to each patient study ID

number.

In compliance with Good Clinical Practice guidelines and in accordance with the University
of Leeds Code of Conduct and Research Ethics, the chief or local principal investigator will
maintain all records regarding the conduct of the RO-PIP study. These will be securely

archived for up to 20 years if required.

6.10 Statistical Analysis

As this is a feasibility study, it will not involve hypothesis testing to identify whether the
intervention has had an impact. Instead, data analysis will be descriptive and involve
summary statistics. The analysis of all primary endpoint and all secondary endpoints
relating to recruitment and withdrawals from the trial will take place at the end of the
24-month recruitment period. Final analysis of all other endpoint data will be carried out

6 months after the final participant has been randomised.

6.11 Future Work

Demonstrating feasibility will facilitate a larger randomised study comparing salvage re-

irradiation options with ADT alone, the usual management option. This study would have
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primary endpoints of survival (overall and metastasis free). This is the first time that a
hypoxia gene expression signature will be studied with hypoxia imaging in a prospective
cohort of patients with radiorecurrent prostate cancer and could lead to the further studies
investigating the introduction in clinical practice of tumour hypoxia testing (from biopsy
and/ or imaging) and the biological individualisation of radiotherapy. Given the large
number of prostate cancer patients who undergo radiotherapy each year, this would have

a significant impact on personalised medicine in the UK.

6.12 Trial Oversight

A trial management group will be convened for the study, consisting of the chief
investigator, principal investigators (for each site), research fellow, trial administrator,
and research nurse. The group will meet monthly. The study sponsor (University of
Leeds) will monitor the conduct of the trial. A trial report will be produced by the
DMEC midway through the study

6.13 Ethics and Dissemination

This study has been approved by the Yorkshire and The Humber - Bradford Leeds Research
Ethics Committee (Reference: 21/YH/0305, IRAS: 297060, January 2022) (Appendix A).

The results will be presented in national and international conferences, published in
peer-reviewed journals, publicised via social media channels such as twitter, and will be
communicated to relevant stakeholders. A plain English report will be shared with the

study participants, patients’ organisations, PPIE groups and media.
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6.15 Supplementary Material

6.15.1 Multi-parametric Prostate MRI Protocol for RO-PIP Study

6.15.1.1 Additional Exclusion Criteria for patients consenting to MRI

Patients must be able to tolerate/ comply with imaging protocol (i.e. be able to

lie still and not have non-MRI compatible devices e.g. pacemaker).

Patients must have an estimated glomerular filtration rate of greater than 30

mL /min

6.15.1.2 Key points

All patients enrolled on this study will require a pre-salvage treatment MRI and
post-treatment MRI (at 1 and 12 months).

This will be done at the same time as the radiotherapy planning scan where possible

The following protocol has been designed using the European Society of Urogenital
Radiology (ESUR) 2012 guidelines [1] and UK consensus meeting guidelines [2].

MRIs will be performed using 1.5- and 3.0-T scanners at 3 sites (Leeds Cancer
Centre, The Christie and Mount Vernon Cancer Centre).

This adapted radiorecurrent prostate cancer MRI protocol has an estimated
acquisition time of approximately 45-60 minutes.

It includes standard multi-parametric sequences such as T1- and T2-weighted,
dynamic contrast enhanced (DCE) and diffusion-weighted imaging (DWI) covering

the pelvic region (this is likely to be scanner and hospital-site dependent).

Additional sequences/ parameters to image hypoxia will be added, which are the
blood oxygenation level-dependent (BOLD) and intravoxel incoherent motion
(IVIM) techniques. Both these sequences will be performed in the axial plane and

before contrast injection.

6.15.1.3 Preparation

The patient should be consented and screened for MRI safety as per departmental

local rules.

The patient’s weight in kilograms (kg) should be recorded for specific Absorption

Rate (SAR) level and intravenous contrast administration purposes.
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= Patients will be changed into a hospital gown as per local departmental rules.

= Intravenous injection of gadolinium will be required for all MRI scans. The dose of

gadolinium (Dotarem or Gadovist) recommended is 0.1mmol/kg.

= Prior to entering the scan room all patients should be asked to use the toilet to

empty their rectum of stool and bowel gas when possible.

= All patients will be offered an enema in order to help with clearance of air and stool
from the rectum to improve the quality of the prostate MRI. Use will be at the

discretion of the team.

= Patients should be consented and screened to assess their suitability to administer
intravenously/intramuscularly an anti-peristaltic drug to reduce bowel motion
(e.g. Buscopan or Glucagon). Unless contraindicated (For Buscopan this would
include heart disease and for Glucagon this would be diabetes), this drug can be

administered once the patient is comfortable on the MRI scanner.

= A phased array body coil or coil bridge may be used.

6.15.1.4 Positioning

The patient should be positioned supine on the scan table. If after the first localizer
view the rectum is still filled with air, then consideration to scan the patient prone to

decompress the rectum is advised.

6.15.1.5 Sequences

Minimum axial MRI sequences (in scanning order) to include:
= T2 (3D acquisition)
= BOLD (3D)
= DWI/ ADC
= [VIM
= T1 (large field of view) (2D or 3D)

« DCE
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6.15.1.6 Archive

The reconstructed MR data will be archived locally and shared only with the central

research team.

6.15.1.7 Reporting

Each site’'s MRI scans will be centrally reviewed for quality before recruitment. The MRI

scans will be interpreted by 2 radiologists who have experience in reporting prostate MRI

scans. A reporting template will be used to help standardise the extracted information

6.15.1.8 Additional Image Acquisition Points

Acquire MRI using the femoral heads as bony landmarks to achieve true orthogonal
axial and coronal images of the prostate (rather than along the prostate gland base

to apex axes)

Anatomic coverage for all three planes includes; superiorly the bladder neck, all
of the seminal vesicles through the prostate gland to inferiorly the prostate apex.
Laterally the medial aspects of the femoral heads and posteriorly the anterior rectum
and all of the seminal vesicles. Anteriorly the symphysis pubis should also be

included

BOLD sequence — a radiologist will select the axial slices that contains the maximum
tumour dimension for the BOLD imaging. Multiple gradient-recalled echo images
will be acquired at the tumour location with varying TE, from 5 to 75 ms in 10-ms
intervals (example parameters: TR=100 ms, flip angle =40°, field of view=200
mm, 256x256 matrix, SL=8 mm) from which R2* maps will be calculated (5-6

minutes)

IVIM imaging— This will involve acquiring diffusion weighted imaging with several
additional b-values between 0 and 1000 s/mm2 in addition to the standard b-values
obtained

Planned b-values (Diagnostic Scanner) of 0, 50, 100, 200, 300, 400, 500, 600, 700,
800, 900, and 1,000 s/mm2 and (MR-Linac) 0, 50, 100, 200, 300, 400 and 500

DCE-MRI sequence will require high temporal resolution (<10 s) and consists of a
series of axial TIWI gradient echo sequences covering the entire prostate before,

during and after IV bolus injection (2-3 mL/s) of gadolinium contrast (4 second
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temporal resolution). Variable flip angles will be used to allow for quantitative

analysis.

6.15.1.9 Data Transfer

Anonymised imaging, radiotherapy and clinical data will be shared between Mount Vernon,
The Christie, Leeds Teaching Hospitals NHS Trust and University of Leeds for patients
within the study to allow a more complete analysis. This will be explicit in the consent
form. Following de-identification of the imaging data at the local site, anonymised data
will be sent to the research team using the secure and encrypted NHS Egress platform
(https://Ift.nhs.net). All imaging will be stored securely in a RO-PIP trial specific folder
on the Leeds Teaching Hospitals NHS Server which can only be accessed by the study

chief investigator, principal investigators and members of the research team.

6.15.1.10 Data Analysis

This feasibility study is intended to be hypothesis generating for future studies.
Therefore, it is not designed to demonstrate statistical significance and no formal
sample size calculation will be performed. Quantitative perfusion maps will be derived
from the T2* BOLD sequences. Quantitative DCE-MRI analysis will be undertaken
using Platform for Research in Medical Imaging (PMI) or Madym Open Source
Software. BOLD and IVIM data will be analysed using in-house developed software and
DIPY (a 3D/4D+ imaging library in Python — https://dipy.org/). The whole prostate
and lesion will be contoured in Raystation (v11.1). DICOM images and contour
structures will be imported in WorldMatch (v9.0) to generate masks for whole prostate,
lesion, and background prostate gland (with lesion subtracted away from the whole
prostate). These masks will be used to calculate volume (mm3) for the lesion and
background prostate. WorldMatch will be used to generate re-sampled masks to apply
to parameter maps from quantitative imaging sequences. Correlations with radiotherapy
isodoses and toxicity endpoints will be investigated. Descriptive statistics will be
presented, including the median and inter-quartile range (IQR) values obtained for the

lesion and background prostate.
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B SPIRITV

STANDARD PROTOCOL ITEMS: RECOMMENDATIONS FOR INTERVENTIONAL TRIALS

SPIRIT 2013 Checklist: Recommended items to address in a clinical trial protocol and
related documents*

Section/item ItemNo Page No Description

Administrative information

Title 1 1 Descriptive title identifying the study design,
population, interventions, and, if applicable, trial
acronym

Trial registration 2a 2 Trial identifier and registry name. If not yet

registered, name of intended registry

2b 2 All items from the World Health Organization Trial
Registration Data Set
Protocol version 3 1 Date and version identifier
Funding 4 Sources and types of financial, material, and other
support
Roles and 5a 1 Names, affiliations, and roles of protocol
responsibilities contributors
5b 1 Name and contact information for the trial sponsor
5c 1 Role of study sponsor and funders, if any, in study

design; collection, management, analysis, and
interpretation of data; writing of the report; and the
decision to submit the report for publication,
including whether they will have ultimate authority
over any of these activities

5d 1 Composition, roles, and responsibilities of the
coordinating centre, steering committee, endpoint
adjudication committee, data management team,
and other individuals or groups overseeing the
trial, if applicable (see Item 21a for data monitoring

committee)
Introduction
Background and 6a 4 Description of research question and justification
rationale for undertaking the trial, including summary of

relevant studies (published and unpublished)
examining benefits and harms for each
intervention



6b

Objectives 7
Trial design 8
Study setting 9

Eligibility criteria 10

Interventions 1la
11b
1l1c
11d

Outcomes 12

Participant timeline 13

10/11

9/10

Explanation for choice of comparators
Specific objectives or hypotheses

Description of trial design including type of trial (eg,
parallel group, crossover, factorial, single group),
allocation ratio, and framework (eg, superiority,
equivalence, noninferiority, exploratory)

Methods: Participants, interventions, and
outcomes

Description of study settings (eg, community clinic,
academic hospital) and list of countries where data
will be collected. Reference to where list of study
sites can be obtained

Inclusion and exclusion criteria for participants. If
applicable, eligibility criteria for study centres and
individuals who will perform the interventions (eg,
surgeons, psychotherapists)

Interventions for each group with sufficient detail to
allow replication, including how and when they will
be administered

Criteria for discontinuing or modifying allocated
interventions for a given trial participant (eg, drug
dose change in response to harms, participant
request, or improving/worsening disease)

Strategies to improve adherence to intervention
protocols, and any procedures for monitoring
adherence (eg, drug tablet return, laboratory tests)

Relevant concomitant care and interventions that
are permitted or prohibited during the trial

Primary, secondary, and other outcomes, including
the specific measurement variable (eg, systolic
blood pressure), analysis metric (eg, change from
baseline, final value, time to event), method of
aggregation (eg, median, proportion), and time
point for each outcome. Explanation of the clinical
relevance of chosen efficacy and harm outcomes
is strongly recommended

Time schedule of enrolment, interventions
(including any run-ins and washouts),
assessments, and visits for participants. A
schematic diagram is highly recommended (see
Figure)



Sample size

Recruitment

Allocation:

Sequence
generation

Allocation
concealment
mechanism

Implementation

Blinding (masking)

14

15

16a

16b

16¢

17a

17b

12

12

12

12

12

n/a

n/a

Estimated number of participants needed to
achieve study objectives and how it was
determined, including clinical and statistical
assumptions supporting any sample size
calculations

Strategies for achieving adequate participant
enrolment to reach target sample size

Methods: Assignment of interventions (for
controlled trials)

Method of generating the allocation sequence (eg,
computer-generated random numbers), and list of
any factors for stratification. To reduce
predictability of a random sequence, details of any
planned restriction (eg, blocking) should be
provided in a separate document that is
unavailable to those who enrol participants or
assign interventions

Mechanism of implementing the allocation
sequence (eg, central telephone; sequentially
numbered, opaque, sealed envelopes), describing
any steps to conceal the sequence until
interventions are assigned

Who will generate the allocation sequence, who
will enrol participants, and who will assign
participants to interventions

Who will be blinded after assignment to
interventions (eg, trial participants, care providers,
outcome assessors, data analysts), and how

If blinded, circumstances under which unblinding is
permissible, and procedure for revealing a
participant’s allocated intervention during the trial

Methods: Data collection, management, and
analysis



Data collection 18a
methods

18b

Data management 19

Statistical methods 20a

20b

20c

Data monitoring 21a

21b

12/13

13

13

13

14

13/14

13

12

Plans for assessment and collection of outcome,
baseline, and other trial data, including any related
processes to promote data quality (eg, duplicate
measurements, training of assessors) and a
description of study instruments (eg,
questionnaires, laboratory tests) along with their
reliability and validity, if known. Reference to
where data collection forms can be found, if not in
the protocol

Plans to promote participant retention and
complete follow-up, including list of any outcome
data to be collected for participants who
discontinue or deviate from intervention protocols

Plans for data entry, coding, security, and storage,
including any related processes to promote data
quality (eg, double data entry; range checks for
data values). Reference to where details of data
management procedures can be found, if not in the
protocol

Statistical methods for analysing primary and
secondary outcomes. Reference to where other
details of the statistical analysis plan can be found,
if not in the protocol

Methods for any additional analyses (eg, subgroup
and adjusted analyses)

Definition of analysis population relating to protocol
non-adherence (eg, as randomised analysis), and
any statistical methods to handle missing data (eg,
multiple imputation)

Methods: Monitoring

Composition of data monitoring committee (DMC);
summary of its role and reporting structure;
statement of whether it is independent from the
sponsor and competing interests; and reference to
where further details about its charter can be
found, if not in the protocol. Alternatively, an
explanation of why a DMC is not needed

Description of any interim analyses and stopping
guidelines, including who will have access to these
interim results and make the final decision to
terminate the trial



Harms

Auditing

Research ethics
approval

Protocol
amendments

Consent or assent

Confidentiality

Declaration of
interests

Access to data

Ancillary and post-
trial care

22

23

24

25

26a

26b

27

28

29

30

12

12

12

13

18

14

19

Plans for collecting, assessing, reporting, and
managing solicited and spontaneously reported
adverse events and other unintended effects of
trial interventions or trial conduct

Frequency and procedures for auditing trial
conduct, if any, and whether the process will be
independent from investigators and the sponsor

Ethics and dissemination

Plans for seeking research ethics
committee/institutional review board (REC/IRB)
approval

Plans for communicating important protocol
modifications (eg, changes to eligibility criteria,
outcomes, analyses) to relevant parties (eg,
investigators, REC/IRBs, trial participants, trial
registries, journals, regulators)

Who will obtain informed consent or assent from
potential trial participants or authorised surrogates,
and how (see Item 32)

Additional consent provisions for collection and
use of participant data and biological specimens in
ancillary studies, if applicable

How personal information about potential and
enrolled participants will be collected, shared, and
maintained in order to protect confidentiality
before, during, and after the trial

Financial and other competing interests for
principal investigators for the overall trial and each
study site

Statement of who will have access to the final trial
dataset, and disclosure of contractual agreements
that limit such access for investigators

Provisions, if any, for ancillary and post-trial care,
and for compensation to those who suffer harm
from trial participation



Dissemination
policy

Appendices

Informed consent
materials

Biological
specimens

3la

31b

3lc

32

33

15

15

15

Available

14

Plans for investigators and sponsor to
communicate trial results to participants,
healthcare professionals, the public, and other
relevant groups (eg, via publication, reporting in
results databases, or other data sharing
arrangements), including any publication
restrictions

Authorship eligibility guidelines and any intended
use of professional writers

Plans, if any, for granting public access to the full
protocol, participant-level dataset, and statistical
code

Model consent form and other related
documentation given to participants and authorised
surrogates

Plans for collection, laboratory evaluation, and
storage of biological specimens for genetic or
molecular analysis in the current trial and for future
use in ancillary studies, if applicable

*It is strongly recommended that this checklist be read in conjunction with the SPIRIT 2013
Explanation & Elaboration for important clarification on the items. Amendments to the
protocol should be tracked and dated. The SPIRIT checklist is copyrighted by the SPIRIT
Group under the Creative Commons “Attribution-NonCommercial-NoDerivs 3.0 Unported”

license.




- 202 -

Chapter 7
Discussion

7.1 Summary of aims

This thesis investigated different aspects of the prostate cancer diagnostic and radiation-
related therapeutic pathway, including the role of MRI radiomic analysis for prediction
of prostate tumour hypoxia (Chapter 2), the utility of MRI-derived radiomic and hypoxia
gene signatures in predicting biochemical recurrence after prostate radiotherapy (Chapter
3), the impact of longitudinal radiomic feature changes within organs at risk during MRI-
guided prostate radiotherapy (Chapter 4), the evidence base underpinning use of salvage
radiotherapy for retreatment of locally recurrent prostate cancer (Chapter 5), and the
design of a prospective clinical trial to elucidate the best radiotherapy modality for prostate
reirradiation (Chapter 6).

The sections in this chapter will summarise each study, and the limitations and potential

future work are discussed.

7.2 Prediction of prostate tumour hypoxia using pre-treatment
MRI-derived radiomics: preliminary findings (Chapter 2)

7.2.1 Summary

This study explored the utility of models based on RFs extracted from T2W whole
prostate gland magnetic resonance imaging (MRI) and clinical features for the prediction
of prostate tumour hypoxia compared to an externally validated hypoxia gene signature
(training = 156, test = 39). The study cohort consisted of 195 consecutive patients
undergoing radiotherapy at two oncology centres with histologically confirmed high-risk
prostate cancer. Six different machine learning models (ridge regression, random forest,
elastic net, k-nearest neighbour (KNN), support vector machine (SVM), and least
absolute shrinkage and selection operator (LASSO)) were trained and tuned using
five-fold cross-validation stratified around hypoxia status (normoxia or hypoxia) with 25

repeats.

The best performing model based on mean AUC derived from the ROC curve was tested
on the unseen test set. This was a ridge regression model which selected five radiomic
features including logarithm grey level size zone matrix large area emphasis (GLSZM LAE)
and four wavelet transformed features. Wavelet transformed features are when low- (L)

or high-pass (H) filters are applied to the volumetric images, resulting in eight different
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decomposed volumes of images which can be labelled as LLL, LLH, LHL, LHH, HLL, HLH,
HHL and HHH. For example, LLH means the images have been transformed by using the
low-pass filters on the X and Y axis, and a high-pass filter on the Z-axis. The four wavelet
features selected by the model were LLH grey level co-occurrence matrix (GLCM) cluster
prominence, HLL GLCM maximal correlation coefficient (MCC), HLH first-order median
and HHH GLCM MCC. No clinical features were selected despite integrating all clinical
variables into the model. The radiomic model had a mean training validation AUC of
0.71 (SD 0.10) and outperformed the clinical model which had a mean training validation
AUC of 0.60 (SD 0.08). The AUC on the unseen test set was 0.69 (95% Cl 0.55-0.83).

7.2.2 Limitations

As described in Chapter 2, there are a number of limitations to the study:

Manual segmentation was used which is arduous and time consuming even for
experienced radiologists and can impact on the reproducibility and robustness of
radiomic studies, however to ensure feature robustness was appropriately tested, a
proportion of cases were re-segmented and interclass correlation coefficient (ICC) used
to exclude (non-reproducible) features with high intra-observer variation (if ICC < 0.8).
A discretisation method was chosen based on the combination of voxel size and bin
number, 1 and 256 respectively, that had the largest number of robust radiomic
features. Using this method does not consider whether radiomic features with little
variation are actually robust and if they actually improve overall model performance.

Both variation and robustness of radiomic features need to be considered.

Genomic profiling and imaging were performed over several years, scanner technology and
imaging protocols have evolved in the interim; imaging data used were all acquired on 1.5
Tesla (T) scanners and many did not incorporate functional imaging sequences as this
was not routine at the time of the initial imaging acquisition. Including MRI scans from
two different centres acquired on a range of different scanners with varied acquisition
parameters could be considered a limitation as there is a chance for random errors/ noise
to be present within the model from the heterogeneous imaging acquired. Paradoxically
however using this “real-world” dataset across two oncology centres may improve the

generalisability of the prediction model.

Similarly, the transcriptomic data were generated from small historic biopsy specimens
which has its own limitations. The genomics of tumour hypoxia are highly complex,
involving increased genomic instability and gene-level mutations involving several

oncogenes and tumour suppressor genes[1]. Using one specific gene signature may be
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oversimplifying this process, however a pragmatic approach to radiogenomic model
creation is required, given the scarcity of combined clinical, pathological, genomic and

imaging datasets.

Only T2W MR images were used to develop radiomic models and whole prostate
segmentations were used to extract radiomic features as not all cases had a visible
tumour on the anatomical imaging, and it was not possible to match the site of the

biopsy taken which is what was used to generate the gene signature.

7.2.3 Future work

Convolutional neural networks (CNNs) have shown promise in segmentation of the
whole prostate gland, prostate zonal anatomy and tumours [2]. Training CNNs remains
challenging without verified ground truth image data given that biopsy data is limited,
particularly with regards to spatial location, an issue encountered in the study described
in Chapter 2. Another potential limitation of CNNs is the lack of transparency of how
networks reach a decision, which could impact on the trust and acceptance amongst
clinicians and ultimately patients who are the end users that would be affected if such
Al tools translate into routine clinical use. A recent review on the acceptance of
artificial intelligence (Al) amongst healthcare professionals highlighted safety as one of
the most important factors, for example Al systems addressing more complex tasks,
such as surgical robots, were perceived as less reliable, more risky and therefore less
trustworthy[3]. In situations where an Al tool provides a treatment recommendation
that differs from a clinician’s expectations, the explainability component allows
verification as to whether the parameters considered by the Al tool make sense from the
clinical perspective [4]. Explainable models must be able to quantify why certain
predictions are made[5]. For example, Selvaraju et al. proposed a novel
gradient-weighted class activation mapping (Grad-CAM) method for visualising
important components of an image in the model decision-making process [6]. This
technique, which was applied to images of animals, used spatial information preserved
through convolutional layers to understand which parts of an input image are most
important for a classification decision, which could also be applied to medical imaging.
The output of the Grad-CAM method is a class discriminative localisation map (or heat
map) which highlights the most important pixels of a particular class and offers greater
clarity on which aspects of the imaging give the most predictive information. This helps
with explainability of the Al tool for clinicians and patients by providing a visual
representation of how different imaging features contributed to the final risk assessment.

By using these tools appropriately, explainable Al could enhance patient experience by
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making them better informed and more knowledgeable about their health condition.

The next step is to compare hypoxia radiomics signatures with specialised MR-imaging
methods developed to visualise hypoxia in prostate tumours. Intravoxel incoherent
motion (IVIM) is a technique than can detect the imbalance between oxygen
consumption and supply and has been shown to provide quantifiable measurements
which correlate with pimonidazole-staining used to identify hypoxia on histopathological
specimens[7]. It would be beneficial for future studies to establish a reproducible
method of mapping the location of biopsy samples from the index lesion to the prostate
MRI to allow direct correlation of imaging features with pathological and genomic
findings. Combining biological samples such gene signatures with quantitative functional
MRI should help to provide a more comprehensive understanding of the hypoxia
phenotype and lead to more informed treatment decisions in prostate cancer.
Oxygen-enhanced MRI (OE-MRI) is an emerging technique offering a practical tool to
assess oxygenation in normal tissues and tumours with excellent spatial resolution
compared to other imaging modalities such as positron emission tomography (PET),
which requires specialist radiochemistry, expensive radiopharmaceuticals and local
expertise that are a barrier to clinical translation [8]. OE-MRI can measure the change
in longitudinal relaxation rate (R1) of blood and tissues following inhalation of 100%
oxygen or carbogen [9]. Inhaled oxygen molecules dissolve in blood plasma and
interstitial fluid resulting in an increase in R1 (AR1) via a paramagnetic contrast effect
[10]. Including OE- MRI in multiparametric assessment of prostate cancer has been
shown to be feasible and sheds further light into the biology of the tumour
microenvironment [11].  OE-MRI also offers the opportunity to monitor tumour
oxygenation on hybrid imaging systems that combine real-time MRI with radiotherapy
delivery.  MRI Linear Accelerator (MRI-LINAC) systems can facilitate personalised
biology-guided adaptive radiotherapy (BiGART) by targeting hypoxic tumours through
dose painting or other techniques [12]. The clinical translation of these novel sequences
from diagnostic MRI systems to MRI-LINAC systems has been shown to be feasible and
have demonstrated excellent repeatability in the imaging hypoxia biomarkers, showing

promise for guiding future clinical trials [13].

As different MRI sequences reflect diverse aspects of tumour biology, combining other
analytical techniques, including radiomics, might provide complimentary information
with a higher predictive value for early treatment response. Further testing in larger
prospective cohorts is required in the first instance. Standardisation of MRI protocols
across institutions would also assist to improve reproducibility [14]. Better

understanding of temporal changes in visible and quantifiable (radiomic) imaging
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features is also required as these may differ between patients and even within the
tumour of the same patient. In addition, the relevance of observed radiomic or other
quantitative MRI metric changes in relation to treatment outcomes, such as survival,
biochemical recurrence or toxicity, needs to be more comprehensively studied to confirm

if these could be utilised as predictive imaging biomarkers in the future.

7.3 Adding MRI radiomics and hypoxia gene signature scores to
clinical variables improves prediction of biochemical recurrence-
free survival after prostate radiotherapy (Chapter 3)

7.3.1 Summary

This experiment investigated the potential utility of combining radiomic features extracted
from pre-treatment MRI, hypoxia-associated gene signature information and clinical data
for predicting biochemical recurrence free survival (BCRFS) after radiotherapy in a twin
centre cohort of men with prostate cancer. 187 patients were included from 2 centres.
The combined clinical-radiomics-hypoxia model (c-index 0.73 [0.68-0.75]) and clinical-
radiomics model (c-index 0.72 [0.68-0.74]) performed equally well and outperformed the
clinical-only (c-index 0.67 [0.62-0.70]) and clinical-hypoxia (c-index of 0.68 [0.62-0.69)
models. The selected features of the combined clinical-radiomics model included age,
International Society of Urological Pathology (ISUP) grade, tumour stage, tumour volume,

radiotherapy modality and wavelet-derived radiomic features.

Akaike Information Criterion (AIC) was used to compare performance of the models since
this provides a method to balance goodness of fit of a model with its complexity or
the number of parameters used. The smaller the AIC statistic the better the model fit.
When comparing the AIC of the combined models back with the clinical only model (null
model), the inclusion of radiomics improved the model (p=0.013), whereas the inclusion
of hypoxia-associated gene signature did not (p=0.079), unless it was also combined with
the radiomics (p=0.005). Based on AIC, the overall best-fit model was the combined
clinical, radiomic and hypoxia model (AIC=536.79).

The conclusion from this preliminary work was that adding pre-treatment MRI-derived
radiomic features to clinical variables improves the accuracy of predicting BCRFS after

prostate radiotherapy, with or without the addition of hypoxia gene signature.
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7.3.2 Limitations

As this was a retrospective study, the MRI data acquired was historic, mostly
biparametric and acquired from several different MR scanners across multiple
institutions where patients had been referred from before prior to their radiotherapy
treatment at one of two oncology centres (Leeds Cancer Centre and The Christie).
MRI-based radiomics features are highly sensitive to acquisition and reconstruction
parameters that affect the arbitrary intensity values generated on the MR image[15,16].
It was necessary to apply an image normalisation step to the image data in order to
reduce variation in imaging appearances caused by these differences in imaging
protocols, equipment, and acquisition parameters. In addition, ComBat harmonisation,
was further applied to the extracted radiomic feature data in order to pool all the
radiomic data without it being negatively impacted by multiple sources/ scanners, whilst
maintaining the biological information and ensuring comparability between centres.
There is a risk that applying ComBat results in the loss of the original physical meaning
of harmonised radiomic features due to the data being manipulated in order to account
for all samples and if externally validating an MRI-based radiomic signature in a new

cohort of patients, ComBat would need to be re-applied on all available data[17].

Only T2W MR imaging was available for all the included study patients due to the historic
MRiIs available. Functional imaging sequences such as diffusion weighted imaging (DWI)
which measures underlying tumour cell density and water diffusion provides additional
information on the cellular microenvironment and would add to the prognostic information
offered by the T2W sequence, which is mainly used for detailing anatomy [7]. A radiomics
signature derived from DWI outperformed a model using T2W MRI-derived radiomic
features for predicting survival in cervical cancer patients [18]. In prostate cancer, a
combined DWI and T2W survival prediction model outperformed models using only one
of these sequences when predicting 3-year progression-free survival [19]. Future prostate

radiomic models would further benefit from adding in these functional sequences.

Only one hypoxia-associated gene signature was used which has its own limitations as the
Ragnum signature is essentially a combination of genes whose expression is correlated with
pimonidazole, another hypoxia biomarker [20]. As this gene signature requires expression
profiling platforms measuring relative mRNA abundance, it is affected by the biopsy sample
preservation technique (e.g. fresh-frozen or FFPE), age of the FFPE blocks and by
technical batch effect which limits comparison of these hypoxia scores between different

institution cohorts.
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7.3.3 Future work

Biopsy-derived gene expression signatures show promise as prognostic hypoxia biomarkers
and a number of signatures have been developed and validated on different patient cohorts.
These signatures are processed from small tissue samples taken from only a small part of
a tumour which may fail to characterise the full extent of the disease given the presence of
multi-focal tumours and intra-tumoural heterogeneity and differences in gene expression
between tumours or parts of the tumour that also impact on molecular information. It is
also important to note that the majority of prostate biopsies taken in this study were not
MRI-targeted biopsies which is now current practice, and there is a chance that clinically
significant cancers were missed as the PROMIS trial found over half of clinically significant
cancers seen on MRI were missed with a standard transrectal biopsy undertaken without
MRI-guidance [21]. Samples taken now are likely to be more representative of tumour
behaviour with MRI visible prostate lesions generally more aggressive, larger in size and
correlated with higher histological grade [22]. There is an increasing shift towards an
MRI-guided approach to prostate cancer care. Recently, the ReIMAGINE study further
highlighted the potential role and advantage of MRI in screening for prostate cancer,
over other tests such as PSA. After identifying that one in six screened men, out of 303
patients, had a prostate lesion on MRI, the study found that two in three men with a
positive MRI and more than half of the men with significant cancer on biopsy had a PSA
<3 ng/mL [23]. A larger MRI-led approach to screening may be warranted to investigate

if this could reduce prostate cancer mortality and reduce overdiagnosis.

Dedicated hypoxia-imaging offers an opportunity to visualise changes throughout the
entire prostate gland and facilitate longitudinal measurements to be performed, for
example to monitor treatment response. One way to indirectly assess hypoxic changes in
the prostate is by measuring perfusion and vascular changes because hypoxia results in
increased expression of pro- and anti-angiogenic factors leading to the formation of
abnormal and disorganised vascular networks [24]. Dynamic contrast-enhanced (DCE)
MRI is an established method for imaging perfusion and permeability in prostate cancer
[25]. In the pre-clinical setting, DCE-MRI has been shown to detect naturally occurring
and treatment-induced tumour hypoxia, and predict hypoxia-associated radiation
response and hypoxia-induced metastasis, in pancreatic and cervical cancer and
melanoma [26]. Clinical studies of using DCE-MRI for measuring prostate tumour
hypoxia are limited, with only one pilot study involving six patients who had in vivo MR
imaging prior to radical prostatectomy [27]. Hypoxia-related gene signatures were used
as surrogates of ground truth for hypoxia. The MRI sequences included DCE-MRI as
well as T2W imaging, DWI and blood oxygen-level dependent (BOLD) imaging.
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Textural features were also extracted. In the correlation analysis, six quantitative MRI
features including the Ktrans metric from DCE-MRI were correlated with the hypoxia
gene expressions, and 28 textural features extracted from the T2W image were also
correlated. A further subanalysis was performed to validate the results observed in the
initial correlation analysis. Immunohistochemistry staining was performed using the
hypoxia marker glucose transporter 1 (GLUT-1). Pearson correlation coefficients were
calculated on a voxel level between all the candidate MRI features and GLUT-1 IHC
which found that the only significantly correlated imaging features to be 16 of the T2W
textural features and none of the quantitative MRI metrics. This study also identified
several hypoxia-related genes that were strongly associated with quantitative MRI
metrics including several genes related to cellular structure and tissue development such
as P4HA2, DDIT4, SERPINE1 and VEGFA. Overall, the associations between
quantitative MRl and gene signatures offers potential to develop combined imaging,
radiomic and genomic signatures that could be tested in larger prospective cohorts
[7,28, 29,30, 31].

7.4 Exploratory Study of Bladder and Rectum Radiomic Feature
Changes Following External Beam Radiation Therapy Delivered

on a Magnetic Resonance Imaging Linear Accelerator (MRI-
LINAC) (Chapter 4)

7.4.1 Summary

The ability to detect changes in the organs at risk during prostate radiotherapy may
facilitate better prediction of toxicity symptoms and help with patient management. In this
exploratory study, the aim was to design a robust and reproducible approach to assessing
rectal and bladder wall changes in MRI-based longitudinal radiomic features (RFs) across
a course of treatment in men undergoing MRI-guided radiotherapy for prostate cancer. 21
men were included, 10 receiving conventional fractionation external beam radiotherapy
(EBRT) (60Gy in 20 fractions over four weeks) and 11 receiving stereotactic ablative
radiotherapy (SABR) (36.25Gy in 5 fractions over two weeks) respectively. Changes
between EBRT and SABR were also compared. All patients were scanned and treated
on the 1.5T Unity MRI-LINAC (Elekta AB, Stockholm, Sweden) at The Christie Hospital
(Manchester, UK).

We demonstrated a feasible approach to measuring the longitudinal RF changes in the

organs at risk during and following prostate radiotherapy which provides opportunities for
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future research in this area. Statistically significant changes (p<0.05) were seen in the
EBRT cohort in 6 rectal RFs as early as fraction 10 over the population. Different RF
trends were observed in the EBRT bladder group across 5 time points in patients with and

without GU toxicity. Fewer longitudinal changes in the radiomic profiles were observed in
the SABR group.

7.4.2 Limitations

This was a small case series of only 21 patients, not designed or powered to identify
statistically significant changes within treatment or toxicity subgroups. The majority of
patients who experienced acute toxicity had grade 1 toxicity with only three patients
having more than grade 1 toxicity. The nature of this study was exploratory and limited
conclusions can be drawn about the role of longitudinal radiomics in predicting toxicity at
this stage. It serves as hypothesis generating research that can facilitate more extensive
data collection with a longer duration of follow-up to allow for late toxicity information to
be collected. Late toxicity occurs in approximately 10% and any future work would likely

need larger patient numbers.

One of the technical limitations was the choice of using a 2 mm uniform contraction of the
rectal contour to define the rectal wall as this may still have included material from within
the rectal lumen given the variable appearance of the rectum ranging from a fully collapsed
structure to a distended rectum with gas or luminal contents. The bladder thresholding
technique used could also have included surrounding peri-vesical fat or bladder contents
however for the purposes of radiomic feature extraction, only the manually contoured

bladder wall volumes were used.

7.4.3 Future work

There is an opportunity to further validate this toxicity radiomic signature in a larger
external dataset by using the paired imaging and clinical outcome data available from
the Multi-OutcoMe EvaluatioN of radiation Therapy (MOMENTUM) study [28]. This is
a prospective international registry, which is an academic-industrial partnership between
seven hospitals and industry partner Elekta who produce the 1.5T Unity MRI-LINAC
(Elekta AB, Stockholm, Sweden). In addition to toxicity, the expanded dataset with
long-term follow-up will allow for correlation of these longitudinal radiomic changes to
additional clinical outcomes including late toxicity i.e., occurring more than 3 months
after completion of RT and tumour control. Only first-order RFs were included in this
initial analysis which focuses on the distribution of voxel intensities however second-order

features such as shape or texture will be analysed in future.
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Measuring tissue responses during a radiotherapy course using routinely collected MR
imaging, and potentially radiomic feature analysis, could enable further personalisation
and adaptation of treatment based on identifying patients at higher risk of toxicity or
patients who have tumours that are responding poorly to treatment. Future work can
also use dose-surface mapping to further understand the relationship between anatomical

radiation dose, OAR tissue response and toxicity symptoms.

In addition to the OAR, the prostate can be assessed longitudinally using the
MRI-LINAC particularly with the advent of using quantitative MRI sequences. DCE-MRI
has a defined role in the diagnostic pathway for prostate cancer however the need for
MRI contrast agent injections, limits its role for daily treatment response monitoring
which could be achieved with the MRI-LINAC platforms. One alternative sequence to
DCE-MRI is intravoxel incoherent motion (IVIM) imaging, a technique based on DWI
which was mentioned in an earlier section. Using different diffusion weighting (b-values),
both the intravascular water movement or perfusion and extravascular water molecule
diffusion can be quantified using apparent diffusion coefficient (ADC) [29]. Using an
[VIM model, the DW-MR signal from the intravascular water molecules transported via
the blood can be separated from the signal from the extravascular water diffusion[29].
This enables the calculation of a fractional blood volume (fBV) and integrating fBV
with ADC allows for the indirect assessment of hypoxia by effectively calculating oxygen
consumption and supply leading to the development of consumption and supply-based
hypoxia (CSH) imaging [7,30,31]. A study correlating pre-operative CSH prostate
imaging with pimonidazole stained prostatectomy specimens further validated the
robustness and biological rationale for CSH imaging[7]. A study of 43 patients with
prostate cancer treated on the 1.5T MRI-LINAC had IVIM measurements at every
treatment fraction (20 in total) [32]. The IVIM diffusion coefficient metric of the
tumour increased over the course of treatment, while it remained stable in the
non-cancerous prostate, highlighting a potential to discover IVIM metrics that could

predict treatment response at an earlier time point.

7.5 Salvage Reirradiation Options for Locally Recurrent Prostate
Cancer: A Systematic Review (Chapter 5)

7.5.1 Summary

A systematic review of literature evaluating the oncological and toxicity outcomes
following salvage brachytherapy (BT) and external beam radiation therapy (EBRT) in

locally radiorecurrent prostate cancer was performed. Thirty nine studies comprising
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1967 patients were included (28 BT and 11 EBRT). In 35 studies (90%), the design was
single centre and/or retrospective and no randomised prospective studies were found.
Only one third of studies included Patient Reported Outcome Measures (PROMs). All
EBRT studies used stereotactic body radiation therapy (SBRT). Twelve BT studies used
low dose-rate BT (LDR-BT) only, 11 used high dose-rate BT (HDR-BT) only, 4 used
LDR-BT or HDR-BT and one used pulsed-dose rate only.

This systematic review found that both salvage HDR-BT and SBRT provided similar
biochemical control and low rates of late GU and GI toxicity. Salvage LDR-BT however
had reports of higher late GU/GI toxicity. Prospective randomised trials directly comparing
HDR-BT with SBRT and assessing PROMSs as well as cancer control outcomes in the

setting of prostate reirradiation are needed.

7.5.2 Limitations

The overall quality of the included reirradiation studies was low largely due to missing
or unreported data and inconsistencies in reporting of outcome and toxicity data. The
majority of studies were non-comparative retrospective case series with differences in
baseline patient demographics, primary and /or salvage treatments, reported endpoints and
use of androgen deprivation therapy (ADT). The treatment fractionation schedules and
delivery approach were also highly variable. A meta-analysis was therefore not conducted

to quantitatively compare the studies.

Only one third of studies in the systematic review reported PROMs therefore the impact
of reirradiation on quality of life was not well assessed, particularly with SBRT where
only one of the eleven included studies evaluated PROMs outcomes. It is likely that the
true rates of toxicity experienced by patients were underestimated by only using clinician
reported tools [33]. The Consolidated Standards of Reporting Trials Patient Reported
Outcome (CONSORT-PRO) extension in 2013 addressed how to best report PROs in
clinical trials and studies and meta-analyses found trials using PROs as a primary endpoint
were associated with more favourable PRO reporting highlighting the attention that is
required to improve collection of PROMs|[34,35]. Brachytherapy radiotherapy trials were
associated with better PROM reporting [35].

Using validated PROM questionnaires such as the Expanded Prostate Cancer Index (EPIC)
tool may help to identify patients most at risk of significant toxicity from salvage therapies
by finding those who already have baseline GU and Gl symptoms. Integrating longitudinal
PROM assessments into future clinical trials is important to ascertain the time-dependent

nature of treatment toxicity onset/resolution after treatment [33,36].
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7.5.3 Future work

This systematic review highlighted and reinforced the need for a future prospective
randomised trial comparing BT and EBRT. It has informed the EBRT and HDR-BT
dose fractionation approach for a prospective trial. This has directly led to the

development of the RO-PIP trial which was discussed in Chapter 6.

Since the systematic review was undertaken, there have been further publications on
salvage RT for recurrent prostate cancer. A single centre retrospective study of 20
patients found the two-year progression-free survival (PFS) rate to be 81.5% [37]. In
addition, the study showed that prostate reirradiation delayed the need for ADT for
12-39 months which helped preserve patient quality of life. Reirradiation was well
tolerated and all completed their treatment. No grade 3 toxicity was reported. Study
limitations were heterogenous patient characteristics including variable irradiation of the
pelvis, previous hormonal therapy, and the presence of lymph node disease in 20% of
patients. The patients in this study also had no pathological confirmation of local
recurrence and diagnosis was based on PET and MRI imaging. A further multicentre
retrospective study of MRI-guided SBRT (n=18) treated with a total dose ranging from
25 to 40 Gy in 5 fractions reported no grade 2 acute GU toxicity events and 22.2%
acute Gl toxicity events, with a one-year local control rate of 88.9% [38]. As with the
majority of studies included in this systematic review, this study was affected by the
small patient cohort size given that only centres with capabilities to deliver MRI-guided
RT were included. Further limitations were the heterogeneous range of prescription RT
doses and the limited follow-up period. Ultimately, these issues limit the conclusions
that can be drawn about the effectiveness and toxicity of salvage BT and SBRT.
Prospective trials with clear entry criteria and standardised treatment protocols are still
needed to validate the toxicity and long-term clinical outcomes associated with the

salvage treatment of locally recurrent prostate cancer.

7.6 Reirradiation Options for Previously Irradiated Prostate
cancer (RO-PIP): Feasibility study investigating toxicity
outcomes following reirradiation with stereotactic body
radiotherapy (SBRT) versus high-dose-rate brachytherapy
(HDR-BT) (Chapter 6)

7.6.1 Summary

The reirradiation options for previously irradiated prostate cancer (RO-PIP) trial is the

first randomised control trial that aims to determine the feasibility of recruitment to a
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trial randomising patients to salvage HDR-BT or SBRT and provide prospective data on
patient recorded toxicity outcomes that will inform a future phase Ill trial. As this trial
has a 2 year recruitment window from the point at which the final recruitment site has

opened, followed by a 2 year follow-up period, it will continue after the completion of my
PhD.

At the point of writing up this thesis, 4 patients had been recruited over a period of 10

months since the first site opened, although all 3 sites have only been open for 3 months.

7.6.2 Limitations

Due to the feasibility design of the study, it was not powered to assess for differences
in outcome between SBRT and HDR-BT arms. Delays were experienced between the
trial receiving ethical approval to the opening of the trial at the 3 sites with over 6
months between the first and the final site opening. This has affected the screening and
recruitment of potential trial patients. The RO-PIP Trial timelines are highlighted in
Figure 7.1.

Mount Vernon

Opened
Oy 2 Second patient End of patient
recruited (Christie) recruitment period
Ethical Approval 19/04/2023 31/05/2025
granted
04/07/2022

Christie Opened First patient treated

28/10/2022 (HDR brachytherapy) Efncll}of patient _tn:I
A > 31/05/2027
First patient recruited Leeds Opened
(Christie) 31/05/2023
15/11/2022

Figure 7.1 Current RO-PIP Trial Timelines

To date the main reasons that potential screened trial patients were not eligible was due to
delays in awaiting further investigations e.g. PSMA PET-CT, failure to meet the inclusion
criteria pre-salvage prostate specific antigen (PSA) or general anaesthetic or thrombosis

concerns.
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After feedback from the study sites about recruitment after the first 6 months of trial
opening, it was decided that amendments to the study inclusion/ exclusion criteria would
be required to increase the pool of potential participants. The criteria amended included
removing the exact pre-salvage radiotherapy PSA cut off of less than 50 ng/ml as some
patients may be very close to this threshold but only slightly over and should still be
offered treatment. Inclusion criteria 7 has been amended from 'biochemical recurrence’
to 'recurrence’ to reflect that all patients would have biopsy-confirmed local recurrence
anyway (standard of care). Finally, inclusion criteria 15 has been amended so there is
greater flexibility for androgen deprivation therapy (ADT) to be given at the discretion
of the treating oncologist. None of these changes have any implications on the patient
or participants already on the study. The specification for treatment duration of the 2
fraction HDR-Brachytherapy arm has also been amended (the two treatments can be
performed 1 day to 2 weeks apart) to allow more flexibility between treatment technique
at participating sites and enable more patients to be recruited. The amendment was

granted by the Health Research Authority on 8th June 2023 and implemented at all sites.

7.6.3 Future work

At completion, this study will determine the feasibility of recruitment to a prostate
reirradiation trial with different RT treatment arms. If it were to be feasible to recruit
patients then a phase 3 trial would be designed that would be powered to assess the
difference in oncological and toxicity outcomes between the two treatments. Even if the
trial was not feasible, the study will help in setting up a standardised radiotherapy
treatment protocol, including dose fractionation and delivery for salvage prostate

radiotherapy that would help inform future multicentre studies.

The translational work in this study will seek to further understand the role of MR
imaging in the global hypoxia assessment of the prostate tumour and whole gland
following radiotherapy. The addition of intravoxel incoherent motion (IVIM), dynamic
contrast-enhanced (DCE) imaging and blood oxygenation level dependent (BOLD)
sequences into the imaging protocol will allow for a comprehensive assessment of
perfusional and cellular changes after radiotherapy. These imaging changes will be
correlated to the pre-radiotherapy biopsy derived hypoxia-associated gene signature and
cytokine/ proteomic response to enhance our understanding of local and systemic
impact of radiotherapy.
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7.7 Future perspectives and considerations

Innovation and rapid technological developments in medicine, including artificial
intelligence and genome sequencing, have led to the emergence of radiogenomics, a new
state-of-the-art computational field that has the potential to change the practice of

personalised medicine [39].

Chapter 2 demonstrated the feasibility of using features derived from anatomical T2W
MRI for predicting prostate tumour hypoxia compared to a pimonidazole validated
hypoxia-associated gene signature. Given that hypoxia is linked to metastatic disease
and radioresistance, there is an opportunity to improve treatment of hypoxic prostate
tumours.  Recent approaches to safely increase radiation doses to the dominant
intraprostatic lesions has shown promising results, with the aim of overcoming the
effects of hypoxia, an approach called biologically adapted radiotherapy[40]. This relies
on an MRI-guided approach and tumour hypoxia mapping. There is an opportunity to
develop a radiogenomic approach to identify the most hypoxic or aggressive tumours
using routinely acquired multiparametric MRI. Future work requires correlation of
radiogenomic signatures with hypoxia MRI sequences such as IVIM and OE-MRI [7,10].

Preliminary results integrating either radiomics or biopsy-based hypoxia-associated gene
signatures into clinical prediction models have demonstrated improved accuracy of
predicting survival and disease progression [19,20,41]. Chapter 3 investigates how these
imaging-based and genomic biomarkers relate to each other in prostate cancer and their
combined impact on survival outcomes to understand how to fully exploit any synergistic
potential. In cervical cancer, using a multifactorial biomarker that incorporates both
imaging and gene expression signatures gave better prediction of progression free
survival [42]. Future testing of a combined imaging and genomic model in external
datasets is vital to show whether this is generalisable and has a role in future clinical
decision making. Before radiomic signatures can be tested in a clinical trial setting, a
reproducible pipeline must be established including standardisation of image acquisition,
pre-processing, analysis and data mining processes [43]. Current radiomics approaches
largely use basic intensity, shape and textural features extracted from a region of
interest however integrating more functional information into a radiogenomic signature,
e.g. derived from quantitative MRI or PET, would help to develop more biologically
meaningful parameters [43]. Incorporating a radiogenomic signature with a deep
learning model would also allow it to be deployed in trials, with studies in
gastrointestinal and brain tumours demonstrating the potential of using such
approaches, with further roles in predicting response to immunotherapy as well [44-47].
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The lack of predictive biomarkers for radiation-related toxicity and morbidity is a major
unmet need in modern radiation therapy. Chapter 4 demonstrates a feasible approach to
measuring the longitudinal radiomic feature changes in the pelvic organs at risk (bladder
and rectum) during MRI-guided prostate radiotherapy which provides opportunities for
future research in this area to identify metrics for measuring tissue responses during

radiotherapy that can aid treatment adaptation and optimisation.

Better understanding the landscape of prostate reirradiation is a key priority, with
regards to patient selection and choice of radiotherapy technique. Chapter 5
systematically reviewed published literature which overall was of low quality with missing
or unreported data on both clinical and toxicity outcomes, along with a lack of
standardised treatment techniques and dose fractional schedules. This work did reveal
that the best evidence to date for reirradiation and salvage treatment was for HDR-BT
or EBRT and reinforced the need for a future prospective randomised trial comparing
these. This led to the design of a prospective feasibility study (Chapter 6) which is
ongoing and should provide data on patient recorded toxicity outcomes that will inform

a future phase Il trial.

7.8 Conclusions

This thesis has addressed several aspects of prostate cancer non-surgical treatment
pathway, by exploring advanced imaging analysis to predict tumour hypoxia, combining
radiomic and hypoxia-associated gene signature information with clinical data to guide
more accurate outcome prediction, identifying potential imaging markers of radiation
toxicity, evaluation of the optimal radiation treatment modality for reirradiation and
provisionally assessed the potential for imaging to assist with biologically adapted
radiotherapy in the future. The relationship between MRI biomarkers and tumour
hypoxia has been studied to better understand how this biological phenomenon can be
predicted non-invasively using imaging and the integration of clinical data with imaging
and genomic information to better predict how patients respond to radiotherapy
treatment. Systematically reviewing the prostate reirradiation literature highlighted the
need for prospective comparative studies comparing salvage brachytherapy with EBRT
for locally recurrent prostate cancer and this led to the design of the RO-PIP study
which will evaluate HDR-BT with EBRT in a randomised control trial setting. It is
hoped the completion of this trial, the first of its kind, will help inform the future of
salvage prostate reirradiation and provide useful information on the side effect profile of

these treatments including the impact on quality-of-life assessments. | have gained
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useful experience in setting this trial up, including liaising with different institutions and
stakeholders such as working with Leeds Clinical Trials Unit and initiating translational
collaborations with the Manchester Cancer Research Centre Biobank to facilitate
prostate sample processing and storage which will enable future research evaluating the
impact of radiotherapy on hypoxia-associated gene signatures. The protocol
development, completion and submission of the ethics application for a multi-centre
study will be invaluable experience for future trials with which | am involved with. The
retrospective imaging and hypoxia biomarker work has also helped inform the design of
the prospective trial which includes novel MRI sequences designed to better understand
the hypoxic changes within the prostate and tumour, and how these are altered by
radiotherapy treatment. This should help guide future translational research and offer

opportunities to design imaging biomarker driven prostate radiotherapy trials.
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