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Abstract 

Traditional prostate radiotherapy involves conformal delivery of a spatially-uniform radiation dose 

to the whole prostate gland. While applying a focal dose escalation to macroscopic tumour identified 

on imaging is becoming popular, the dose prescription does not account for tumour biology 

heterogeneity. Biofocused radiotherapy (BiRT) has been proposed to optimise radiotherapy treatment 

planning using a tumour control probability (TCP) model and image-derived, patient-specific tumour 

biology maps to inform the model. Biologically-optimised plans are hypothesised to result in 

favourable treatment outcomes than conventional dose-based planning. This thesis aimed to apply 

the BiRT principles to prostate intensity-modulated radiotherapy (IMRT) and investigate the potential 

dosimetric benefits of biological optimisation using patient-specific, image-derived tumour biology 

distributions. 

Recommendations for TCP model parameters to be used in prostate radiotherapy  

A significant limitation in the clinical application of the BiRT principles is the uncertainties in the 

model parameters. Using a large low-dose-rate brachytherapy outcomes data set, recommendations 

for the selection of radiobiological parameters for prostate radiotherapy were made. A previously 

published set of parameters was recommended based on the results from external validation and 

parameter estimation performed on the clinical data. From the sensitivity analysis, it was highlighted 

that the TCP model was most sensitive to the population distribution parameters for radiosensitivity, 

demonstrating the importance of deriving accurate estimates of these parameters for future clinical 

implementations of BiRT.  

Application of the BiRT approach to prostate IMRT 

A framework for biological optimisation of prostate IMRT was developed to incorporate the TCP 

model in treatment planning optimisation. The main objective was to maximise the TCP while 

satisfying dose constraints for toxicity. The TCP was calculated using the recommended model 

parameter set and tumour location and cell density prediction maps derived from multiparametric 

magnetic resonance imaging (mpMRI), whilst accounting for geometric errors. Biologically-

optimised plans demonstrated the potential to improve tumour control as well as reduce the rectal and 

bladder doses compared to uniform-dose plans. 

Application of the BiRT approach to hypofractionated prostate IMRT 

The BiRT approach was applied to prostate IMRT for two commonly used hypofractionation 

schedules. Hypofractionated treatment allowed a lower biologically equivalent dose to the rectum 

and bladder compared to conventional fractionation. The normal tissue sparing effect was more 
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pronounced in extremely-hypofractionated plans, supporting further clinical investigations. From the 

robustness test against geometric errors, it was found that the plans become more sensitive to 

uncertainties with a reduced number of fractions as expected. 

Application of the BiRT approach to hypoxia-targeting prostate IMRT 

Tumour hypoxia has previously been identified as a prognostic factor for poor prostate radiotherapy 

outcome. Using mpMRI-derived hypoxia information, the BiRT principles were applied to hypoxia-

targeting prostate IMRT. Compared to focal dose escalation methods, hypoxia-targeting BiRT 

allowed a lower dose to the rectum and bladder but in exchange for an increase in patient skin dose.  
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Thesis structure 

This thesis is presented as a series of papers, where each research paper has been published or 

prepared for publication. Each research chapter also contains a foreword to establish a relationship 

with other chapters. 

The thesis contains eight chapters: 

Chapter 1 - Chapter 2 are introductory chapters of the thesis. Chapter 1 provides a general introduction 

to prostate IMRT. Chapter 2 is an overview of existing literature on biological optimisation of prostate 

IMRT, which is also a published review article. Previous work completed by our research group, 

which this thesis builds upon, and research objectives of this thesis are also presented. 

Chapter 3, Chapter 5 - Chapter 7 are published research articles and original manuscripts prepared 

for publication that detail the results of the studies undertaken. The overlapping methodology used in 

the treatment planning studies presented in Chapter 5 - Chapter 7 is consolidated in Chapter 4.   

Chapter 8 provides a general discussion of the significant findings and considerations for future 

research. A general conclusion of the thesis is also presented. 
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1.1 Prostate cancer (PCa) 

 Prostate cancer and diagnosis 

The prostate is a gland of the male reproductive system that sits between the bladder and the penis, 

and anterior to the rectum. The prostate consists of anterior fibromuscular stroma and three zones: 

the central zone, peripheral zone and transition zone (Figure 1-1). The urethra runs from the bladder 

to the penis through the centre of the prostate to allow excretion of urine.  

The primary function of the prostate gland is to secrete prostatic fluid that combines with sperm to 

make up semen. The smooth muscles in the anterior fibromuscular stroma contracts during 

ejaculation, forcing the semen through the urethra.  

 

Figure 1-1 Zonal anatomy of the prostate (sagittal depiction). 1= Peripheral zone, 2=central zone, 

3=transition zone, 4=anterior fibromuscular stroma, B=bladder, U=urethra, SV= seminal vesicle. 

(Roberts et al., 2000). 

Malignant growth of cells or tumour in the prostate gland is called prostate cancer (PCa). The 

peripheral zone is known to be the origin of up to 70% of the disease (McNeal et al., 1988). The two 

main PCa screening tests are the prostate-specific antigen (PSA) test and digital rectal examination 

(DRE). PSA is a protein produced by the prostate that can be detected by a blood test. An elevated 

PSA level compared to the normal range for the age of the patient can be an indicator of PCa. During 

a DRE, the clinician’s finger is inserted into the rectum to feel the surface of the prostate. Swelling 

and lumps in the prostate may be signs of PCa.  

As other conditions may increase PSA production and cause irregularities in the prostate, a biopsy 

and magnetic resonance imaging (MRI) are usually performed for a definitive diagnosis of PCa. 

During a biopsy, small samples of the prostate are removed using a needle under ultrasound guidance. 

A pathologist then determines whether cancer cells are present in the samples. In the presence of 

cancerous cells, two Gleason grades are assigned. A Gleason grade ranges from 1-5 and describes the 
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aggressive nature of the cells in the biopsied sample. Poorly differentiated samples that indicate a 

higher degree of aggressiveness are given a higher Gleason grade. A primary grade is given to 

describe the cells that make up the largest area of the tumour, and a second grade is given to describe 

the cells of the next largest area. The grades are then added for a final Gleason score. For example, if 

most of the tumour is grade 3 and the next largest section is grade 4, together they make up a total 

Gleason score of 7. The higher the Gleason score, the more likely that tumour will metastasise. 

Outside Australia, a simplified Gleason score system called the International Society of Urological 

Pathology (ISUP) Grade Group system (Epstein et al., 2016) is now increasingly used. A comparison 

of ISUP Grade Group system and Gleason score is summarised in Table 1-1. 

ISUP Grade Group Gleason score 

1 ≤6 

2 7 (3+4) 

3 7 (4+3) 

4 8 

5 9-10 

Table 1-1 Comparison of International Society of Urological Pathology (ISUP) Grade Group system 

and Gleason score. 

Using the results from DRE and MRI scans, a clinical T-stage is also assigned. Clinical T-staging is 

used to describe the size and location of the tumour with substages to describe further the tumour in 

detail (TNM Classification of Malignant Tumours, 2009). A summary of tumour staging information 

is listed in Table 1-2. PCa is classified into three risk groups according to the D’Amico classification 

(D’Amico et al., 1998) using the PSA level, clinical T-staging and the Gleason score (Table 1-3). The 

D’Amico classification assesses the risk of five-year biochemical failure based on these clinical 

factors. The Phoenix definition is typically used to define biochemical failure, which is the rise in 

PSA level by ≥ 2 ng/mL above the nadir (Roach et al., 2006). 
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Table 1-2 Clinical T-staging of PCa (TNM Classification of Malignant Tumours, 2009). 

 

 

Table 1-3 The D’Amico classification of PCa (D’Amico et al., 1998). 

 

 Significance in Australia 

PCa is the most commonly diagnosed cancer in Australian men, estimated to be responsible for 23.8% 

of all new male cancer diagnosis in 2018 (Australian Institute of Health and Welfare, 2017b). The 

incidence rate of PCa increased dramatically from 3607 in 1982 to 19,233 in 2013. The advancement 

of technology in transrectal ultrasound and the PSA test led to the increased diagnosis in younger 

men (Australian Institute of Health and Welfare, 2017a). In 2013, PCa was responsible for 13% of 

Stage Definition 

TX The tumour cannot be evaluated. 

T0 The tumour cannot be found. 

T1 The tumour cannot be felt during DRE. 

T2 

The tumour can be felt, but it is localised within the prostate. 

T2a: The tumour involves one-half of one side of the prostate 

T2b: The tumour involves more than one-half of one side of the prostate but not both 

sides. 

T2c: The tumour has spread into both sides of the prostate. 

T3 

The tumour has grown through the prostate on one side and into the tissue just outside 

the prostate. 

T3a: The tumour has grown through the prostate either on one or both sides of the 

prostate. 

T3b: The tumour has grown into the seminal vesicles. 

T4 
The tumour has spread into organs in the vicinity such as the bladder, rectum or the 

pelvic wall. 

 Low risk Intermediate risk High risk 

PSA (ng/mL) 0–10 10–20 ≥20 

Clinical T-stage T1–T2a T2b T2c–T4 

Gleason score ≤6 7 ≥8 
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all cancer-related deaths (Australian Institute of Health and Welfare, 2017a). Despite the high 

incidence rate, Australian PCa patients had a 95% chance of five-year survival in 2009-2013 

(Australian Institute of Health and Welfare, 2017b).  

The management and treatment of PCa is a significant economic burden on both the government and 

the patients. In Australia, medical expenses are subsidised by the government through Medicare via 

the Medicare Benefits Schedule and Pharmaceutical Benefits Scheme. It is estimated that the 

government expenditure on PCa was $383.6 million in 2016 and is expected to increase to $543.9 

million in 2025 (L. G. Gordon et al., 2016).  

 Treatment options 

For localised PCa, treatment options include radical prostatectomy and radiotherapy. Hormone 

therapy called androgen deprivation therapy (ADT) may be used to shrink the tumour before 

treatment to improve efficacy or in conjunction with radiotherapy for intermediate- or high-risk 

disease. ADT reduces androgen levels that stimulate PCa cell proliferation. 

Radical prostatectomy is the surgical removal of the prostate and may include the seminal vesicles 

and lymph nodes depending on the likelihood of recurrence. It is offered when the disease is localised 

within the prostate as the gland removal should ensure complete removal of cancer. A radical 

prostatectomy is a major surgery, and there are risks involved with the procedure. Possible side effects 

include erectile dysfunction, urinary incontinence, bowel injury and penile shortening. Men that 

undergo radical prostatectomy also become infertile. 

Radiotherapy involves irradiation of the prostate gland with ionising radiation to kill cancer cells. 

The ionising radiation causes either direct or indirect damage to DNA. The irradiated cell may be 

able to repair the damage, trigger apoptosis or lose the reproductive capacity. Cancer cells are more 

susceptible to radiation-induced damage due to their more rapidly dividing characteristics compared 

to healthy cells. Brachytherapy and external beam radiotherapy (EBRT) are the two main types of 

radiotherapy. Brachytherapy of PCa involves the insertion of radioactive sources directly into the 

gland. The sources are called seeds, and the seed number and placement are selected to give the 

desired dose distribution for each patient. For low-dose-rate (LDR) brachytherapy, the sources are 

left in the prostate permanently, and the radioactive seeds decay completely within the gland. In the 

case of high-dose-rate (HDR) brachytherapy, a single seed steps through catheters and inserted 

interstitially through the perineum into the prostate, under computer control. Each treatment typically 

takes less than 30 minutes. One or two treatments are generally administered in conjunction with a 

short course of EBRT. Advantages of brachytherapy include a sharp dose drop-off, meaning reduced 

risk of complications in neighbouring healthy tissues, fast recovery and convenience as an outpatient 
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procedure. The main disadvantage is the invasive nature of the treatment. Insertion of catheters and 

drugs administered for anaesthesia may cause side effects but are usually manageable.  

EBRT involves radiation dose delivered to the target (the volume chosen for treatment) using 

radiation beams from outside the body. Generally, the radiation beams are photons that are generated 

using a linear accelerator but can also be other particles. Beams from multiple directions may be used, 

and the beam may be on for several minutes for each treatment. Most patients undergo daily 

treatments for several weeks. Several different treatment delivery techniques are available, and 

image-guided intensity-modulated radiotherapy (IMRT) is the current standard of care for treating 

PCa with EBRT in Australia (Gorayski et al., 2015).  

1.2 Prostate IMRT 

 IMRT 

In traditional conformal radiotherapy, treatments are delivered with radiation beams of uniform 

intensity across the field. Multiple beams from several directions are used to deliver a high dose to 

the tumour while simultaneously sparing the healthy tissues by spreading out the delivered dose. The 

beams are also shaped to the target volume. The planner selects beam configuration and parameters, 

and the resulting dose distribution is then examined. The treatment parameters are adjusted until the 

desired dose distribution that provides optimal coverage of the target with minimal exposure to the 

healthy tissues is achieved. This manual trial-and-error process is called “forward planning”.  

In contrast, IMRT is an advanced form of EBRT that utilises radiation beams of variable intensity 

across the field. Variable beam intensity is realised by a special collimator called a multi-leaf 

collimator (MLC). An MLC has tungsten leaves that move in and out of the beam, allowing the 

radiation field to conform to the target volume and spare surrounding healthy tissues (Figure 1-2). 

This feature enables IMRT to have improved target conformity and normal tissue sparing compared 

to traditional conformal radiotherapy. The MLC also provides a method of delivering a non-uniform 

dose within the target volume by varying the speed of the leaves. Specifically, MLCs enable 

significantly larger dose to be delivered to the dominant lesion within the prostate, sometimes termed 

“focal dose escalation (DE)”. For IMRT, the planner defines how the resulting dose distribution 

should look in terms of planning objectives. The treatment planning software (TPS) then applies an 

optimisation algorithm that determines the optimal beam configuration and parameters that result in 

a dose distribution that closely matches the one selected by the planner through “inverse planning”. 

The computer-controlled linear accelerator delivers the treatment as calculated, and the MLC is 

controlled automatically.  
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Figure 1-2 Multi-leaf collimator (MLC) leaves conformed to shape of the target (prostate). 

Volumetric modulated arc therapy (VMAT) is the state-of-the-art IMRT technique where the gantry 

rotates in arcs as the beam intensity is modulated. Continuous delivery in VMAT allows shorter 

treatment time and treatment accuracy compared to fixed-gantry IMRT. Furthermore, VMAT 

provides superior OAR sparing by spreading out the dose over an infinite number of beams but at the 

expense of irradiated tissue volume. While VMAT is routinely used for EBRT delivery, IMRT was 

chosen as the focus as research TPS that allows the required optimiser modification in VMAT system 

was not available at the time the study.  

 Target volume definition 

Target volumes used in radiotherapy treatment planning are defined by the International Commission 

on Radiation Units and Measurements (ICRU) Report 50 (ICRU et al., 1993) and 62 (ICRU et al., 

1999). A gross tumour volume (GTV) is the gross macroscopic disease that is palpable or visible on 

images. For PCa, the GTV is not usually defined, as accurate localisation of tumour foci is difficult 

using computed tomography (CT), the default imaging modality for radiotherapy planning. Instead, 

the entire prostate gland is delineated as the clinical target volume (CTV). The CTV is the volume 

that contains the GTV(s) or microscopic disease at a certain probability and therefore must be treated. 

The planning target volume (PTV) surrounds the CTV with a margin to take account of the variations 

in size, shape and position of the CTV during treatment as well as uncertainty in patient positioning. 

Figure 1-3 is the graphical representation of the CTV and PTV in prostate IMRT. 
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Figure 1-3 Prostate IMRT target volume definition. 

 

 Treatment planning 

1.2.3.1 Patient data acquisition 

Figure 1-4 summarises the inverse treatment planning workflow for prostate radiotherapy. First, the 

patient attends a planning session. The process may start in a mould room where the patient is 

positioned on a couch of the same type as the treatment couch to simulate the treatment position, and 

if any masks or immobilisation devices are needed, they are prepared at this stage. Immobilisation 

tools such as a body mould and knee bolster provide a comfortable and reproducible position. Then, 

the patient goes for imaging, and any immobilisation device that will be used during the treatment 

will be used to position the patient for imaging. CT is the standard imaging modality for treatment 

planning; however, other imaging methods may be used if required. Then the CTV is contoured by 

radiation oncologists and the PTV and organs at risk (OARs) by physicists and/or radiation therapists. 

OARs are defined as anatomical structures with essential functions that will receive radiation dose 

due to close vicinity to the target volumes. For prostate IMRT, these include the rectum, bladder and 

head of femurs (HOFs). OARs must be outlined so that the resulting radiation dose in these volumes 

can be quantified during treatment planning to ensure they are below limits associated with common 

side effects. A margin may also be applied to the OARs to generate the planning OAR volume (PRV), 

analogous to the PTV margin around the CTV (ICRU et al., 1999). 
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Figure 1-4 Workflow for inverse treatment planning. 

 

1.2.3.2 Planning objective specification 

Classically, an ideal treatment plan would deliver a uniform prescription dose to the PTV with no 

dose delivered to the OARs. However, it is impossible to achieve perfect conformality. Furthermore, 

the OARs are often in the radiation fields so they will receive a dose. Therefore, clinicians will set 

dose-volume (DV) constraints on the regions of interest (ROIs) to define realistically achievable 

treatment goals. Treatment goals are defined such that the prescription dose may cover a fraction of 

their volume (ICRU, 2010). Here, DV parameter 𝐷𝑥 is relevant, which refers to the dose that covers 

𝑥% of the volume. The target goals are typically set to ensure that 99% of the CTV is covered by the 

prescription dose and 98% of the PTV with 95% of the prescription dose. The prescription dose for a 

conventional prostate IMRT is 78 Gy. Therefore, these goals can be translated into DV constraints 

CTV 𝐷99 ≥ 78 Gy and PTV 𝐷98 ≥ 74.1 Gy.  

DV constraints for OARs are based on acceptable normal tissue tolerances that are developed from 

observation and dose-response analyses. The Quantitative Analysis of Normal Tissue Effects in the 

Clinic (QUANTEC) group systematically reviewed the literature on DV and outcomes data for 

normal tissues. It made recommendations for DV constraints as a conservative starting point for 

treatment planning (Bentzen et al., 2010). The relevant DV parameter for an OAR is 𝑉𝑥 which is the 
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percentage volume of an OAR receiving a dose greater than or equal to 𝑥 Gy. Table 1-4 summarises 

the rectum and bladder DV constraints recommended by QUANTEC for conventionally-fractionated 

PCa radiotherapy. Gastrointestinal (GI) and genitourinary (GU) toxicities are commonly graded 

according to the Radiation Therapy Oncology Group (RTOG) and Common Terminology Criteria for 

Adverse Events (CTCAE) acute and late morbidity scoring criteria. Both scoring criteria range from 

grade 1 where side effects are mild and do not require intervention, to grade 5 if the toxicity caused 

the death of the patient, with specific criteria for common GI and GU side effects.  

 

Table 1-4 Rectum and bladder DV constraints for conventionally-fractionated PCa radiotherapy 

recommended by QUANTEC (Michalski et al., 2010; Viswanathan et al., 2010). 

 

1.2.3.3 Inverse treatment planning optimisation 

IMRT plans are generated by a TPS using inverse treatment planning optimisation algorithms.  First, 

treatment goals are translated into mathematical functions called objective functions. These objective 

functions determine how much the dose distribution under evaluation deviates from the desired goals. 

For example, an objective function for the PTV may be of the form: 

𝐹 = (𝐷𝑖 − 𝐷𝑟𝑒𝑓)
2
 (1-1) 

where 𝐷𝑖 is the planned dose in voxel 𝑖 of the PTV and 𝐷𝑟𝑒𝑓 is the prescription dose. Each objective 

function is given a weighting based on their relative importance. The weighted objective functions 

are summed as a cost function, which represents the overall deviation from the desired dose 

distribution.  

OAR Dose (Gy) Volume 

Rectum 

50 <50% 

60 <35% 

65 <25% 

70 <20% 

75 <15% 

Bladder 

65 <50% 

70 <35% 

75 <25% 

80 <15% 
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The optimiser divides each radiation beam into smaller beams called “beamlets”. The total dose in a 

voxel is the weighted sum of the dose delivered by individual beamlets. At each iteration, the 

weighting of each beamlet is adjusted, the resulting dose distribution is calculated and then evaluated 

using the cost function. The optimisation algorithm repeats the process until the cost function is 

minimised. The final dose distribution represents the optimal solution that best matches the desired 

treatment goals. A special optimisation algorithm called “direct aperture optimisation” can also 

optimise each MLC leaf position during the optimisation process to ensure physical deliverability of 

the treatment plan. 

 Plan evaluation 

Once treatment planning optimisation is complete, the dose distribution is evaluated qualitatively and 

quantitatively. First, the isodose distribution is qualitatively assessed to check that the prescription 

isodose line covers the PTV. Figure 1-5 is an example of a typical prostate IMRT plan with isodose 

lines and dose colour wash. The dose distribution can be displayed on multiple views of reconstructed 

transverse, sagittal and coronal slices. Inadequate coverage or excessive dose spillage outside the 

PTV is identified and evaluated. The plan is then quantitatively assessed using a dose-volume 

histogram (DVH). A DVH is a plot of cumulative DV frequency distribution to evaluate the dose 

distribution within ROIs. Using a DVH, quick checking of DV constraint violation is possible. Figure 

1-6 illustrates the comparison of PTV and OAR DVHs for an ideal plan (with uniform prescribed 

PTV dose) with a realistic plan. Other quantitative metrics such as homogeneity index, conformity 

index, target coverage index and quality factor can also be used (ICRU et al., 1999). These plan 

evaluation tools could be used to rank different plans for the same dose delivery technique or between 

techniques. Once the clinician is satisfied, patient-specific quality assurance (QA) procedures are 

conducted to verify delivery accuracy, either by measuring the dose distribution in a phantom or using 

secondary TPS. When all QA tests have passed, the treatment plan is approved for delivery. 
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Figure 1-5 Prostate IMRT plan with isodose lines and dose colour wash. 

 

 

Figure 1-6 Ideal (dashed) and realistic (solid) dose-volume histogram of PTV and OAR. 

 Treatment delivery 

During conventional prostate IMRT, daily exposures or fractions are delivered during the workweek 

for about eight weeks (39 fractions). On the treatment delivery day, patient preparation includes rectal 

emptying and bladder filling to provide consistent prostate position and therefore, accurate dose 

delivery. Each fraction lasts about 15-20 minutes from patient positioning to the end of dose delivery. 
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 Image-guided radiotherapy (IGRT) 

Image-guided radiotherapy (IGRT) usually refers to a radiotherapy technique that uses real-time 

imaging for target localisation during treatment planning and delivery. Throughout an 8-week-long 

treatment, anatomical changes and patient positioning can affect the location and volumes of the 

target and OARs. Image guidance is used to correct for these deviations relative to the planning 

session. These uncertainties can be classified as inter-fraction (fraction-to-fraction changes) or intra-

fraction (changes that occur during each fraction) uncertainties. Sources of inter-fraction and inter-

fraction errors in prostate IMRT are summarised in Table 1-5.  

Table 1-5 Sources of inter-fraction and intra-fraction uncertainties in prostate IMRT. 

For prostate IMRT, IGRT imaging modalities include ultrasound, cone-beam CT, kilovoltage (kV) 

and megavoltage (MV) imaging. In-room kV and MV imaging are regularly used in combination 

with implanted gold fiducial markers. The gold seeds (fiducial markers) are implanted into the 

prostate prior to the treatment planning session. Typically, three fiducials are implanted to facilitate 

assessment in the three cardinal directions. The main disadvantage of this approach is that the 

implantation procedure is invasive, and associated risks include infection, inflammation, pain, and 

bleeding. However, the risks are usually minimal. 

 Geometric errors in prostate IMRT 

In addition to the target localisation uncertainties described in section 1.2.6, there are other 

uncertainties that affect the geometric accuracy of prostate IMRT. These have either systematic or 

random effects on the delivered dose distribution. 

A systematic error occurs in the same direction with a similar magnitude for each fraction during a 

course of treatment. Systematic errors have a shifting effect on the cumulative dose distribution 

relative to the target (Figure 1-7). Therefore, systematic errors can have a significant impact on dose 

delivery accuracy as the displacement may result in unexpected underdosage of the tumour and 

Inter-fraction Intra-fraction 

Changes in tumour/prostate volume 

(tumour growth or regression) 
Respiration 

Rectal distension Peristalsis 

Bladder filling Patient movement 

Patient setup  
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overdosage of neighbouring normal structures. Systematic errors are denoted by 𝛴, defined as the 

average displacement. Possible sources of systematic errors include inter-observer variation in ROI 

delineation, change in target position or shape between the planning session and treatment, and 

changes in patient position, shape, and size. 

Random errors can vary in direction and magnitude for any given fraction. Random errors have a 

blurring effect on the cumulative dose distribution (Figure 1-8), with less impact on the target dose 

than systematic errors. Random errors are denoted by 𝜎, the standard deviation of the displacements. 

Possible sources of random errors include differences in patient position and set-up between fractions, 

changes in target position or shape between fractions, and patient motion during each fraction.  

The simplest method to account for such uncertainties is by irradiation a volume larger than the 

tumour itself, i.e. the PTV as described in section 1.2.2. The PTV encompasses the GTV with a 

margin accounting for microscopic spread (CTV) and uncertainties in delivering the planned dose to 

the CTV. 

 

Figure 1-7 Effect of systematic error on the delivered dose distribution. 

 

 

Figure 1-8 Effect of random error on the delivered dose distribution. 
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Chapter 2 Biological optimisation of prostate IMRT 
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Adapted from: Her, Emily J., Haworth, A., Rowshanfarzad, P., & Ebert, M. A. (2020). Progress 

towards Patient-Specific, Spatially-Continuous Radiobiological Dose Prescription and 

Planning in Prostate Cancer IMRT: An Overview. Cancers, 12(4), 854. 

Sections 2.1– 2.6 are reproduced exactly as published. Section 2.7 was added to introduce the BiRT 

approach in more detail and section 2.8 was modified to reflect the research gap this thesis aims to 

fill.  

2.1 Introduction 

It is well-established prostate cancer (PCa) exhibits high multifocality and heterogeneity (Løvf et al., 

2019; Meiers et al., 2007; Wei et al., 2017) and yet the current standard of care for PCa with external 

beam radiotherapy (EBRT) still largely remains a prescription of uniform, conformal dose 

distribution. Whole-gland therapy has traditionally been used due to the difficulty in precisely 

targeting tumour foci using conventional imaging techniques. With the advance in quantitative 

imaging, mainly magnetic resonance imaging (MRI) and positron emission tomography (PET), focal 

dose escalation (DE) to the dominant lesion has become popular. 

“Dose painting” was first proposed by Ling et al. (Ling et al., 2000) to target tumour characteristics 

in addition to tumour location from quantitative imaging. Tumour subvolumes with a potential 

relative radiation resistance were identified and prescribed an escalation dose (a “boost dose”). This 

initial definition of dose painting is now labelled dose-painting-by-contours (DPbC) where the boost 

subvolume(s) within the target is created with image parameter threshold(s). The disadvantage with 

discrete volumes is that they are binary: Voxels inside a volume are assumed to represent a tumour 

or more aggressive disease. In reality, the tumour biology characteristics are continuous in a three-

dimensional space. A more precise dose painting technique is called “dose-painting-by-numbers” 

(DPbN) (Bentzen, 2005). The principle is to apply dose prescription at the voxel-level according to 

tumour characteristics such as clonogen density. Advanced imaging methods that can reveal 

biological information at the voxel level are now available, along with IGRT, making DPbN feasible. 

DPbN requires demonstration of correlation between imaging features and specific tumour biology 

characteristics (Bentzen, 2005; Bentzen & Gregoire, 2011; Thorwarth, 2015) and a mathematical 

relationship to map an image-derived parameter to a voxel-level prescription dose. DPbN attempts to 

incorporate imaging data as a surrogate of biological information to improve clinical relevance. The 

top row of Figure 2-1 illustrates how quantitative imaging might be used to define an objective dose 

prescription for plan optimisation. However, conventional dose-based objectives rarely represent 

optimal tumour control. The ultimate goal of radiotherapy is to eradicate a tumour with minimal 

toxicity, which translates to a maximum tumour control probability (TCP) and minimum normal 
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tissue complication probability (NTCP). Therefore, ideally, accurate radiobiological models of TCP 

and NTCP should be incorporated in both treatment planning and evaluation to produce dose 

distributions that are more likely to result in the desired treatment outcome (endpoint) rather than 

traditional dose-based planning objectives. A mechanistic TCP model requires the determination of 

voxel-level parameters, and the bottom row of Figure 2-1 illustrates how the same quantitative 

imaging might be used to obtain that information.  

 

Figure 2-1 Pathways for optimising planned dose distribution based on the desired dose prescription 

(top) and based on the desired endpoint (bottom) using the same quantitative imaging data. 

This chapter aims to review the progress in treatment planning using image-informed tumour biology, 

from focal DE to the current trend of individualised biological treatment planning using voxel-level, 

image-derived radiobiological parameters to achieve optimal treatment outcomes, with the focus on 

prostate intensity-modulated radiotherapy (IMRT). 

2.2 Image-guided focal dose escalation in PCa IMRT 

Follow-up studies on treating PCa with a uniform-dose distribution have shown that local recurrences 

typically occur at the site of the primary tumour (Arrayeh et al., 2012; Cellini et al., 2002; Chopra et 

al., 2012; Pucar et al., 2007), suggesting the insufficiency of the conventional prescription dose. DE 

to the entire prostate gland is not practical as improved tumour control would be achieved at the 

expense of unacceptable normal tissue toxicity. Instead, delivering a focal boost dose to the dominant 

intraprostatic lesion (DIL) while irradiating the rest of the gland with the conventional prescription 

dose became popular. Concerns surrounding focal DE include difficulty in accurately delineating 
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DIL(s) (Mouraviev et al., 2011). Evolution of PCa quantitative imaging, multiparametric MRI 

(mpMRI) in particular, has been the driving force behind focal intraprostatic DE. mpMRI is the use 

of multiple anatomical and quantitative MR sequences to image different tumour characteristics and 

has demonstrated improved sensitivity and specificity in cancer detection compared to using 

anatomical T2-weighted images alone (Turkbey et al., 2011). The FLAME trial investigated the 

treatment efficacy of focal DE, the largest and the first randomised trial of its kind (Lips et al., 2011). 

The Focal Lesion Ablative Microboost in prostatE cancer (FLAME) trial used mpMRI to delineate 

the GTV1 including the DIL. Intermediate and high-risk PCa patients were randomised into the 

standard arm that delivered 77 Gy to the whole gland over 35 fractions or the experimental arm that 

received a focal boost to the GTV resulting in a total dose of 95 Gy. Focal DE demonstrated 

comparable genitourinary (GU) and gastrointestinal (GI) toxicity to the standard arm up to two years 

post-treatment (Monninkhof et al., 2018). Murray et al. recently reported on preliminary results from 

the Dose EscaLation to Intraprostatic tumour Nodules in localisEd prostATE cancer (DELINEATE) 

trial that applied focal DE to conventionally-fractionated and hypofractionated IMRT for 

intermediate- and high-risk PCa (Murray et al., 2020). An escalated dose of 82 Gy in 37 fractions 

(whole-gland dose 74 Gy/ 37 fractions) and 67 Gy in 20 fractions (whole-gland dose 60 Gy/20 

fractions) was delivered to mpMRI-defined DIL. Similar normal tissue toxicity was observed in a 

one-year follow-up in comparison with studies without focal DE. Results from other smaller studies 

involving focal DE to mpMRI-defined DIL appear promising with good tumour control and 

favourable toxicity profiles (Blumenfield et al., 2018; Meshman et al., 2020). 

2.3 Deriving the desired dose prescription from voxel-level information 

A major limitation of escalating the dose in only the DIL delineated on imaging is the risk of missing 

other biologically significant tumours as PCa is a multi-focal disease. Furthermore, a considerable 

inter-observer variation in DIL delineation on multimodality imaging has been observed (Anwar et 

al., 2014; Steenbergen et al., 2015; van Schie et al., 2018). While DPbC overcomes these 

shortcomings by systemically identifying subvolumes for homogeneous DE, it fails to utilise the 

voxel-level tumour characteristic information provided by imaging in dose prescription. As DPbN 

has the potential to offer a more sophisticated method to deliver a spatially-varying dose distribution 

using the full range of image parameters, we will now focus on DPbN as the next step in incorporating 

image-informed tumour biology in treatment planning. 

 

1 Corrected for error in the publication that defined the dose escalation region as the DIL.   
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DPbN essentially establishes a mathematical link between imaging parameters and dose prescriptions 

that optimise chosen clinical endpoints (Bentzen, 2005; Ling et al., 2000). The majority of DPbN 

studies assumed a linear relationship between image intensity and the required boost dose (Alber et 

al., 2003; Arnesen et al., 2015; Berwouts et al., 2016; S. K. Das et al., 2004; Vanderstraeten, Duthoy, 

et al., 2006). The linear function usually extends from a minimum dose, typically set to the current 

clinical dose prescription, and a maximum dose, set to a value that is considered “safe” for the target 

(Figure 2-2). The linear prescription function that is most widely adopted comes from the work of 

Vanderstraeten et al. (Vanderstraeten, Duthoy, et al., 2006): 

𝐷𝑖 = 𝐷𝑙𝑜𝑤                                            𝑖𝑓 𝐼𝑖 ≤ 𝐼𝑙𝑜𝑤 (2-1) 

𝐷𝑖 = 𝐷𝑙𝑜𝑤 +
𝐼𝑖 − 𝐼𝑙𝑜𝑤
𝐼ℎ𝑖𝑔ℎ − 𝐼𝑙𝑜𝑤

 (𝐷ℎ𝑖𝑔ℎ − 𝐷𝑙𝑜𝑤) 𝑖𝑓 𝐼𝑙𝑜𝑤 < 𝐼𝐼 < 𝐼ℎ𝑖𝑔ℎ (2-2) 

𝐷𝑖 = 𝐷ℎ𝑖𝑔ℎ                                          𝑖𝑓 𝐼𝑖 ≥ 𝐼ℎ𝑖𝑔ℎ (2-3) 

where dose values increase linearly with voxel intensity (𝐼𝑖) between 𝐷𝑙𝑜𝑤 and 𝐷ℎ𝑖𝑔ℎ, respectively, 

corresponding to 𝐼𝑙𝑜𝑤 and 𝐼ℎ𝑖𝑔ℎ. In this work, 𝐼𝑙𝑜𝑤 was not chosen as the lowest intensity found in the 

image to minimise the effect of noise. Instead, the dose was escalated between 25% and 100% of the 

95th percentile of the PET voxel intensity values. 

Other commonly used prescription functions include sigmoidal (Figure 2-2) and polynomial 

functions. Sigmoidal functions capture the biological and clinical effects of local dose deposition. As 

there is no consensus on the optimal dose prescription, Bowen et al. investigated the sensitivity of 

IMRT planned dose conformity to variations in the mathematical function used (Bowen et al., 2009). 

The planning target volume (PTV) dose was set to 70 Gy plus a hypoxia surrogate uptake-dependent 

boost dose. Cu61-ATSM PET was used as the surrogate for cellular hypoxia. Two prescription 

functions were used for surrogate uptake dependence, in the form of either an 𝑛th order polynomial 

function or a sigmoidal function (Figure 2-3). Prescription functions based on polynomials were 

found to be the least constraining on their optimised plans, while prescriptions based on a sigmoid 

mapping function were the most demanding to deliver. Interestingly, integral doses to normal tissues 

were insensitive to the shape of the prescription function. This result demonstrates that as long as 

normal tissue constraints are met, treatment efficacy strongly depends on the ability to achieve the 

required dose dictated by tumour characteristic heterogeneities. 
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Figure 2-2 Linear and non-linear (sigmoidal) prescription functions relating the PET voxel intensity 

to a local dose prescription for DPbN. 

 

Figure 2-3 Quantitative forms for prescription functions. Left: Polynomial prescriptions, and right: 

Sigmoid prescriptions (Bowen et al., 2009). 

 

Instead of image intensities, quantitative parameters derived from imaging can also be used in the 

prescription function for improved biological relevance. One example is from the work of van Schie 

et al. (van Schie et al., 2017), where a tumour probability (TP) map was used in a polynomial dose 

prescription function. The prescription dose was computed by: 

𝐷𝑝𝑟𝑒𝑠𝑐,𝑖 = 𝐷𝑚𝑖𝑛 + (𝐷𝑚𝑎𝑥 − 𝐷𝑚𝑖𝑛) × 𝑇𝑃𝑖
𝑛 (2-4) 

where 𝐷𝑝𝑟𝑒𝑠𝑐,𝑖 is the prescription dose for voxel 𝑖. 𝐷𝑚𝑖𝑛 and 𝐷𝑚𝑎𝑥 are the minimum and maximum 

prescribed dose, respectively, and 𝑛 is the polynomial order of the mapping function. In their study, 

voxel-level TP maps were derived from 30 image features from mpMRI using a logistic regression 

model in combination with a priori tumour location information from radical prostatectomy patients. 

A major drawback of DPbN studies is the use of arbitrarily-chosen functions that have not been 

validated against clinical outcomes data (Alber et al., 2003; Arnesen et al., 2015; Bowen et al., 2009; 

Thorwarth et al., 2007a; Vanderstraeten, Gersem, et al., 2006; Yan et al., 2019; Zamboglou et al., 
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2017). They are likely to be an oversimplification of the complex tumour dose-response. Furthermore, 

the maximum dose allowed in the focal DE studies is chosen such that it has previously demonstrated 

safety (Lips et al., 2011; Wong et al., 2011; Zamboglou et al., 2018), but it does not necessarily ensure 

optimal tumour control. These, together with the limitation of dose-based treatment planning in 

producing patient-specific plans, make biological optimisation attractive. 

2.4 Deriving a dose distribution with the desired endpoint from voxel-level 

information 

Biological optimisation could be broadly interpreted as any treatment planning method that 

incorporates biological information, but for this review, it is defined as an optimisation technique that 

uses a TCP model as the target objective. TCP was chosen as the focus as it directly represents the 

desired treatment outcome. 

Early formulations of the modern LQ model appeared in the late 1940s (Lea, 1946; Lea & Catcheside, 

1942) and became more established with extensive investigations in the 1970s and 1980s (Barendsen, 

1982; Chadwick & Leenhouts, 1973; Curtis, 1986; Dale, 1985; Douglas & Fowler, 1975; Fowler, 

1989; Kellerer & Rossi, 1978; Schultheiss et al., 1987; Sinclair, 1966; Thames, 1985; Thames et al., 

1988). It has now become a preferred simplified mathematical description of cell survival in response 

to radiation. Experimental results generally exhibit a linear trend followed by a shouldered quadratic 

curve with increasing dose (Figure 2-4). The model assumes that there are two components to the 

radiation damage; the linear component, 𝛼, where the number of cell deaths is proportional to the 

dose; and the quadratic component, 𝛽, where the number of cell deaths is proportional to the square 

of the dose. 𝛼 represents a single photon causing a lethal damage. 𝛽 represents two or more photons 

each causing a sublethal (potentially-repairable) damage, combining into a lethal form of damage 

(repair capability of the tumour). The survival fraction (SF) can be expressed as:  

𝑆𝐹 = exp(−𝛼𝐷 − 𝛽𝐷2) (2-5) 

where 𝐷 is the total dose. 𝛼𝐷 and 𝛽𝐷2 are linear and quadratic components. The linear and quadratic 

parameters have been given various radiobiological interpretations (Sachs, 1997), but in general, 𝛼 is 

defined as the intrinsic radiosensitivity and 𝛽, the repair capacity of the tumour.  
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Figure 2-4 The linear-quadratic (LQ) model for single exposure and repeated shoulder for 

fractionated exposure. 

While the exact mechanism of radiation-induced cell death is not yet fully understood, the consensus 

is that it is driven by cell response to the accumulation of DNA damage. Radiation causes damage by 

causing breaks in the DNA molecule via direct ionisation or indirectly by ionising other molecules 

into free radicals that in turn interacts with DNA. Damage to the base or breaks in only one of the 

strands (single-strand breaks) does not have significant biological effect as they can be readily 

repaired using the intact complementary strand as a template. Double-strand breaks, where both 

strands are damaged close to each other, are more challenging to repair. Cell survival has generally 

been described in terms of three types of damages (Hall, 1976): 

• lethal damage: severe damage to the DNA that cannot be repaired and will lead to death, 

contributes to the linear component, 𝛼. 

• sublethal damage: less severe damage, which is not lethal on its own, but when combined with 

further radiation-induced damage will result in death, contributes to the quadratic component, 

𝛽. 

• potentially lethal damage: damage that may or may not be lethal depending which part of the 

cell cycle the cell was in at the time of irradiation, can contribute to either of linear or quadratic 

components. 

𝛼/𝛽 ratio is the dose at which linear and quadratic components of cell killing are equal. Slowly 

proliferating tissues, with long cell cycle times, have more time to carry out repair of radiation damage 

than cells with shorter cell cycles. Since this also increases the number of misrepairs and therefore, 

unrepaired sublethal damages, the quadratic component becomes dominant and results in a low 
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𝛼/𝛽 ratio. With a dominant quadratic component, the survival curve of a low 𝛼/𝛽 ratio tissue exhibit 

a more curved cell survival curve than those with a higher ratio (Figure 2-5). 

 

Figure 2-5 Survival curves for tissues with a low 𝛼/𝛽 ratio (3 Gy) and a high 𝛼/𝛽 ratio (10 Gy). 

 

The temporal pattern of dose delivery can also affect the repair of sublethal damages. This temporal 

effect can be accounted for by the use of a dose protraction factor or Lea-Catcheside factor (𝐺): 

𝑆𝐹 = 𝑒𝑥𝑝(−𝛼𝐷 − 𝛽𝐺𝐷2) (2-6) 

𝐺 is given by: 

𝐺 =
2

𝐷2
∫ �̇�(𝑡) 𝑑𝑡
∞

−∞

∫ exp (−𝜆(𝑡 − 𝑡′) �̇�(𝑡′)𝑑𝑡′ 
𝑡

−∞

 (2-7) 

where �̇�(𝑡) is a time-dependent dose-rate and 𝜆 is the characteristic sublethal damage repair rate. 

𝐺 = 1 for a single acute dose.  

If a dose is broken into 𝑛 fractions, each separated by time 𝑇, then 𝐺 becomes (Thames, 1985): 

𝐺 =
2𝜃

1 − 𝜃
× (𝑛 −

1 − 𝜃𝑛

1 − 𝜃
) (2-8) 

where 𝜃 = exp (−𝜆𝑇). 

When 𝑇 is sufficiently long to allow cells to recover, sublethal damage from the previous fraction 

will have fully recovered, and the cells will behave as if they had not previously been irradiated. 𝐺 

can now be described as:  
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𝐺 =
1

𝑛
 (2-9) 

Thus, the LQ model for fractionated radiotherapy, where total dose 𝐷 is delivered in 𝑛 well-separated 

fractions of fractional dose 𝑑 (𝐷 = 𝑛𝑑), is described by: 

𝑆𝐹 = 𝑒𝑥 𝑝 (−𝛼𝐷 −
𝛽𝐷2

𝑛
) = 𝑒𝑥𝑝(−𝛼𝑛𝑑 − 𝛽𝑛𝑑2) (2-10) 

Visually, fractionated treatments are described by repeating the shouldered part of the curve (Figure 

2-4). 

On the other hand, if the treatment is prolonged, then the clinical outcome can be affected by 

repopulation of the tumour cells (clonogens). If the clonogenic population grows exponentially with 

rate 𝛾 during treatment, the LQ model becomes: 

𝑆𝐹 = exp(−𝛼𝑛𝑑 + 𝛽𝑛𝑑2) × exp (𝛾𝑇𝑒𝑥𝑝) (2-11) 

where 𝑇𝑒𝑥𝑝 is the treatment duration. It has been observed that when a more prolonged treatment 

regime is implemented, tumours take a ‘kick-off time”, 𝑇𝑘, before repopulation begins (Fowler, 1989). 

The LQ model is then modified as:  

𝑆𝐹 = 𝑒𝑥𝑝 (−𝛼𝑛𝑑 − 𝛽𝑛𝑑2 + 𝛾(𝑇𝑒𝑥𝑝 − 𝑇𝑘)) (2-12) 

This suggests that extending the treatment past the kick-off time reduces the clinical effect, by an 

amount which depends on the tumour growth rate 𝛾 = 𝑙𝑛(2) /𝑇𝑝𝑜𝑡 . 𝑇𝑝𝑜𝑡  is the tumour potential 

doubling time.  

The tumour control probability (TCP) model describes the probability of tumour inactivation with a 

dose assuming that all clonogenic cells must be killed to achieve this. Following Poisson statistics 

(Johns & Cunningham, 1983), if a population of patients with similar tumours are treated with a 

specific regimen, the probability of local control in a patient is given by: 

𝑇𝐶𝑃 = exp(−𝑁𝑚) (2-13) 

where 𝑁𝑚 is the mean number of surviving clonogens surviving in any patient. It is given by: 

𝑁𝑚 = 𝑁𝑖𝑛𝑖𝑡𝑖𝑎𝑙 × 𝑆𝐹 (2-14) 

Where  𝑁𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is the initial number of clonogenic cells and 𝑆𝐹 is the surviving fraction after a course 

of treatment. 
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For fractionated EBRT with 𝑛  fractions and 𝑑𝑖  fractional dose in voxel 𝑖,  the TCP of the 

corresponding voxel is formulated as: 

𝑇𝐶𝑃𝑖 = exp (−𝜌𝑖𝑉𝑖 𝑒𝑥𝑝 (−𝛼𝑛𝑑𝑖 − 𝛽𝑛𝑑𝑖
2 + 𝑙𝑛(2)

𝑇𝑒𝑥𝑝 − 𝑇𝑘 

𝑇𝑝𝑜𝑡
)) (2-15) 

The initial number of clonogenic cells in voxel 𝑖 , 𝑁𝑖𝑛𝑖𝑡𝑖𝑎𝑙,𝑖 , can be expressed as the product of 

clonogen density per volume, 𝜌𝑖, and volume of the voxel, 𝑉𝑖. 

Then, the overall TCP of a given dose distribution within the target structure is calculated as the 

product of all voxel TCPs: 

𝑇𝐶𝑃 =∏𝑇𝐶𝑃𝑖

𝑁

𝑖

 (2-16) 

where 𝑁 is the total number of voxels in the target structure. The formulation requires an assumption 

that individual subregions of the tumour respond independently to the response of other subregions 

or non-local dose effects. 

As radiosensitivity varies among individuals in a population, inter-patient radiosensitivity can be 

taken into account by applying a population distribution to the radiosensitivity parameter 𝛼 and then 

utilising a normalisation with a weighted sum: 

𝑇𝐶𝑃𝑖 =
∑ 𝑤(𝛼𝑘)𝑇𝐶𝑃𝑖(𝛼𝑘)𝑘

∑ 𝑤(𝛼𝑘)𝑘
 (2-17) 

where 𝑤(𝛼𝑘) is the population distribution function of 𝛼. A common quantitative form is that of a 

normal distribution, described by a mean �̅� and standard deviation 𝜎𝛼. 

Hypoxic tumour cells are radioresistant, and hence the presence of hypoxia alters the radiosensitivity 

parameters. The amount which the tumour radiosensitivity changes is described by the oxygen 

enhancement ratio (OER): 

𝛼ℎ𝑦𝑝𝑜𝑥𝑖𝑐 =
𝛼

𝑂𝐸𝑅
 (2-18) 

𝛽ℎ𝑦𝑝𝑜𝑥𝑖𝑐 =
𝛽

𝑂𝐸𝑅2
 (2-19) 
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2.5 Biological optimisation of prostate IMRT using population-based 

parameters 

Early attempts in incorporating TCP in biological optimisation often involved maximisation of 

subvolume TCP with limited modelling of intra-tumour heterogeneity from quantitative imaging. 

Kim and Tomé (Y. Kim & Tomé, 2006) used a phenomenological TCP model that only has two 

radiobiological parameters, the dose which yields a TCP of 50%, 𝐷50, and the slope of the TCP curve 

at 𝐷50, 𝛾50: 

𝑇𝐶𝑃(𝐷) =
1

1 + (
𝐷50
𝐷 )

4𝛾50
 

(2-20) 

Each subvolume was assigned different values of the radiobiological parameters depending on the 

risk of recurrence. All voxels within a subvolume were assumed to possess identical tumour 

characteristics. 𝐷50 values were derived from the published clinical data of Levegrün et al. (Levegrün 

et al., 2002). A variety of subvolume (nodule) geometries was created arbitrarily to test the feasibility 

of biological optimisation (Figure 2-6). The biological optimisation aimed to maximise TCP while 

simultaneously minimising NTCP (Källman et al., 1992). For all subvolume geometries investigated, 

the biological optimisation was feasible without a significant increase in NTCP compared to 

conventional uniform-dose plans. 

 

Figure 2-6 Subvolume (nodule) geometries. (a) One-nodule case, (b) two-nodule case, (c) doughnut-

shaped nodule case, (d) big-nodule case. Reproduced with permission from (Y. Kim & Tomé, 2006). 

Uzan et al. (Uzan et al., 2016) maximised the TCP of the DIL, identified on quantitative MRI while 

satisfying the NTCP limits for grade 2–3 rectal bleeding and grade 3 faecal incontinence. For TCP 

modelling, it was assumed that all clonogens are located uniformly inside the DIL with a constant 

clonogen density, and the dose to the CTV can control any clonogens outside the DIL. The 

radiosensitivity parameter, 𝛼, was assumed to be normally distributed within a population described 

by �̅�  = 0.185 Gy−1 and 𝜎𝛼 = 0.053 Gy−1, introducing inter-tumour heterogeneity. Biological 
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optimisation was performed using research software and the resulting plan was replanned on clinical 

software using the DV metrics. Uzan et al. reported the potential of biological optimisation in yielding 

high tumour control with promising toxicity profile. Only two patients experienced grade 2 urinary 

toxicity, and two patients had ≤ grade 2 late rectal toxicity over a median follow-up of 36 months. 

More sophisticated intra-tumour biology was modelled for Betts et al. and Haworth et al. (Betts et al., 

2015, 2017; Haworth et al., 2016), where they used location-dependent cell density distributions to 

drive biological optimisation of prostate low-dose-rate (LDR) brachytherapy. The prostate was 

divided into the apex, mid, and base segments where each was further divided into four quadrants. 

The probability of finding a tumour in each quadrant (Zeng et al., 2000) was used to assign an initial 

clonogen number to the corresponding quadrant. Biological optimisation determined the seed 

placement so that the overall TCP was maximised while maintaining the OAR DV constraints and 

restrictions on seed arrangement. The biologically-optimised plans were able to reduce the dose to 

the urethra while retaining a high TCP. This study also demonstrated robustness to random seed 

displacement compared to conventional plans. 

2.6 Biological optimisation of prostate IMRT using patient-specific, voxel-level 

parameters 

While population-based parameters can be extracted from large trial data sets, spatial voxel-level 

tumour characteristics are ideal for a patient-specific DPbN plan. Deriving an accurate, quantitative 

relationship between image features and radiobiological parameters is challenging, leading to very 

few treatment planning studies incorporating image-derived PCa parameters so far. 

Dircherl et al. (Dirscherl et al., 2012) used prostate 18F-Choline PET images to derive a voxel-level 

proliferation rate and cell density which were then used to compute dose distributions with maximum 

TCP. An independent linear relationship between each parameter and standard uptake value from 

PET was assumed. A voxel-wise prescription function was derived such that it ensures a maximum 

TCP is given for a fixed target integral dose. While a voxel-level TCP was included in treatment 

planning, the derived plans were not truly “biologically-optimised” since the optimiser did not 

iteratively evaluate TCP to derive the optimal deliverable dose distribution that maximises TCP. 

Instead, an objective function that minimised the difference between the prescribed dose and the 

planned dose was used. While this approach is likely to produce a high TCP, the mathematical 

formulation of TCP dictates that maximal TCP is achieved when individual voxel TCPs are very high 

and identical to each other (Ebert & Hoban, 1996). Therefore, the presence of one single voxel with 

a low TCP will limit the overall TCP. Failure to incorporate TCP evaluation within the optimiser 

could result in suboptimal treatment plans. 
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Grönlund et al. (Grönlund et al., 2018) used a phenomenological TCP model in biological 

optimisation of prostate radiotherapy. Apparent diffusion coefficient (ADC) calculated from 

diffusion-weighted imaging (DWI) has been correlated with Gleason score as increased cellularity 

restricts diffusion (Chaddad et al., 2018; Hambrock et al., 2011). Using published correlations, 

Gleason score of the voxel of interest, 𝐺𝑖, was determined from ADC map. Then, voxel TCP was 

computed as: 

𝑇𝐶𝑃𝑖 =
1

1 + (
𝐷50(𝐺𝑖)
𝐷

)
4𝛾50(𝐺𝑖)

 
(2-21) 

where dose-response parameters 𝐷50 and 𝛾50 are functions of the assigned Gleason score. Gleason 

score and dose-response were related by using pre-radiotherapy biopsy and post-radiotherapy 

outcomes data from 122 patients treated with a uniform dose distribution. The parameters were 

derived such that they agreed with the observed freedom from biochemical failure rate at five years 

post-radiotherapy. The proposed formalism demonstrated a potential for increasing TCP without 

extra dose burden. However, it was a dose redistribution study without the consideration of normal 

tissue toxicity. 

While improved radiobiological models have been used in biological optimisation, the derivation of 

the model parameters from imaging has primarily been limited to non-validated functions of image 

intensity. The combination of radiomics and machine learning methods appears to be a potential 

solution for accurate image-derived radiobiological parameters. Radiomics aims to extract 

quantitative features from images. These features can then be used to develop predictive models using 

machine learning methods when “ground truth” voxel-level data is available. Many investigators have 

explored and yielded promising results from using radiomics and machine learning of mpMRI for 

PCa detection, tumour aggressiveness (Gleason score) classification, and staging (Algohary et al., 

2018; Chaddad et al., 2018; Chen et al., 2019; Hectors et al., 2019; J. Lee et al., 2019; J. Li et al., 

2018; Rastinehad et al., 2011; Sun, Reynolds, et al., 2017a; Sun, Reynolds, Wraith, et al., 2019; 

Toivonen et al., 2019; Varghese et al., 2019; Z. Wang et al., 2018). Voxel-level tumour biology 

distributions generated by predictive models using mpMRI can then be used to drive biological 

optimisation of prostate radiotherapy as demonstrated by the bottom row of Figure 2-1.  

One such approach proposed by Haworth et al. is called the biofocused radiotherapy (BiRT) (Haworth 

et al., 2016, 2018). The BiRT approach utilises machine learning methods to generate voxel maps of 

tumour biology information from imaging data, which is then used in the calculation of a 
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parameterised voxel-level TCP objective for plan optimisation. The next section provides a detailed 

description of the BiRT approach.  

2.7 Biofocused radiotherapy (BiRT) 

In 2004, Haworth et al. published the work on the use of a TCP model to quantitatively assess the 

quality of LDR brachytherapy seed implants retrospectively on five patients (Haworth et al., 2004b). 

The prostate volume was divided into 12 segments, and a cell density was assigned to each segment 

based on the probability of finding tumour foci in that segment. The rest of the radiobiological 

parameters were population-based values from the literature. The model was successful in identifying 

segments of the underdosed prostate that may be at risk of local recurrence. Using the same segmented 

TCP model, the assigned cell density was then updated with the highest value if the biopsy results 

from the corresponding segment were positive. Using a large retrospective data set of patients from 

three Australian institutions, the TCP in combination with biopsy information showed correlation 

with freedom from biochemical failure (Haworth et al., 2004a) 

Using the 12-segment approach, the inverse planning algorithm for LDR biofocused therapy was 

updated for an improved resolution of 48 segments (Haworth et al., 2016). While this study too 

demonstrated biofocused plans could achieve lower OAR doses than clinical plans, it still suffered 

from limited spatial resolution and clonogen distribution based on published data. The ideal BiRT 

would involve high-resolution, voxel-level tumour biology information. Consequently, a study 

including 70 patients was carried out to investigate the use of mpMRI in providing patient-specific 

parameter values in place of population-based values. The “ground truth” in the 70-patient study for 

the correlation of tumour characteristics with mpMRI was provided by histology. The study led to 

the development of prostate specimen preparation techniques, mpMRI and histology processing 

protocols. Image co-registration methods were also developed to register histology images with ex 

vivo MRI and deformable registration to align the in vivo and ex vivo MRI data (Reynolds et al., 2015). 

The pilot study demonstrated that mpMRI data could be used to derive predictions of tumour location 

and characteristics. In the remainder of this thesis, tumour biology distribution derived from mpMRI 

refers to predictive maps generated using mpMRI as a surrogate for true tumour biology. 

Advanced image processing and machine learning methods were further developed to produce voxel-

level tumour characteristic maps (Figure 2-7). A subset of the 70-patient cohort data was used to train 

and optimise a Gaussian kernel support vector machine to predict tumour location (Figure 2-8) (Sun, 

Reynolds, et al., 2017a) and a general additive model to predict cell density (Sun et al., 2018) from 

in vivo mpMRI, using the ground truth information from histology. The developed machine learning 

models involved parameter optimisation using leave-one-out cross-validation and were tested on data 
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which was held out before the training process. The BiRT team has also developed a predictive model 

for automatic stratification of tumour aggressiveness (Gleason score) and identified potential textural 

features for flagging tumour hypoxia (Sun, Reynolds, Wraith, et al., 2019; Sun, Williams, et al., 2019). 

Image registration methods have been refined further to allow voxel-wise correlation of PET/CT with 

mpMRI and histology data of the prostate (Reynolds et al., 2018). 

 

Figure 2-7 A diagram showing the predictive model development process for BiRT. Prior to radical 

prostatectomy, in vivo mpMRI data is collected. mpMRI feature extraction and selection is performed. 

Ground truth tumour biology prediction maps are derived from the removed prostate histology. 

Ground truth maps and mpMRI data are spatially registered using ex-vivo, and in-vivo T2-weighted 

images and machine learning methods are used to build predictive models. Regarding Figure 2-1, 

the resulting predictive models can be utilised to derive the tumour biology distribution from an 

individual patient’s multiparametric images. 

 

Figure 2-8 Tumour location prediction maps from support vector machine model (blue shaded region) 

versus the ‘ground truth’ (green contour) from two patients, with the prostate volume (orange 

contour), with permission from Springer Nature Customer Service Centre GmbH: Springer Nature  

(Sun, Reynolds, et al., 2017a), copyright 2017.  
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2.8 Research gaps 

 BiRT in EBRT 

As described in section 2.7, the initial application of the BiRT approach in prostate radiotherapy has 

been focused on brachytherapy. Brachytherapy was chosen due to the high level of dose 

customisation it allows, but the approach is generalisable to all radiotherapy modalities. The potential 

of the BiRT approach has not yet been studied in EBRT. IMRT is of interest as conventional linear 

accelerators are already capable of delivering a highly inhomogeneous dose distribution dictated by 

tumour heterogeneity, i.e. through high-resolution MLC. The BiRT approach also has been limited 

to population-based tumour biology information with segment-level modelling due to the lack of 

patient-specific data. Patient-specific, voxel-level tumour biology maps are now available to be used 

with BiRT, through the development of predictive models based on mpMRI and histology.  

 Uncertainties in TCP model parameters 

The opposition to the clinical implementation of radiobiology-based treatment planning optimisation 

largely stems from the uncertainties in radiobiological modelling and model parameters (Deasy et al., 

2015; X. A. Li et al., 2012). A considerable variation in the estimates of PCa radiobiological 

parameters exists in the literature. For instance, the 𝛼/𝛽 ratio is generally considered to be less than 

5 Gy (Brenner & Hall, 1999; C. R. King & Mayo, 2000; Nickers et al., 2010; Pedicini et al., 2013; J. 

Z. Wang, Guerrero, et al., 2003a), but there is no unique agreed value. These parameters are difficult 

to measure in vivo, and often multi-institutional clinical data are used to fit the models (Dasu & Toma-

Dasu, 2012; Miralbell et al., 2012; Pedicini et al., 2013; Walsh et al., 2016; Williams et al., 2007). 

However, large inter-patient heterogeneity and limited variation in treatment approaches are 

attributed to wide confidence intervals. It remains vital to validate model parameters to be used with 

BiRT and investigate the sensitivity of the model to parameter uncertainties. 

 Robustness to targeting uncertainties 

The standard method for incorporating treatment delivery uncertainty in radiotherapy has been the 

use of a margin surrounding the CTV to generate a PTV (ICRU et al., 1999). It is assumed that the 

CTV only moves within the boundaries of the PTV and therefore the margin ensures that the 

prescribed uniform dose is delivered to the CTV with a specific likelihood. However, the PTV 

concept has several limitations as discussed by Unkelbach et al. (Unkelbach et al., 2018), which 

includes the inability to guarantee the optimal balance between tumour control and normal tissue 

toxicity. Robust optimisation or probabilistic treatment planning methods have been developed to 

overcome the limitations of using PTV by directly incorporating uncertainties in treatment planning 

optimisation (Bangert et al., 2013; Baum et al., 2006; Bohoslavsky et al., 2013; Chan et al., 2006; 
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Chan & Mišić, 2013; Lowe et al., 2017; Unkelbach & Oelfke, 2004; Witte et al., 2007). Probabilistic 

treatment planning methods are particularly important for biological optimisation since the use of 

margins for non-uniform dose distributions within the CTV is problematic. It is also relatively easier 

to incorporate uncertainties from the additional steps that involve imaging data, image registration, 

and radiobiological modelling. Clinical implementation of biological optimisation approaches, 

therefore, requires knowledge of the sources and effects of geometric errors on the dose distribution. 

With an underestimation of geometric errors, the systematic component, in particular, may result in 

treatment failure. While robustness of biologically-optimised LDR brachytherapy plans previously 

demonstrated robustness to seed displacement (Betts et al., 2015; Haworth et al., 2016), probabilistic 

methods are yet to be incorporated in the treatment planning optimisation to yield robust solutions. 

 Hypofractionation 

With a consensus that the 𝛼/𝛽 ratio of PCa is less than 5 Gy, and the neighbouring rectum and bladder 

have a higher 𝛼/𝛽 ratio of 5-8 Gy (Brenner, 2004; Rana & Rogers, 2012), hypofractionation can be 

expected to improve treatment outcome. Many randomised clinical trials investigating treatment 

safety and efficacy of hypofractionated treatments compared to standard fractionation have been 

completed with encouraging results (Abu-Gheida et al., 2019; Catton et al., 2016; Dearnaley et al., 

2012; Katz & Kang, 2014; Loblaw et al., 2013; Tiberi et al., 2017; Widmark et al., 2016, 2019). 

However, an increase in acute GI and late GU toxities has been reported for hypofractionation studies 

(Koontz et al., 2015; Wortel et al., 2019) due to difficulty in maintaining OAR doses at acceptable 

levels while delivering a high uniform dose to the PTV. Biological optimisation has the potential to 

allow a reduction in dose to the OARs through more efficient distribution of dose to the PTV. 

Biological optimisation with population-based TCP and NTCP objective functions in the 

hypofractionated treatment of high-risk PCa has previously demonstrated good biochemical control 

with comparable urinary and bowel toxicity to conventional fractionation (Onjukka et al., 2017). As 

such, the radiobiological advantage of hypofractionation may be better realised with patient-specific 

TCP models and should be considered in the BiRT approach.  

 Consideration of hypoxia 

PCa appears to be relatively hypoxic (Chopra et al., 2009; Milosevic et al., 2007; Movsas et al., 1999, 

2000; C. Parker et al., 2004), and the presence of hypoxia has been correlated with biochemical failure 

(Milosevic et al., 2012; Movsas et al., 2000). The current method of assessing hypoxia in vivo 

involves the use of polarographic electrodes or immunohistochemistry. Electrode measurements 

provide a relatively accurate measurement of tumour oxygen tension. The electrodes are ultrasound-

guided, but local blood flow may be affected by the probe that, in turn, affects the accuracy of the 

oxygen measurement (Colliez et al., 2017). Hypoxia immunohistochemistry can use either extrinsic 
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markers such as pimonidazole that becomes reduced in hypoxic environments or intrinsic markers 

such as hypoxia-inducible factors (Carnell et al., 2006; Ragnum et al., 2015). Nevertheless, both 

techniques are invasive and limited sampling equates to low spatial resolution. Non-invasive 

quantitative imaging of hypoxia is, therefore, a promising method of defining hypoxia in three-

dimensional space (Geets et al., 2013; Grosu et al., 2007; Hompland et al., 2018; Horsman et al., 

2012). Modelling studies have indicated that the failure to account for hypoxic radioresistance may 

result in inadequate dose prescription, especially for hypofractionated schedules (Carlson, Keall, et 

al., 2011; Carlson, Yenice, et al., 2011; Harriss-Phillips et al., 2016; Lindblom et al., 2014). However, 

biological optimisation studies have typically excluded hypoxia due to the lack of reliable data. 

Similarly, the effect of hypoxia has not yet been investigated with the BiRT approach. 

2.9 Research Objectives 

The aim of this thesis was to extend the application of the BiRT approach to prostate IMRT using 

patient-specific, voxel-level tumour biology prediction maps generated with the developed methods 

for individualised, biologically-optimised plans.  

The following research objectives, each representing the research chapters, were addressed in the 

thesis: 

• Objective 1: To make recommendations for the TCP model parameters for prostate radiotherapy 

using LDR brachytherapy outcomes data (Chapter 3). 

• Objective 2: To demonstrate the application of the BiRT approach to prostate IMRT (Chapter 5). 

• Objective 3: To demonstrate the application of the BiRT approach to hypofractionated prostate 

IMRT (Chapter 6). 

•  bj       4: To demonstrate the application of the BiRT approach to prostate IMRT with the 

consideration of hypoxia information derived from mpMRI (Chapter 7) 
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Chapter 3 Radiobiological parameters in a tumour control 

probability model for prostate cancer LDR brachytherapy 
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3.1 Foreword 

Clinical deployment of any biological optimisation is currently hampered by significant uncertainties 

that exist in the radiobiological models and their parameters. A previous TCP modelling study 

suggested that the use of a segment-level spatial distribution of clonogen density with the parameter 

set from Wang et al. (J. Z. Wang, Guerrero, et al., 2003a) results in clinically-observable predictions 

when assessing prostate implant quality (Haworth et al., 2004b). The TCP model with Wang et al.’s 

parameter set was then validated with retrospective clinical outcomes data from three Australian 

institutions and 423 patients treated with I-125 low-dose-rate (LDR) brachytherapy (Haworth et al., 

2013).  

Since the 2013 validation study was completed, several other parameter sets for PCa have been 

published. Furthermore, a fourth set of clinical outcomes data became available. Therefore, the 

intention of the published article contained in this chapter was to validate the model with a larger 

patient cohort and re-evaluate the parameter values to be used in future biological optimisation of 

prostate radiotherapy (Chapter 5 - Chapter 7). This study also addressed the significance of each 

model parameter in predicting treatment response.  
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Adapted from: Her, Emily J., Reynolds, H. M., Mears, C., Williams, S., Moorehouse, C., Millar, J. 

L., Ebert, M. A., & Haworth, A. (2018). Radiobiological parameters in a tumour control 

probability model for prostate cancer LDR brachytherapy. Physics in Medicine and Biology, 

63(13), 135011. © Institute of Physics and Engineering in Medicine. Reproduced with permission. 

All rights reserved. 

Sections 3.2– 3.7 are reproduced exactly as published. 

3.2 Abstract 

Aim: To provide recommendations for the selection of radiobiological parameters for prostate cancer 

(PCa) treatment planning. Recommendations were based on validation of the previously published 

values, parameter estimation and a consideration of their sensitivity within a tumour control 

probability (TCP) model using clinical outcomes data from low-dose-rate (LDR) brachytherapy. 

Methods: The proposed TCP model incorporated radiosensitivity (𝛼 ) heterogeneity and a non-

uniform distribution of clonogens. The clinical outcomes data included 849 PCa patients treated with 

LDR brachytherapy at four Australian centres between 1995 and 2012. Phoenix definition of 

biochemical failure was used. Validation of the published values from four selected literature and 

parameter estimation was performed with a maximum likelihood estimation method. Each parameter 

was varied to evaluate the change in calculated TCP to quantify the sensitivity of the model to its 

radiobiological parameters.  

Results: Using a previously published parameter set and a total clonogen number of 196 000 provided 

TCP estimates that best described the patient cohort. Fitting of all parameters with a maximum 

likelihood estimation was not possible. Variations in prostate TCP ranged from 0.004% to 0.67% per 

1% change in each parameter. The largest variation was caused by the log-normal distribution 

parameters for 𝛼 (mean, �̅� , and standard deviation, 𝜎𝛼). 

Conclusion: Based on the results using the clinical cohort data, we recommend a previously 

published data set is used for future application of the TCP model with the inclusion of a patient-

specific, non-uniform clonogen density distribution which could be derived from multiparametric 

imaging. The reduction in uncertainties in these parameters will improve the confidence in using 

biological models for clinical radiotherapy planning. 
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3.3 Introduction 

The primary aim of radiation treatment planning for prostate cancer (PCa) is to deliver a high, uniform 

dose to the entire prostate, using dose- and dose-volume-based prescription functions. However, PCa 

is known to be a highly heterogeneous disease that exhibits inter- and intra-tumour heterogeneity as 

well as multi-focal characteristics (Andreoiu & Cheng, 2010; Tosoian & Antonarakis, 2017). 

Uniform-dose treatment of PCa, therefore, has limited dose escalation capacity when targeting 

radioresistant portions of the disease due to the dose-limiting structures within and adjacent to the 

prostate. 

‘Focused therapy’ is an alternative techni ue that aims to deliver a high dose to the regions that 

contain a tumour and a lower dose to the rest of the gland, to minimise normal tissue toxicity while 

maintaining a high tumour control (Langley et al., 2012). Our group has taken a step further to 

incorporate the spatial distribution of tumour characteristics in dose distribution optimisation using a 

tumour control probability (TCP) model (Haworth et al., 2016). We call this the ‘biofocused 

radiotherapy’ (BiRT) approach. The model incorporates a non-uniform distribution of clonogen 

densities and a population-based distribution of the radiosensitivity parameter, 𝛼.  Potential 

superiority of the biofocused approach compared to conventional treatment has also been 

demonstrated in low-dose-rate (LDR) brachytherapy (Betts et al., 2015; Haworth et al., 2016). The 

BiRT approach can be applied to all radiotherapy modalities, including external beam radiotherapy 

(EBRT).  

Despite its potential, a limitation in clinical applicability of the BiRT technique lies in the large 

uncertainties in the model parameters (M. Kim et al., 2016; X. A. Li et al., 2012; Mesbahi & 

Oladghaffari, 2017). For PCa, the 𝛼/𝛽 ratio has no agreed value in the literature. A majority of the 

reported values were less than 5 Gy, suggesting late-responding tissue characteristics (Brenner & Hall, 

1999; C. R. King & Mayo, 2000; Nickers et al., 2010; Pedicini et al., 2013; J. Z. Wang, Guerrero, et 

al., 2003a). Other parameters such as repair half-time, (Carlson et al., 2004; Fowler et al., 2001; 

Nickers et al., 2010; J. Z. Wang et al., 2008; J. Z. Wang, Guerrero, et al., 2003a), potential doubling 

time (Hausterman & Fowler, 2000; Haustermans et al., 1997; Werahera et al., 2011), initial clonogen 

number and tumour heterogeneity (Brenner et al., 2002; Kastendieck, 1980; C. R. King & Mayo, 

2000) also suffer from large uncertainties. Many studies have aimed to fit clinical data to 

radiobiological models using analytical methods with large patient cohorts (Brenner et al., 2002; 

Brenner & Hall, 1999; Pedicini et al., 2013; Williams et al., 2007). However, some have led to 

unrealistic parameter estimates (C. R. King & Mayo, 2000; Shaffer et al., 2011; Williams et al., 2007). 

Thus, there is no one radiobiological parameter set that has been identified to describe PCa patients 
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the best. Most importantly, very few independent validations of the estimates with external data have 

been performed (Walsh et al., 2016; J. Z. Wang, Guerrero, et al., 2003a). For clinical implementation, 

the predictive power of these radiobiological models and their parameters must be validated 

independently. Furthermore, a sensitivity analysis of the TCP model is essential in understanding the 

significance of each parameter. Identification of the key parameters that have the most influence on 

the model will aid in improving its reliability. We also hypothesise, with an appropriate self-

consistent parameter set, that it is possible to separate biochemical failures from responders using the 

TCP model. 

The aim of the present study was therefore to provide recommendations for the selection of 

radiobiological parameters for BiRT of PCa. The study was based on the clinical outcomes of LDR 

brachytherapy patients, and the recommendations were made in consideration of the results from 

external validation, parameter estimation and sensitivity analysis of the TCP model. 

3.4 Methods 

 Patient cohort 

Data from 849 patients who received LDR monotherapy from four Australian institutions were 

included in this study. Post-implant dosimetry and subsequent prostate-specific antigen (PSA) 

profiles were available for all patients. The study was approved by Human Research Ethics 

Committees from all institutions. Patients were treated with LDR brachytherapy, and the prescription 

dose was 145 Gy to cover the entire prostate. Patients were followed up for a minimum of 3 years. 

Patient demographics are summarised in Table 3-1. Biochemical failure was defined according to the 

Phoenix criteria (Roach et al., 2006). PSA failures were reviewed to distinguish true failures from 

PSA bounces (PSA rise with spontaneous PSA fall to <0.5 ng ml−1). The median potential follow-up 

was computed using the methods described by Schemper and Smith (Schemper & Smith, 1996). All 

institutions used the Oncura model 6711 (Oncura, a Unit of GE Healthcare, Chalfont St. Giles, UK) 

I-125 seeds and TG-43 formalism to calculate the planned dose distribution (Nath et al., 1995; Rivard 

et al., 2004). Post-implant dosimetry was undertaken at 1 d post-implant at Institution 2 and at 1-

month post-implant at the remaining centres according to standard clinical practice. Dosimetry 

software used to calculate post-implant dose distribution varied between institutions. Institution 1 and 

2 used VariSeed (Varian Medical Systems, Inc., Palo Alto, CA; various versions used during data 

collection) and the post-implant CT scan to define relevant anatomy. The in-house developed 

software was used for the third institution, along with ultrasonography and shift films (Haworth et al., 

2000). The fourth institution used Plato Brachytherapy planning system (Elekta AB, Stockholm, 

Sweden; various versions used during data collection) and the post-implant CT scans. Prostate 
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volume and associated dose matrices were acquired from each institution. The dose matrices were 

converted into DVH files corresponding to each segment of the prostate (defined in section 3.4.2). 

After the publication of a previous report (Haworth et al., 2013), the authors found that inappropriate 

resampling of the dose matrix resulted in some voxels with unrealistically low dose values for 

institutions 1–3. In this study, the resampling process was excluded to ensure that low dose values 

were not obtained. The entire cohort data was used to meet each objective of this study. 

Table 3-1 Patient demographics and tumour characteristic data for each institution. iPSA = initial 

(pre-treatment) prostate-specific antigen; GS = Gleason score; YOT = year of treatment; ADT = 

androgen deprivation therapy; ADTdur = duration of androgen deprivation therapy. Range or counts 

(with percentage). 

 

 TCP model 

The TCP model has been described in detail previously (Haworth et al., 2004a, 2013). In summary, 

the TCP model was created by merging established linear-quadratic-based TCP models for non-

uniform dose and dose-rate effects as influenced by sublethal damage repair and proliferation 

capacities. The prostate gland was divided into the apex, mid-gland and base regions. Then each 

region was further divided into four segments, resulting in a total of 12 segments, as shown in Figure 

Variable 1 2 3 4 Combined 

N 140 79 105 525 849 

Age (years) 51-81 51-77 41-75 42-81 41-81 

Biochemical failures 2 (1.4%) 8 (10.1%) 18 (17.1%) 52 (9.9%) 80 (9.4%) 

Median potential 

follow-up (months) 
49.1 66.7 78.7 83.5 73.3 

iPSA (ng/mL) 1.8-19 1.7-23.3 0-10 0.3-12.8 0-23.3 

iPSA not available 1 (0.7%) 7 (8.9%) 0 (0%) 0 (0%) 8 (0.9%) 

GS      

≤6 108 (77%) 61 (77%) 104 (99%) 284 (54%) 557 (66%) 

7 30 (21%) 17 (22%) 1 (1%) 241 (46%) 289 (34%) 

8 2 (1%) 1 (1%) 0 (0%) 0 (0%) 3 (0%) 

YOT 2004-2008 1995-2000 2002-2007 2003-2012 1995-2012 

ADT 25 (18%) 48 (61%) 7 (7%) 40 (8%) 120 (14%) 

ADTdur (months) 0.9-14 2.09-15.80 1.5-13.8 1-10 0.9-15.8 
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3-1. Each segment was assigned a clonogen number based on the probability of finding tumour cells 

in that segment based on the work of Zeng et al. (Zeng et al., 2000) (Table 3-2). 

To improve the predictive power of the model, biopsy results were used to modify the assigned 

clonogen number when sufficient information was contained in the report to identify biopsy-positive 

segments (Haworth et al., 2013). Biopsy-positive segments were assigned the clonogen number 

corresponding to the very-high risk category. 

The revised expressions from Haworth et al. (Haworth et al., 2013) used to evaluate combined (whole-

gland) TCP are reproduced here. The radiosensitivity parameter 𝛼 is assumed to exhibit a log-normal 

distribution within a population with a mean �̅� and a standard deviation 𝜎𝛼 . If the distribution is 

normalised where 𝑤(𝛼𝑘)(𝑘 = 1…𝑚 samples) then the TCP is: 

𝑇𝐶𝑃 = ∑𝑤 (𝛼𝑘)𝑇𝐶𝑃(𝛼𝑘)

𝑚

𝑘=1

 (3-1) 

With the prostate divided into independent segments, the combined TCP is described by: 

𝑇𝐶𝑃(𝛼𝑘) =  𝑇𝐶𝑃𝑆𝑆1(𝛼𝑘) × 𝑇𝐶𝑃𝑆𝑆2(𝛼𝑘) × …𝑇𝐶𝑃𝑆𝑆12(𝛼𝑘) (3-2) 

where 𝑆𝑆 represents the segment that has a cell density 𝜌𝑠𝑒𝑔𝑚𝑒𝑛𝑡, that is related to the probability of 

finding tumour foci in that segment. Each 𝑇𝐶𝑃𝑆𝑆,𝑖  can be determined from the segment DVH by 

assuming independence of each partial volume represented by each bin, that is: 

𝑇𝐶𝑃𝑆𝑆(𝛼𝑘) =  ∏𝑇𝐶𝑃𝑆𝑆,𝑖

𝑁𝑆𝑆

𝑖=1

(𝛼𝑘) (3-3) 

where the segment DVH is divided into 𝑁𝑆𝑆  dose bins each centred on effective dose 𝑑𝑆𝑆,𝑖  with 

absolute volume 𝑉𝑆𝑆,𝑖. For brachytherapy where the dose-rate is exponentially decaying, TCP of a 

given segment and value of 𝛼𝑘 is:   

𝑇𝐶𝑃𝑆𝑆,𝑖(𝛼𝑘) = 𝑒𝑥𝑝 [−𝜌𝑆𝑆𝑉𝑆𝑆,𝑖 𝑒𝑥𝑝(−𝛼𝑘𝑑𝑆𝑆,𝑖𝑅𝐸𝑆𝑆,𝑖 + 𝑙𝑛(2) (
𝑇𝑐𝑟𝑖𝑡
𝑆𝑆,𝑖

𝑇𝑝𝑜𝑡
))] (3-4) 

The potential cell proliferation time, 𝑇𝑝𝑜𝑡, is assumed constant. The effective dose 𝑑𝑆𝑆,𝑖 is the dose 

delivered to infinity minus the wasted dose delivered after 𝑇𝑐𝑟𝑖𝑡
𝑆𝑆,𝑖

, the time at which cell killing owing 

to radiation damage is balanced by cell proliferation: 

𝑑𝑆𝑆,𝑖 =
𝑅0,𝑆𝑆,𝑖
𝜆

−
𝑙𝑛(2)

𝛼𝑘𝜆𝑇𝑝𝑜𝑡
 (3-5) 
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where 𝜆 is the source decay constant and 𝑅0,𝑆𝑆,𝑖 is the initial dose rate in bin 𝑖 in segment 𝑆𝑆. Webb 

and Nahum solved the Lea-Catcheside factor termed relative effectiveness (RE), for a permanent 

decaying source: 

𝑅𝐸𝑆𝑆,𝑖 = 1 +
2𝑅0,𝑆𝑆,𝑖𝜆

𝜇 − 𝜆
(
𝛽

𝛼
) [1 − exp(−𝜆𝑇𝑐𝑟𝑖𝑡

𝑆𝑆,𝑖)]
−1

× {
1

2𝜆
[1 − exp(−2𝜆𝑇𝑐𝑟𝑖𝑡

𝑆𝑆,𝑖)] −
1

𝜇 + 𝜆
[1 − exp{−𝑇𝑐𝑟𝑖𝑡

𝑆𝑆,𝑖(𝜇 + 𝜆)}]} 

(3-6) 

where 𝜇 is the exponential repair rate of sublethal DNA damage. 

The parameter set used for the model by Haworth et al. (Haworth et al., 2013) is derived from Wang 

et al. (J. Z. Wang, Guerrero, et al., 2003a). 

 

Table 3-2 Radiobiological parameters from selected literature: (Fowler et al., 2001; Pedicini et al., 

2013; Walsh et al., 2016; J. Z. Wang, Guerrero, et al., 2003a). a In cases where a parameter value 

was not specified, the corresponding value from Wang et al. was used. 

 

Parameter Wang et al. Fowler et al. Pedicini et al. Walsh et al. 

 �̅� (Gy-1) 0.15 0.0391 0.16 0.25 

𝝈𝜶 (Gy-1) 0.04 0.04a 0.04a 0.02825 

𝑻𝒑𝒐𝒕 (days) 42 42a 5.1 42a 

𝜶/𝜷 (Gy) 3.1 1.49 2.96 2.48 

𝑻𝒉𝒂𝒍𝒇 (min) 16 114 16a 16a 

Total clonogen number 300 120 292.9 6.5E+06 6.84E+06 

Clonogen 

density 

category 

Probability of  

finding cancer foci 

(%) 

Clonogen number 

Very-low <25.1 1 600 1.5524 34 450 36 252 

Low 25.1-35.2 4 360 4.2470 94 250 99 180 

Intermediate 35.2-45.3 11 900 11.6281 258 050 271 548 

High 45.3-55.4 32 300 31.5160 699 400 735 984 

Very-high >55.4 88 000 85.8783 1 905 800 2 005 488 
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Figure 3-1 Using a segmented model, the prostate was divided into 12 segments. Each segment was 

allocated a probability of finding PCa (the numbers shown in each segment). Reproduced from 

Haworth et al. (Haworth et al., 2013) copyright 2013, with permission from Elsevier. 

 Validation of radiobiological parameters 

Maximum likelihood estimation (MLE) is a method of estimating the model parameters based on 

observed outcomes and is a method commonly used in radiobiological modelling (Fowler et al., 2001; 

Shuryak et al., 2016). The parameter values that maximise the likelihood are the best estimates of the 

corresponding parameters. Log-likelihood was calculated for different radiobiological parameter sets 

available in the literature, to perform external validation on our patient cohort. Since there are only 

two possible treatment outcomes for each patient, a response or a biochemical failure, the 

observations can be described by a binomial distribution. For binomially distributed data where 𝑖 = 

patient and 𝑁 = total number of patients, the binomial log-likelihood function (LL) is described by 

Guerrero (Guerrero, 2014): 

𝐿𝐿 =  ∑[𝑙𝑜𝑔(𝑇𝐶𝑃𝑖)
(1−𝑅𝑖) + 𝑙𝑜𝑔(1 − 𝑇𝐶𝑃𝑖)

𝑅𝑖

𝑁

𝑖=1

 (3-7) 

where 𝑅𝑖=0 for a responder and 1 for a biochemical failure. 

The parameter set that attains the highest LL is considered to produce a TCP distribution that best 

describes the clinical outcome. 

The parameter sets selected from the literature had to include 𝛼, 𝛼/𝛽 and the total clonogen number 

at the minimum. The parameter sets chosen included the work of Wang et al. (J. Z. Wang, Guerrero, 

et al., 2003a), Fowler et al. (Fowler et al., 2001), Pedicini et al. (Pedicini et al., 2013) and Walsh et 

al. (Walsh et al., 2016). Wang et al.’s work were validated with high-dose-rate (HDR) brachytherapy 
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outcomes data (J. Z. Wang, Li, et al., 2003) and LDR brachytherapy patients. In 2004, Haworth et al. 

(Haworth et al., 2004b) compared the use of Fowler et al. (Fowler et al., 2001) and Wang et al.’s 

parameters in their TCP model for the assessment of prostate implant dose distribution. The work of 

Fowler et al. assumed that only the most radioresistant cells contribute to treatment outcome, and 

hence their parameter estimates are considerably different from that of Wang et al. (Table 3-2). Based 

on results from five patients investigated by Haworth et al. (Haworth et al., 2004b), it was concluded 

that Wang et al.’s parameter set best represents the clinically observable behaviour when applied to 

the TCP model. In 2013, Haworth et al. (Haworth et al., 2013) validated Wang et al.’s parameter set 

using 423 LDR brachytherapy patients (a subset of these patients was used in our study for Institutions 

1 and 3, and patients from Institution 2 were identical), which then became the default parameter set 

of the TCP model. Since Fowler et al.’s parameter has not been previously investigated with a large 

clinical data set, it was included in our study. Pedicini et al. (Pedicini et al., 2013) and Walsh et al. 

(Walsh et al., 2016) also attempted to estimate radiobiological parameters of PCa with large cohorts 

and deduced total clonogen number to be within the range of 106–107 as suggested by Wang et al. 

Furthermore, the estimated clonogen numbers for Wang et al., Walsh et al. and Pedicini et al. are 

consistent with the histopathology-derived mean clonogen number of 9.9 × 106, assuming a 

clonogenic fraction of 1% (Ghobadi et al., 2016). To our knowledge, only parameter sets from Wang 

et al. (Haworth et al., 2013; J. Z. Wang, Guerrero, et al., 2003a; J. Z. Wang, Li, et al., 2003) and 

Walsh et al. (Walsh et al., 2016) have been validated with external outcomes data. 

Although the work of Wang et al. (J. Z. Wang, Guerrero, et al., 2003a) assumed a single value of 𝛼 

in their estimation, Haworth et al. (Haworth et al., 2013) chose to apply a log-normal distribution to 

describe interpatient variability. The 𝛼 distribution parameters, �̅� and 𝜎𝛼 , were assumed to be the 

estimate of α and its standard deviation from Wang et al. (0.15 and 0.04, respectively). For each 

parameter set, the same log-normal distribution of 𝛼 was applied, according to the TCP model. 

The studies conducted by Fowler et al., Pedicini et al. and Walsh et al. did not consider a non-uniform 

distribution of clonogens and reported total clonogen numbers only. In this study, however, spatial 

heterogeneity in clonogen distribution for each of these parameter sets was introduced to ensure 

consistency with Haworth et al. This was done by first calculating the weighting of each prostate 

segment deduced from Wang et al.’s parameter set (Table 3-2) 

𝑊𝑐𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 = (
𝐶𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑛𝑢𝑚𝑏𝑒𝑟𝑐𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦

𝑇𝑜𝑡𝑎𝑙 𝑐𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑛𝑢𝑚𝑏𝑒𝑟
)
𝑊𝑎𝑛𝑔

  (3-8) 
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Then, for each parameter set, a clonogen number for each clonogen category was computed using 

Equation (3-8): 

𝑛𝑐𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦,𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑠𝑒𝑡

= 𝑊𝑐𝑙𝑜𝑛𝑜𝑔𝑒𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 × 𝑁𝑡𝑜𝑡,𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑠𝑒𝑡  
(3-9) 

A Brier score was computed for each parameter set to quantify the agreement between predicted TCP 

and the actual treatment outcome. The Brier score is defined as: 

Brier score𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑠𝑒𝑡 =
∑ (𝑇𝐶𝑃𝑖,𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑠𝑒𝑡 −𝑂𝑖)

2𝑖=1
𝑛

𝑛
 (3-10) 

where 𝑖 = 𝑖th patient, 𝑂 = 0 for a responder, 1 for a biochemical failure and 𝑛 = number of patients. 

The smaller the Brier score, the better the predictive power of the model. A calibration plot was also 

produced to evaluate the scaling and calibration of the model for each parameter set. Once individual 

TCPs were computed for a selected parameter set, the patients were discretised into ten TCP bins. 

Patients with TCP between 0 and 0.1 were assigned to bin 1, between 0.1 and 0.2 to bin 2, and so on. 

For each bin, the mean TCP value was computed as the predicted probability, and the true fraction of 

the responders was computed as the actual probability. The mean predicted probability was plotted 

against the observed proportion to produce a calibration curve. An ideal calibration curve gives a line 

of unity with a slope of 1 and intercept of 0. An intercept other than 0 indicates the presence of scaling 

issue.  

 Parameter fitting using the MLE method 

Independent parameter fitting was performed, where only one selected parameter was varied, and the 

rest remained constant. LL was computed for all possible values of the selected test parameter in the 

TCP model (Equation (3-7)). The parameter value that corresponded to the maximum LL in the 

solution space was determined as the best estimate, demonstrated by Figure 3-2. The standard 

deviation was deduced by finding data points on either side of the estimate with the value closest to 

(max LL-0.5). The 95% confidence limits were then calculated by multiplying both one-side standard 

deviations by the z-score, 1.96. 

 Statistical analysis 

TCP and D90 (the minimum dose that 90% of the prostate received) cutpoints that discriminate 

responders from biochemical failures at 60 months post-treatment were also investigated. A 

maximally selected log-rank statistics test was used where the p-value was simulated by conditional 

Monte Carlo (Lausen & Schumacher, 1992). Univariate and multivariate analyses were performed 

using Cox’s proportional hazard model with patient and tumour characteristics as covariates including 

institution, age, year of treatment, Gleason score, ADT, as well as TCP and D90. All statistical tests 
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were conducted with the R statistical language (R Foundation for Statistical Computing, Austria. 

Version 3.2.3). A test statistic (p-value) less than 0.05 was considered significant. 

 

Figure 3-2 Graphical representation of the MLE method. In this example, the best estimate of repair 

half time is 5.12 minutes. The standard deviation is deduced by projecting 𝑦 = 𝑚𝑎𝑥𝐿𝐿 − 0.5 =
−296.6 . The corresponding repair half time values are 5.10 and 5.16. Hence 𝑇ℎ𝑎𝑙𝑓−𝜎

+𝜎 =

5.12−(5.12−5.10)
+(5.16−5.12)

= 5.12−0.02
+0.04 minutes. 

 Sensitivity analysis 

The sensitivity test procedure was similar to that of Fowler et al. (Fowler, 2009). Each of the original 

parameters was altered one at a time, by ±10% to give a range of Δ20% distributed around the original 

value for all patients. The TCP was calculated at either end of the range, and their difference was 

determined. The full Δ20% deviation was then divided by the original value and then finally divided 

by 20 to give percentage change in TCP for a 1% change in the selected parameter value. The median 

percentage change in TCP and its 95% confidence interval was computed for the entire patient 

population. 

3.5 Results 

For the entire patient cohort, the median D90 was 148.7 Gy (range, 58.5–196.5 Gy) and the median 

V100 (percentage volume of the prostate that received at least 100% of the prescription dose, 145 Gy) 

was 91.4% (range, 29.0%–99.4%). The incidences of biochemical failure were estimated using the 

Kaplan–Meier curve (Figure 3-3). At 1-year, 3-year and 5-year follow-up, the biochemical failure 

rates were 0.3% (95% CI, 0%–0.8%), 2.7% (95% CI, 1.6%–3.8%), and 8.2% (95% CI 4.6%–6.4%), 

respectively. Of the entire cohort of 849 patients, 80 patients experienced biochemical failure (9.4%), 

and the median time to biochemical failure was 51 months (range, 5–120 months). 
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Figure 3-3 Freedom from biochemical failure (FFbF) rate for all patients and the number of patients 

at risk at each 20-month interval. Thinner lines indicate 95% confidence interval. 

 

Table 3-3 Log-likelihood (LL) values computed with parameter sets found in the literature. 

 

 Validation of radiobiological parameters 

Computed LL using different sets of radiobiological parameters from the selected literature are 

summarised in Table 3-3. LL computed with the data set from Wang et al. gave the highest value of 

−301.5. Figure 3-4 provides the calibration plots along with the fitted logistic function parameters 

and Brier score for each parameter set. Overall, the Wang et al. parameter set most closely matches 

the clinical observation, with the lowest Brier score while providing the best calibrated and a scaled 

calibration curve. When individual parameter values were not available in a published parameter set, 

they were replaced with the parameter value from the Wang et al. set. Minimal changes in LL was 

observed when a sensitivity analysis was performed on the replaced parameter values (results not 

shown). 

 Wang et al. Fowler et al. Pedicini et al. Walsh et al. 

LL -301.5 -502.0 -5980.0 -699.7 
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 Parameter fitting using the MLE method 

The LL function computed was not always symmetrically distributed. The mean and 95% confidence 

interval of the parameter estimates are summarised in Table 3-4. Parameter estimation with more than 

one parameter fitted simultaneously was not possible, as a maximum did not occur. A single 

independent best estimation of total clonogen number was 196 000. The 𝛼/𝛽 and the 𝑇ℎ𝑎𝑙𝑓  were 

unable to be estimated as a maximum did not occur in the feasible solution space in each case. 

 Statistical analysis 

The cutpoint values for TCP and D90 that best separate biochemical failures from responders were 

0.82 and 152 Gy (Table 3-5). Only the D90 cutpoint was statistically significant.  

On applying univariate analysis, biochemical failure according to the Phoenix definition was not 

significantly associated with institution (p-value = 0.69), age (p-value = 0.33), year of treatment (p-

value = 0.14), Gleason score (p-value = 0.13) or ADT (p-value = 0.53). Significant predictors were 

iPSA (p-value = 2.9 × 10−14), TCP (p-value = 0.04) and D90 (p-value = 0.02). Multivariate analysis 

was performed for iPSA and TCP, and iPSA and D90 and the results are summarised in Table 3-6. 

For each multivariate analysis, iPSA was the only statistically significant predictor of biochemical 

failure. 

 Sensitivity analysis 

The changes in TCP caused by variations in each of the six radiobiological parameters are 

summarised in Table 3-7. The mean of the 𝛼 distribution, �̅�, had the largest effect, which changed 

the estimated TCP by 0.67% with a 1% change in the parameter. This is an expected outcome 

considering the formulation of the TCP model (Equation (3-4)). Following �̅�, 𝜎𝛼 caused the largest 

change in TCP by 0.16% per 1% change in the parameter. The 𝛼/𝛽 and 𝑇ℎ𝑎𝑙𝑓, had the smallest effect 

with 0.004% change in TCP with a 1% change in each of the parameters. 
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Figure 3-4 Calibration curves for TCP calculated with each parameter set. The parameters used in 

each set are summarised in Table 3-2. The x-axis indicates the predicted TCP obtained using the 

corresponding parameter set, and the y-axis indicates the observed proportions. The dotted line 

represents the ideal agreement between observed and predicted probabilities. The solid red line is 

the fitted logistic function. 
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Table 3-4 Maximum likelihood estimates of the radiobiological parameters using the original values 

as the starting point. 

 

Table 3-5 TCP and D90 cutpoints for 60 months computed with maximally selected statistics using 

parameter set derived from Wang et al. 

 

Table 3-6 Results of multivariate Cox proportional-hazards analysis for biochemical failure using 

significant predictors from univariate analysis. 

 

Parameters Original values 
Estimates 

(95% confidence interval) 
LL 

�̅� (Gy-1) 0.15 0.151 (0.145, 0.155) -301.5 

𝝈𝜶 (Gy-1) 0.04 0.048 (0.042, 0.054) -296.4 

𝑻𝒑𝒐𝒕 (Days) 42 47.6 -299.8 

𝜶/𝜷 (Gy) 3.1 - - 

𝑻𝒉𝒂𝒍𝒇  (min) 16 - - 

Total clonogen number 300 120 196 000 -299.0 

→Very-low 1 600 1 038.8  

→Low 4 360 2 842  

→Intermediate 11 900 7 781  

→High 32 300 21 090  

→Very-high 88 000 57 467  

 

 TCP D90 (Gy) 

Cutpoint 0.82 152 

p-value 0.070 0.004 

 HR (95% CI) p-value 

Multivariate analysis with iPSA and TCP 

iPSA (ng ml-1) 1.20 (1.14-1.26) 3.66 × 10-13 

TCP 0.41 (0.10-1.65) 0.21 

Multivariate analysis with iPSA and D90 

iPSA (ng ml-1) 1.20 (1.14-1.26) 1.33 × 10-12 

D90 (Gy) 0.99 (0.98-1.00) 0.15 
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Table 3-7 Summary of changes in TCP from variations introduced to radiobiological parameter 

values. CI=confidence interval. 

 

3.6 Discussion 

A radiotherapy treatment planning process that can customise a dose distribution prescription to an 

individual patient requires a model that can accommodate inter-patient tumour characteristics and 

their uncertainties. The purpose of this study was to examine a mechanistic TCP model and establish 

the impact of uncertainties in the underlying parameter values as well as the impact on application to 

clinical data sets. 

The LL function computed with the Wang et al. parameters provided the highest value, indicating 

that they best describe our patient cohort. This result was further supported by the combination of a 

low Brier score and a calibration curve closest to the ideal. As expected, the parameter sets derived 

from Fowler et al. and Pedicini et al. provided the worst agreement with the observed outcome. 

Pedicini et al.’s set included a very short potential doubling time of 5 days, which is unrealistic 

considering the late-responding characteristic of PCa. The poor agreement between TCP computed 

with Fowler et al.’s parameters is most likely to be a result of modelling the most radioresistant cell 

only, reducing the overall TCP to unrealistic values. The parameters derived from Walsh et al. closely 

resembles the Wang et al. parameter set, and this is reflected in a very similar Brier score. However, 

from the calibration curve, the TCP model in conjunction with Walsh et al. parameters and the 

Original parameters 
±10% range tested  

       ∆20%  

% Change in TCP  

per 1% change in parameter 

Median (95% CI) 

𝜶/𝜷  = 3.1 Gy 2.79-3.41 0.004 (0.002, 0.011) 

�̅�  = 0.15 Gy-1 0.135,0.165 0.674 (0.254, 2.171) 

𝝈𝜶 = 0.04 Gy-1 0.036,0.044 0.157 (0.069, 0.234) 

𝑻𝒑𝒐𝒕 = 42 days 37.8-46.2 0.142 (0.041, 0.627) 

𝑻𝒉𝒂𝒍𝒇 = 16 minutes 14.4-17.6 0.004 (0.002, 0.011) 

Total clonogen number = 300120 270 108-330 132 0.045 (0.013, 0.218) 

Very-low 1 445.1-1 766.2  

Low 3 930.1-4 803.4  

Intermediate 10 710-13 090  

High 29 064-35 522  

Very-high 79 196-96 795  
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outcomes are not well calibrated nor scaled. This result is likely due to a narrower distribution of 

relatively radiosensitive cells.  

Parameter estimation could not be performed simultaneously for more than one parameter. The 

estimated total clonogen number was 196 000, which is within the combined confidence limits of 

parameter estimates and pathology-derived clonogen numbers. Similarly, all estimated parameters 

were in close agreement with the values found in the literature. Although only independent fitting 

could be performed, parameter estimates had smaller or similar uncertainties in comparison with 

estimates in the literature. This is most likely a result of a large patient cohort of 849 patients. 𝛼/𝛽 

and 𝑇ℎ𝑎𝑙𝑓 were not able to be estimated. A possible reason may be the inadequacy of the data set in 

estimating these parameters. In the case of 𝛼/𝛽, an accurate estimation can only be achieved with a 

wide range of fractionation schedules, whereas the entire cohort in this study received the same LDR 

treatment. Although a combination of modalities is often used to improve the variation, previous 

estimates in the literature suffered from large uncertainties, attributed to limited fractionation 

variation in clinical data. An example is a work of Williams et al. (Williams et al., 2007), where the 

estimate of PCa 𝛼/𝛽 was 2.6 Gy. Despite the use of a large cohort, with 3756 patients treated with 

HDR brachytherapy or EBRT, the estimate was unreliable with a wide 95% confidence interval of 

0.9-4.8 Gy. Furthermore, approximately 20% of our patients received ADT. The timing and duration 

of ADT were heterogeneous. ADT has previously been suggested to have an influence on 𝛼/𝛽. 

Williams et al. (Williams et al., 2008) reported that under castration condition, a low 𝛼/𝛽 may not 

exist and may limit the radiobiologic advantage of PCa hypofractionation. Similarly, estimation of in 

vivo 𝑇ℎ𝑎𝑙𝑓 is difficult as an accurate estimation is only possible with survival data from a wide range 

of exposure conditions. 

Maximally selected log-rank statistics provided TCP and D90 cutpoint values of 0.82 and 152 Gy, 

respectively. However, only the D90 cutpoint was statistically significant in separating biochemical 

failures from responders. This result is consistent with post-implantation dosimetry studies that 

demonstrated the association of D90 with improved outcome (Miles et al., 2008; Zelefsky et al., 2007). 

Previous cutpoint analysis with 423 patients using maximally-selected log-rank statistics resulted in 

a cutpoint value of 0.62 (Haworth et al., 2013). As the revised dose-calculation method removed the 

issue of very-low-dose bins, the elevation in the cutpoint value is evident in our analysis. Univariate 

and multivariate analyses were performed to quantify the prognostic value of the institution, age, year 

of treatment, Gleason score, ADT, iPSA, TCP and D90 on biochemical failure. Univariate analysis 

revealed iPSA, TCP and D90 to be significant predictors. However, upon multivariate analyses 

investigating iPSA and TCP, and iPSA and D90 separately indicated iPSA to be the only significant 
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predictor of biochemical failure. The loss of significance in TCP and D90 in multivariate analyses 

suggest a correlation with iPSA, possibly reflecting the unstratified patient data. T-staging 

information was not available for all patients, and therefore, risk stratification was not possible. 

Patients with a high iPSA potentially have more advanced disease, and this may be reflected in the 

biopsy results. In the model, biopsy-positive segments were assigned the highest clonogen number 

and therefore, would affect the TCP computation. The correlation between D90 and iPSA may be 

explained by the lack of spatial information in D90. 

Our study has limitations. Our TCP model is limited in describing the complex nature of radiation 

response. One significant radiobiological factor missing from our model is the presence of hypoxia. 

Hypoxia has been demonstrated to be a major determinant of tumour cell radiosensitivity (Gray et al., 

1953; Wright & Howard-Flanders, 1957); hence the treatment outcome. Hypoxia is prevalent in PCa 

and associated with early biochemical failure (Milosevic et al., 2012; Movsas et al., 2000). However, 

little is known about hypoxic fraction and its spatial distribution in PCa, and information on its 

presence, spatial distribution and correlation with other spatial parameters are not currently available. 

As such, for our analysis, we have chosen to exclude hypoxia in the modelling due to the lack of 

reliable data compatible with our model. Hence, this may have affected the validation of the results. 

Future implementation of the TCP model will include the effects of hypoxia on the radiosensitivity 

of cancer cells once data become available. The delay in accelerated repopulation was also ignored, 

as explained in the work of Haworth et al. (Haworth et al., 2004a). Furthermore, our patient cohort 

had a relatively low failure rate of 9.4%. Although the patient population was large with 849 patients, 

it is possible that a low number of events resulted in a limited estimation of parameters and weak 

statistical power. A further limitation of our data is the loss of tumour stage data for risk classification. 

Different risk groups are likely to be associated with slightly different parameter values (Miralbell et 

al., 2012; Pedicini et al., 2013; J. Z. Wang, Guerrero, et al., 2003a) and hence risk-based stratification 

analysis may have provided more reliable and accurate results in parameter estimation. 

The mean and standard deviation of the log-normal distribution of α were most influential on the TCP 

model. This result demonstrates that the radiosensitivity of clonogen cells predominantly determines 

the treatment outcome. This contrasts with the work of Haworth et al. (Haworth et al., 2004a), where 

the same TCP model was investigated. Haworth et al. concluded that the model was most sensitive 

to uncertainties in clonogen density. However, the disagreement is most likely to be due to the very 

small number of patients included in the original study and the revised dose calculation methods. The 

importance of 𝛼 distribution modelling has been discussed extensively in the literature (Brahme & 

Agren, 1987; Carlone et al., 2004; Daşu et al., 2003; Ebert & Hoban, 1996; Moiseenko, 2004; 

Schultheiss et al., 1987; Webb & Nahum, 1993; Xiong et al., 2005). Brahme (Brahme, 1984) 
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demonstrated that ignoring heterogeneity in the population produces an unrealistically steep dose-

response curve, hence the approach taken by Fowler et al. in modelling the tumour response is not 

appropriate. Several researchers have suggested that a log-normal distribution of 𝛼 may describe the 

clinical data better than a single value or a normal distribution (Haworth et al., 2004b; Keall & Webb, 

2007) and hence it was implemented in our TCP model. The pronounced sensitivity of the TCP model 

to 𝛼 distribution can be explained through the mathematical formulation of the model. The model is 

sensitive to 𝛼 as it is proportional to dose. The standard deviation of 𝛼 is also of major influence as 

the choice in 𝛼 determines the steepness and position of the TCP curve. The model was least sensitive 

to 𝛼/𝛽 and 𝑇ℎ𝑎𝑙𝑓, a reassuring result considering large uncertainties found in published literature. 

It is our aim to utilise the described TCP model in personalised BiRT of PCa. Based on our results, 

the parameter set from Wang et al. (J. Z. Wang, Guerrero, et al., 2003a) best describes the LDR 

brachytherapy patient cohort. Therefore, it is most suitable for continued use in the investigation of 

personalised treatment planning. However, due to the uncertainties in the TCP parameters, the 

application of the TCP model in clinical treatment planning is not recommended until sufficient 

improvement in the parameter estimation can be made, especially those concerning 𝛼 distribution. 

We aim to extend the TCP model to incorporate voxel-level spatial information of cancer 

characteristics. Our group has developed machine learning methods for prediction of PCa location 

based on multiparametric MRI (Sun, Reynolds, et al., 2017a). The development of such methods for 

quantitative assessment of tumour aggressiveness, clonogen cell density and hypoxia distribution are 

currently in progress. Furthermore, a framework for biological optimisation of prostate EBRT using 

voxel-level information is also under development. We believe that with the validated parameter 

values and modification to take fractionation into account, the use of this TCP model in EBRT 

treatment planning will result in dose distributions which are more directly associated with the desired 

treatment outcome. 

3.7 Conclusion 

We recommend the use of a radiobiological parameter set derived from Wang et al. (J. Z. Wang, 

Guerrero, et al., 2003a) to be used with a non-uniform distribution of clonogens and a log-normal 

distribution of 𝛼 for biofocused prostate treatment planning. It remains important to improve the 

uncertainties in parameter estimations for future clinical implementations of the proposed research. 
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Chapter 4 Methodology for the subsequent research chapters 
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4.1 Foreword 

The subsequent research chapters (Chapter 5 - Chapter 7) are treatment planning studies that utilised 

overlapping patient data, data processing methods and treatment planning optimisation methods. 

Repeated information has been consolidated in this methodology chapter.  

Adapted from: 

- Her, Emily J., Haworth, A., Sun, Y., Reynolds, H. M., Panettieri, V., Bangert, M., Williams, 

S., & Ebert, M. A. (2020). Voxel-level biological optimisation of prostate IMRT using 

patient-specific tumour location and clonogen density derived from mpMRI. Radiation 

Oncology, 15(1), 172. 

- Her, Emily J., Ebert, M. A., Kennedy, A.., Reynolds, H. M., Sun, Y., Williams, S., & Haworth, 

A. (2020). Standard versus hypofractionated intensity-modulated radiotherapy for 

prostate cancer: Assessing the impact on dose modulation and normal tissue effects 

when using patient-specific cancer biology. Physics in Medicine and Biology, doi: 

10.1088/1361-6560/ab9354. Online ahead of print. 

- Her, Emily J., Haworth, A., Sun, Y., Williams, S., Reynolds, H. M., Kennedy, A., & Ebert, 

M.A. Incorporating mpMRI-derived tumour hypoxia information in prostate IMRT 

planning to improve treatment outcome. Manuscript prepared for publication. 

 

 

 

 

 

 

 

 

 

 



56 

 

56 

 

4.2 Patient Cohort 

Each research chapter involves a subset of five randomly chosen patients from a prostate cancer (PCa) 

patient cohort who participated in a Human Research Ethics Committee approved project (Reference 

number: HREC/15/PMCC/125) at the Peter MacCallum Cancer Centre, Melbourne, Australia. 

Informed written consent was obtained from all patients, and all underwent radical prostatectomy for 

their PCa management. Two patient sets were included in the studies presented in this thesis, and 

their demographics are summarised in Table 4-1 and Table 4-2.  

Table 4-1 Patient Set 1 demographics 

 

Table 4-2 Patient Set 2 demographics 

4.3 Tumour location and cell density prediction maps 

Machine learning methods have previously been developed for predicting tumour location and cell 

density (Sun et al., 2018; Sun, Reynolds, et al., 2017a). The pipeline involved the collection of in vivo 

multiparametric magnetic resonance imaging (mpMRI) data prior to prostatectomy. MR sequences 

included T2-weighted, diffusion-weighted imaging (DWI), dynamic contrast-enhanced (DCE) MRI 

and blood-oxygen-level-dependent sequences. After prostatectomy, ex vivo MRI data were obtained 

from the specimens to aid co-registration of ground truth histology with mpMRI. Histology slides 

obtained at 5 mm intervals were annotated with tumour location and grade by an expert pathologist. 

Patient 

number 

Age  

(years) 

PSA 

(ng/mL) 
Gleason score of the dominant nodule 

Pathological 

stage 

1 59 16 7 (4+3) pT3a 

2 68 27 9 (5+4) pT3b N0 

3 68 10.5 7 (4+3) pT3a 

4 71 10 7 (3+4) pT2c 

5 63 11 7 (4+3) pT3a 

Patient 

number 

Age  

(years) 

PSA 

(ng/mL) 
Gleason score of the dominant nodule 

Pathological 

stage 

1 58 9 9 (5+4) pT3b N0 

2 64 6.1 7 (4+3) pT3a 

3 68 11 7 (4+3) pT3b N1 

4 68 42 7 (4+3) pT3a 

5 72 2.2 7 (4+3) pT3a 



57 

 

57 

 

Predictive models were fitted to ground truth histology and corresponding mpMRI parameters. 

Detailed information on the MR sequences, image registration techniques and machine learning 

methods used in the production of tumour biology prediction maps are contained in Reynolds et al. 

(Reynolds et al., 2015), Sun et al. (Sun, Reynolds, et al., 2017a) and Sun et al. (Sun et al., 2018). 

Using the developed methods, patient-specific, voxel-level tumour location and cell density per area 

(number of cells/mm2) prediction maps were generated from mpMRI data for each patient. The 

resolution of the tumour location and cell density per area prediction maps were 0.22 mm x 0.22 mm 

x 2.5 mm. To allow reduced computation time during treatment planning, the prediction maps were 

resampled to a voxel size of 2 mm x 2 mm x 2.5 mm. 

4.4 Clonogen distribution maps 

The data processing workflow for generating patient-specific clonogen distribution maps is depicted 

in Figure 4-1. The cell density per area prediction maps were then converted into volumetric cell 

density maps (number of cells/mm3) by raising each voxel value to the power of 3/2. Uniform cell 

density per area was assumed between slices. Each voxel in the tumour location prediction maps 

contained a continuous value between 0 and 1, representing the probability of the voxel containing 

tumour cells. For each patient, a threshold probability that maximised the sum of sensitivity and 

specificity of the receiver operating characteristics curve was selected by testing each threshold (to 

the nearest 0.01) incrementally. The selected threshold was then used to create a binary tumour 

location prediction map.  
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Figure 4-1 Data processing workflow for generating patient-specific clonogen distribution maps. (1) 

Patient-specific tumour location probability map (A) and cell density prediction map (C) are 

generated from mpMRI using the developed predictive models. (2) A patient-specific threshold is 

applied to (A) to create a binary tumour location map (B). (3) (B) is multiplied with (C) to produce a 

clonogen density prediction map (D). (4) (D) is scaled such that the total clonogen number is 

comparable to published values, resulting in clonogen distribution map (E). 

The matching binary tumour location prediction map and cell density prediction map were then 

multiplied together for each patient to generate a patient-specific cell distribution map. As the cell 

density prediction map is unable to distinguish between normal cells and tumour cells, the cell 

distribution maps were linearly scaled such that the median total number of cells in the CTV for the 

selected patient set was equal to 107. This value represents the estimated total clonogen number of 

high-risk PCa patients from a study by Wang et al. (J. Z. Wang, Guerrero, et al., 2003a).  Linearly 

scaled cell distribution maps are now referred to as clonogen distribution maps. Original and scaled 

cell numbers of Patient Sets 1 and 2 are summarised in Table 4-3 and Table 4-4, respectively. 
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Table 4-3 The original and scaled total cell number (clonogen) for each patient in Patient Set 1 

 

Table 4-4 The original and scaled total cell number (clonogen) for each patient in Patient Set 2 

 

4.5 TCP model 

The TCP model for fractionated external beam radiotherapy (EBRT) has been described in section 

2.4. The radiosensitivity parameter α was assumed to be log-normally distributed within a population 

(Haworth et al., 2004b; Keall & Webb, 2007) with a mean, �̅�, and a standard deviation, 𝜎𝛼. The TCP 

was computed using the following equation, where the distribution of α is normalised such that  

∑ 𝑤(𝛼𝑘)
𝑝
𝑘=1 = 1 with 𝑝 discrete samples: 

 

𝑇𝐶𝑃 = ∑𝑤(𝛼𝑘)𝑇𝐶𝑃(𝛼𝑘)

𝑝

𝑘=1

 (4-1) 

The presence of accelerated proliferation in PCa is still unclear with conflicting results on the effect 

of overall treatment time on treatment outcome (Amdur et al., 1990; Fowler et al., 2003; Gao et al., 

2010; P. P. Lai et al., 1991; Perez et al., 2004; J. Z. Wang, Guerrero, et al., 2003a, 2003b). While 

Patient 

Total cell number in CTV 

Original  

(normal + clonogen) 

Scaled  

(clonogen) 

1 1.81E+08 1.00E+07 

2 5.41E+08 2.99E+07 

3 2.22E+07 1.23E+06 

4 3.83E+08 2.12E+07 

5 5.93E+07 3.28E+06 

Patient 

Total cell number in CTV 

Original  

(normal + clonogen) 

Scaled  

(clonogen) 

1 2.07E+08 7.27E+06 

2 1.65E+08 5.79E+06 

3 4.46E+08 1.57E+07 

4 1.14e+09 4.00E+07 

5 2.85E+08 1.00E+07 
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there may be a slight and gradual increase in repopulation with time, it is unlikely to have a significant 

effect as that seen in head and neck cancers. Therefore, accelerated repopulation was ignored. 𝑇𝑒𝑥𝑝 

was approximated as 1.4𝑛 days for fractionation schedules utilising daily fractions delivered during 

the working week. For fractionation schedules utilising delivery every second working day, 𝑇𝑒𝑥𝑝 was 

approximated as 2𝑛 days. The following model parameters were derived from the work of Wang et 

al., the recommended set from the published work presented in Chapter 3 (J. Z. Wang, Guerrero, et 

al., 2003a): �̅�=0.15 Gy-1, 𝜎𝛼=0.04 Gy-1, 𝛼/𝛽=3.1, and 𝑇𝑝𝑜𝑡=42 days).    

4.6 Treatment planning  

Treatment planning was performed using a MATLAB based open-source program, matRad (German 

Cancer Research Centre, Heidelberg, Germany, version 1.4 beta, Figure 4-2). matRad simulates 6 

MV linear accelerator beams using pre-calculated beamlet kernels for user-defined beam angles 

(Cisternas et al., 2015; Wieser et al., 2017). Beamlet weightings are optimised by a gradient descent 

algorithm (version 1.4 beta) incorporating direct aperture optimisation.  The original code was 

modified to include the biological optimisation functions and voxel-level model parameters. matRad 

was executed using MATLAB (version 2018b, The MathWorks Inc., Massachusetts, USA). The 

beamlet width was 2.5 mm, and a 7-field beam geometry (0°, 40°, 80°, 110°, 250°, 280°,310°2) was 

used. An Intel® Core™ i5-6500 processor (3.20 GHz) with 32 GB of RAM was utilised. On average, 

a single run of the optimiser for uniform-dose and biological optimisation took less than 1 minute and 

5 minutes, respectively. 

Computed tomography (CT) images were not acquired as part of the imaging protocol described in 

section 4.3. Hence, to facilitate treatment planning, a single CT image set from an established clinical 

trial was selected. The selection was based on the union of the CT-defined CTV and each of the 

delineated CTV structures from the T2-weighted MRI of the five patients in Patient Set 1. The CTV 

in this study was defined as the entire prostate gland, excluding the seminal vesicles, according to 

ICRU Report 62 (ICRU et al., 1999). The MRI-CTV was delineated by an experienced radiation 

oncologist. First, the centroid of CT-CTV under investigation and MR-CTV were aligned for each 

patient. The number of non-overlapping voxels was used for the selection of a CT data set to be used 

in the investigation. Therefore, an ideal CT set would have 0 non-overlapping voxels for all five 

patients. Table 4-5 summarises the union of CT-CTV and MR-CTV for Patient Set 1, and based on 

the results, the CT set B037 was selected. The same CT set was selected for use with Patient Set 2 as 

it demonstrated complete overlap with MR-CTVs. As CT images are only required for dose 

 

2 International Electrochemical Commission definitions 
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calculations, assigning correct CT numbers to the CTV and providing realistic OAR position relative 

to the prostate were the main purposes of the described methodology. As this investigation used an 

MR-only data set, this step was necessary, but in future clinical studies, it would be expected that CT 

or synthetic CT data set would be available for treatment planning purposes. 

 

Figure 4-2 A screenshot of matRad user interface. 
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Table 4-5 Union of CT-CTV and MR-CTV represented as the number of non-overlapping voxels for 

CT data set selection for Patient Set 1. 

CT ID Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Max Mean 

B037 0 0 0 0 0 0 0 

M036 193 0 221 0 19 221 86.6 

K042 469 0 39 0 72 469 116 

N010 510 0 240 0 133 510 176.6 

K019 271 14 93 0 5 271 76.6 

R034 122 15 127 31 32 127 65.4 

M004 258 9 506 24 263 506 212 

T009 256 26 993 0 121 993 279.2 

V027 693 26 851 4 844 851 483.6 

M023 647 1 874 14 842 874 475.6 

K008 1006 233 1881 54 1225 1881 879.8 

M015 900 205 1986 17 635 1986 748.6 

C002 1115 97 2395 113 1582 2395 1060.4 

S033 1185 234 2698 225 1308 2698 1130 

B006 1478 333 2735 462 1519 2735 1305.4 

K018 1667 512 3269 249 2327 3269 1604.8 

S028 2088 1061 4492 566 2839 4492 2209.2 

J005 2040 1090 5236 512 2805 5236 2336.6 

G021 2477 1162 5685 1113 3893 5685 2866 

M013 2497 1212 5773 734 3127 5773 2668.6 

R016 2721 1430 5753 704 3804 5753 2882.4 

R024 2691 1915 6280 665 3281 6280 2966.4 

L011 2778 1249 6272 828 3472 6272 2919.8 

F003 3107 1862 5992 1372 4138 5992 3294.2 

R039 3089 1918 6502 620 3386 6502 3103 

M020 2961 1536 6323 1032 3741 6323 3118.6 

J026 3305 2348 6457 1126 4183 6457 3483.8 

K001 3703 2022 6181 1524 4026 6181 3491.2 

O025 3458 2243 7390 758 4885 7390 3746.8 

T014 3428 2321 7269 974 4488 7269 3696 

S022 3871 2535 7549 960 4845 7549 3952 

B040 3717 2008 7441 1148 4469 7441 3756.6 

W012 3847 2383 7615 1611 5303 7615 4151.8 
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 Uniform-dose planning 

Conventionally, the approach to treatment planning for PCa has been to deliver a uniform dose to the 

entire prostate. The use of IMRT has enabled the dose distribution to conform tightly around the 

posterior prostate enabling a significant reduction in rectal doses, however, modulation of the dose 

within the prostate has, until recently, not been standard practice. Focal dose escalation (DE) or dose-

painting-by-contour (DPbC) based on mpMRI is gaining interest in the clinic. A key clinical trial that 

utilised such approach is the focal lesion ablative microboost in prostate cancer (FLAME) trial. 

However, no clear guidelines within the protocol were provided (Lips et al., 2011), which was 

reflected in the considerable variation reported for GTV contour between the participating sites (van 

Schie et al., 2018). Sources of inter-observer variability include differences in interpretation and 

weighting of the various sequences in the final contour. We, therefore, compare our BiRT approach 

with uniform-dose planning methods as consensus on a DPbC does not yet currently exist. 

The standard approach to account for geometric errors in uniform-dose planning is to apply a 

treatment margin to the CTV to produce the PTV. Hence for this study, we have applied a margin 

based on the work of van Herk et al. (van Herk et al., 2000) for uniform-dose plans to be robust to 

random and systematic delivery uncertainties. The following formula ensures the minimum dose to 

the CTV is 95% of the prescription dose for 90% of the patients:  

𝑀𝑎𝑟𝑔𝑖𝑛 = 2.5 𝛴 + 0.7 𝜎 (4-2) 

where 𝛴 and 𝜎 represent the standard deviation of systematic and random components of geometric 

errors, respectively. Sources of systematic error considered in this study were target delineation and 

intra-fraction motion. Treatment accuracy is also limited by fiducial marker localisation. It was 

assumed that systematic errors were isotropically distributed with a zero mean. A random error is any 

deviation that can vary in direction and magnitude for each treatment fraction. The random effect of 

intra-fraction motion was considered in the studies that follow. Sources of geometric errors and their 

distributions for different fractionations are summarised below: 

• Target delineation (for all fractionations) 

Σ = 2 mm in all directions, M = 0 mm (Alasti et al., 2017) 

• Fiducial marker localisation (for all fractionations) 

Σ =1 mm in all directions, M = 0 mm (Kron et al., 2010) 

• Intra-fraction motion (Table 4-6) 
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Table 4-6 Intra-fraction error distribution in each of the three principal directions. 

 

The overall geometric error distribution in each of the three principal directions with the calculated 

margin are summarised in Table 4-7.  

Table 4-7 Overall geometric error distribution in each of the three principal directions and the 

calculated margin. 

 

The DV constraints and objective functions for the target volumes and OARs are summarised in Table 

4-8. A mathematical formulation of each objective function is given in section 4.6.3.  

 

 

 

 

 

 

Error 

(mm) 

Standard fractionation 

(Kron et al., 2010) 

Moderate 

Hypofractionation 

(Oehler et al., 2014) 

Extreme Hypofractionation 

(H. Quon et al., 2012) 

M 𝚺 𝝈 M 𝚺 𝝈 M 𝚺 𝝈 

AP -0.4 1.25 1.26 -0.6 1.39 1.62 -0.86 1.4 2.4 

LR 0.2 1.05 0.67 0.1 0.92 0.97 -0.03 0.2 1.3 

SI 0.1 1.28 1.18 0.15 1.36 1.39 0.21 1.2 2.0 

Error 

(mm) 

Standard fractionation 
Moderate 

Hypofractionation 
Extreme Hypofractionation 

M 𝚺 𝝈 Margin M 𝚺 𝝈 Margin M 𝚺 𝝈 Margin 

AP -0.4 2.56 1.26 7.3 -0.6 2.63 1.62 7.7 -0.86 2.64 2.4 8.3 

LR 0.2 2.47 0.67 6.6 0.1 2.41 0.97 6.7 -0.03 2.24 1.3 6.5 

SI 0.1 2.58 1.18 7.3 0.15 2.62 1.39 7.5 -0.2 2.54 2.0 7.8 
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Table 4-8 Objective functions used for uniform-dose planning. fx=fractions. HOF=head of the femurs. 

*=(Michalski et al., 2010), **=(Viswanathan et al., 2010), ***=(Lawton et al., 2009). 

 

 

Fractionation Volume of interest DV constraints Objective function 

Standard fractionation  

(78 Gy/39 fx) 

PTV V78Gy≥99% Square deviation 

Rectum* 
V50Gy≤50%, 

V60Gy≤25% 
DV 

Bladder**
 V65Gy≤50% DV 

HOFs*** V50Gy≤5% DV 

External volume 
Variable to avoid 

hotspots 
Square overdose 

Moderate 

hypofractionation 

(60 Gy/20 fx) 

(Catton et al., 2017) 

PTV V60Gy≥99% Square deviation 

Rectum 
V37Gy≤50% 

V46Gy≤70% 
DV 

Bladder 
V37Gy≤50% 

V46Gy≤70% 
DV 

HOFs V45.5Gy≤5% DV 

External volume 
Variable to avoid 

hotspots 
Square overdose 

Extreme hypofractionation 

(36.25 Gy/5 fx) 

(Katz & Kang, 2014) 

 

PTV V36.25Gy≥99% Square deviation 

Rectum 

V18.125Gy≤50% 

V29Gy≤20% 

V32.625Gy≤10% 

V36.25Gy≤5% 

DV 

Bladder 
V18.125Gy≤40% 

V36.125Gy≤10% 
DV 

HOFs V24.75≤5% DV 

External volume 
Variable to avoid 

hotspots 
Square overdose 
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 Robust biological optimisation 

For biological optimisation, a probabilistic treatment planning technique was utilised where the 

effects of treatment uncertainties are incorporated in the optimiser. Two types of uncertainties were 

considered to derive robust treatment plans. The first was the uncertainty in radiosensitivity parameter, 

α, of the TCP model due to inter-patient variability. The radiosensitivity heterogeneity was applied 

for all patients as a log-normal distribution within a population in the calculation of TCP, as described 

in Equation (4-1).  

The second type of treatment uncertainty considered was geometric errors. These were identical to 

those considered for uniform-dose plans with additional errors introduced in MR-histology and MR-

CT registration steps: 

• MR to histology registration  

Σ = 3.3 mm in all directions, M = 0 mm (Reynolds et al., 2015) 

• MR to CT registration  

Σ = 2 mm in all directions, M = 0 mm (Dean et al., 2012; Fernandes et al., 2017; C. C. Parker 

et al., 2003) 

The overall geometric error distribution in each of the three principal directions for biological 

optimisation are summarised in Table 4-9.  

Table 4-9 Overall geometric error distribution in each of the three principal directions for biological 

optimisation. 

Geometric uncertainties were integrated into the TCP calculation for biological inverse planning 

using the methods described in Witte et al. (Witte et al., 2007). It was assumed that the effects of 

random error could be approximated by blurring the dose distribution. The effects of systematic error 

were approximated by the translation of the patient volume with respect to dose distribution. The dose 

distribution was assumed to not change as a result of the translation, and rotations were not considered. 

From Equations (2-15) to (2-17), the expectation value of TCP, <TCP>, can be written as: 

Error 

(mm) 

Standard fractionation Moderate 

Hypofractionation 

Extreme Hypofractionation 

M 𝚺 𝝈 M 𝚺 𝝈 M 𝚺 𝝈 

AP -0.4 4.63 1.26 -0.6 4.67 1.62 -0.86 4.67 2.4 

LR 0.2 4.58 0.67 0.1 4.55 0.97 -0.03 4.46 1.3 

SI 0.1 4.64 1.18 0.15 4.66 1.39 0.21 4.62 2.0 
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〈𝑇𝐶𝑃〉 = ∑𝑤(𝛼𝑘)〈𝑇𝐶𝑃(𝛼𝑘)〉

𝑝

𝑘=1

  (4-3) 

 

〈𝑇𝐶𝑃(𝛼𝑘)〉 =  ∑𝐺Σ,𝑗∏𝑇𝐶𝑃𝑖(𝜌𝑖𝑗,𝛼𝑘, (𝐺𝜎⊗𝑑)𝑖)

𝑁

𝑖𝑗

 (4-4) 

𝐺Σ  and 𝐺𝜎  are the Gaussian probability density functions of systematic and random errors. The 

summation of the overall TCP over j denotes integration over systematic errors. For simplicity, the 

value of TCP that has been integrated with probability density functions is called an “expectation” or 

“expected value” of TCP. However, it should be noted that strictly speaking, this method developed 

by Witte et al. (Witte et al., 2007) calculates an approximation of the expected value under systematic 

and random errors.  

NTCP is based on the generalised equivalent uniform dose (EUD), which is dependent on the number 

of treatment fractions, n. The equivalent dose in 2 Gy fractions, EQD2Gy, was used in the computation 

of equivalent uniform dose in 2 Gy fractions, EUD2Gy: 

𝐸𝑄𝐷2𝐺𝑦,𝑖 = 𝑑𝑖 × 𝑛 × 
𝛼/𝛽 + 𝑑𝑖
𝛼/𝛽 + 2

 (4-5) 

<EUD2Gy> was computed as: 

〈𝐸𝑈𝐷2𝐺𝑦〉 =  ∑𝐺Σ,𝑗 [
1

𝑁
∑(𝐺𝜎⊗𝐸𝑄𝐷2)𝑖

𝑎

𝑁

𝑖

]

1
𝑎

 

𝑗

 

 

(4-6) 

where a is a tissue-specific parameter. The 𝛼/𝛽 for the rectum and bladder were 5.4 Gy (Brenner, 

2004) and 8.0 Gy (Rana & Rogers, 2012; Stewart et al., 1984), respectively. 

Then, <NTCP> was calculated as: 

〈𝑁𝑇𝐶𝑃〉 =
1

1 + (
𝑇𝐷50
〈𝐸𝑈𝐷2𝐺𝑦〉

)
𝑥 

(4-7) 

where 𝑥 =
4

𝑚√2𝜋
  and TD50 is the uniform dose which will lead to complication in 50% of the 

population.  

The objective functions used in biological optimisation are summarised in Table 4-10.  
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Table 4-10 Objective functions used for biological optimisation. 𝐷𝑟𝑒𝑓 = reference dose, TD50 = uniform 

dose which will lead to complication in 50% of the population, EQD2Gy = equivalent dose in 2 Gy fractions. 

* = (Söhn et al., 2007)** = (Wu et al., 2002), †= (Emami et al., 1991; Luxton et al., 2004), ‡=(Lawton 

et al., 2009). 

 

 Objective functions 

𝐻(𝑥) is a Heaviside step function: 

𝐻(𝑥) {
0, 𝑥 < 0
1, 𝑥 ≥ 0

 

𝑊 and 𝑁 are the assigned penalty (weighting) and the voxel number of the volume of interest.  

 

• Square overdose 

𝐹𝑂𝐷 =
𝑊

𝑁
∑𝐻(𝐷𝑖 − 𝐷𝑟𝑒𝑓)(𝐷𝑖 − 𝐷𝑟𝑒𝑓)

2
𝑁

𝑖=1

 

• Square <overdose> 

𝐹<𝑂𝐷> =
𝑊

𝑁
∑𝐻(〈𝐷𝑖〉 − 𝐷𝑟𝑒𝑓)(〈𝐷𝑖〉 − 𝐷𝑟𝑒𝑓)

2
𝑁

𝑖=1

 

• Square underdose 

𝐹𝑈𝐷 =
𝑊

𝑁
∑𝐻(𝐷𝑟𝑒𝑓 − 𝐷𝑖)(𝐷𝑟𝑒𝑓 − 𝐷𝑖)

2
𝑁

𝑖=1

 

Volume of interest Objective function Parameter(s) 

CTV 
Maximise <TCP> 

Square <underdose> 

- 

𝐷𝑟𝑒𝑓= prescription dose 

Rectum 
Minimise <NTCP> 

(grade ≥1 rectal bleeding) 
TD50=78.4 Gy*, m=0.108*, a=6** 

Bladder 

Minimise <NTCP> 

(grade ≥1 GU toxicity) 
TD50=80 Gy†, m=0.11†, a=6** 

HOFs <DV> EQD2Gy=50 Gy <5%‡ 

External volume Square <overdose> Variable to avoid hotspots 
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• Square <underdose> 

𝐹<𝑈𝐷> =
𝑊

𝑁
∑𝐻(𝐷𝑟𝑒𝑓 − 〈𝐷𝑖〉)(𝐷𝑟𝑒𝑓 − 〈𝐷𝑖〉)

2
𝑁

𝑖=1

 

• Square deviation 

𝐹𝐷𝑒𝑣 =
𝑊

𝑁
∑(𝐷𝑖 − 𝐷𝑟𝑒𝑓)

2
𝑁

𝑖=1

 

• Dose-volume (DV) 

𝐷𝑟𝑒𝑓1, 𝑉𝑟𝑒𝑓 = desired DV constraint 

𝐷𝑟𝑒𝑓2 = current evaluation of the dose corresponding to 𝑉𝑟𝑒𝑓 

𝐹𝐷𝑉 =
𝑊

𝑁
∑𝐻(𝐷𝑟𝑒𝑓2 − 𝐷𝑖) 𝐻(𝐷𝑖 − 𝐷𝑟𝑒𝑓1)(𝐷𝑖 − 𝐷𝑟𝑒𝑓1)

2
𝑁

𝑖=1

 

• <DV> 

𝐷𝑟𝑒𝑓1, 𝑉𝑟𝑒𝑓 = desired DV constraint 

𝐷𝑟𝑒𝑓2 = current evaluation of the dose corresponding to 𝑉𝑟𝑒𝑓 

𝐹<𝐷𝑉> =
𝑊

𝑁
∑𝐻(𝐷𝑟𝑒𝑓2 − 〈𝐷𝑖〉) 𝐻(〈𝐷𝑖〉 − 𝐷𝑟𝑒𝑓1)(〈𝐷𝑖〉 − 𝐷𝑟𝑒𝑓1)

2
𝑁

𝑖=1

 

 

• Maximise <TCP> 

𝐹<𝑇𝐶𝑃> =
𝑊

𝑁
× −  n(〈𝑇𝐶𝑃〉) 

• Minimise <NTCP> 

𝐹<𝑁𝐶𝑇𝑃> =
𝑊

𝑁
× 〈𝑁𝑇𝐶𝑃〉 
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Chapter 5 Voxel-level biological optimisation of prostate IMRT 

using patient-specific tumour location and clonogen density 

derived from mpMRI 
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5.1 Foreword 

The previous research chapter (Chapter 3) determined that the radiobiological parameter set from 

Wang et al. (J. Z. Wang, Guerrero, et al., 2003a) was suitable for continued used with the BiRT 

approach. Furthermore, a predictive model for cell density from prostate mpMRI was developed since 

the work contained in Chapter 3 was completed. The framework for biological optimisation of 

prostate EBRT, IMRT specifically, was therefore developed to incorporate voxel-level tumour 

location and cell density information (Chapter 4). The Wang et al. parameter set was used in the 

studies described in the subsequent research chapters (Chapter 5 - Chapter 7). In this chapter, the 

feasibility of biological optimisation of prostate IMRT planning using the developed framework was 

investigated. Additionally, the findings were compared with uniform-dose planning methods to assess 

the potential dosimetric gain in terms of OAR sparing.  
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Adapted from: Her, Emily J., Haworth, A., Sun, Y., Reynolds, H. M., Panettieri, V., Bangert, M., 

Williams, S., & Ebert, M. A. (2020). Voxel-level biological optimisation of prostate IMRT using 

patient-specific tumour location and clonogen density derived from mpMRI. Radiation 

Oncology, 15(1), 172. 

Sections 5.2– 5.8 are reproduced exactly as published, however, the methods section (5.4) was 

modified to avoid duplication of the material presented in Chapter 4. 

 

5.2 Abstract 

Aim: This study aimed to develop a framework for optimising prostate intensity-modulated 

radiotherapy (IMRT) based on patient-specific tumour biology, derived from multiparametric 

(mpMRI). The framework included a probabilistic treatment planning technique in the effort to yield 

dose distributions with an improved expected treatment outcome compared with uniform-dose 

planning approaches.  

Methods: IMRT plans were generated for five prostate cancer patients using two inverse planning 

methods: uniform-dose to the planning target volume and probabilistic biological optimisation for 

clinical target volume TCP maximisation. Patient-specific tumour location and clonogen density 

information were derived from mpMRI, and geometric uncertainties were incorporated in the TCP 

calculation. Potential reduction in dose to sensitive structures was assessed by comparing dose 

metrics of uniform-dose plans with biologically-optimised plans of an equivalent level of expected 

tumour control.  

Results: The modelling study demonstrated that biological optimisation has the potential to reduce 

expected normal tissue toxicity without sacrificing local control by shaping the dose distribution to 

the spatial distribution of tumour characteristics. On average, biologically-optimised plans achieved 

38.6% (p-value: <0.01) and 51.2% (p-value: <0.01) reduction in expected rectum and bladder 

equivalent uniform dose, respectively, when compared with uniform-dose planning.   

Conclusions: It was concluded that varying the dose distribution within the prostate to take account 

for each patient’s clonogen distribution was feasible. Lower doses to normal structures compared to 

uniform-dose plans was possible whilst providing robust plans against geometric errors. Further 

validation in a larger cohort is warranted along with considerations for adaptive therapy and limiting 

urethral dose.  
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5.3 Introduction 

During typical radiotherapy of prostate cancer (PCa), a uniform spatial distribution of a specific dose 

is prescribed to the entire prostate gland, without customisation of dose prescription and distribution 

to the actual characteristics of an individual’s tumour. Spatial distributions of tumour characteristics 

may be accommodated in treatment planning through the use of non-invasive quantitative imaging. 

Several clinical trials that aimed to explore the feasibility of imaging-informed focal dose escalation 

(DE) and dose-painting have now completed (NCT01168479, NCT01208883, NCT01190527). 

Results of these studies are very promising (Berwouts et al., 2013; Lips et al., 2011). Nevertheless, 

the ways in which quantitative imaging is used in treatment planning are variable and often fail to 

utilise the resulting information for objective dose prescription. Many studies applied a focal boost 

dose to subvolumes identified as abnormal regions on quantitative images (Azzeroni et al., 2013; 

Differding et al., 2017; Rickhey et al., 2010; Vanderstraeten, Duthoy, et al., 2006), including the 

FLAME-trial (Lips et al., 2011). However, the use of subvolumes means discretisation of tumour 

characteristics such as clonogen density and hypoxia, whereas typically these characteristics vary 

continuously throughout the gland (Aihara et al., 1994; García-Figueiras et al., 2019; Movsas et al., 

2000, 2002; Yamin et al., 2016). In studies where voxel-level information was utilised, simple linear 

relationships between image intensities and doses were frequently assumed (Alber et al., 2003; 

Differding et al., 2017; Vanderstraeten, Duthoy, et al., 2006), or non-validated dose prescription 

functions were used (Alber & Thorwarth, 2014; Flynn et al., 2008; Kong et al., 2013; Madani et al., 

2007; Rasmussen et al., 2016; van Schie et al., 2017; Welz et al., 2017). Ideal biological optimisation 

methods require accurately defined relationships between imaging parameter, derived radiobiological 

parameters and validated dose-response.  

To utilise the full potential of quantitative imaging in treatment planning, biofocused radiotherapy 

(BiRT) of PCa using the spatial distribution of image-derived tumour characteristics has been 

proposed (Haworth et al., 2016, 2018). The proposed BiRT approach allows a simplified process of 

translating quantitative imaging to biologically-optimised plan using radiomics and machine learning 

methods. Machine learning methods, which generate voxel maps of tumour location and cell density 

from multiparametric magnetic resonance imaging (mpMRI), have recently been developed by our 

group (Sun et al., 2018; Sun, Reynolds, et al., 2017a). Using “ground truth” histology information 

from a large patient database, reliable predictions from imaging can be made without the explicit 

understanding of underlying biological and physical processes. The voxel-level tumour information 

is then utilised in a TCP model that relates tumour characteristics and physical dose to the probability 

of tumour control. Voxel-level, patient-specific tumour information from mpMRI can be used to drive 

the treatment plan optimisation as model parameters to achieve a maximum TCP. Furthermore, a 
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probabilistic treatment planning technique was adopted for biological optimisation to produce plans 

that are robust against geometric errors. In uniform-dose planning, a margin is used assuming that the 

CTV remains within the PTV during irradiation in the presence of uncertainties. Therefore, giving a 

uniform prescription dose to a larger volume, i.e. the PTV, ensures that the prescription dose is 

delivered to the CTV. In contrast, the use of a margin to take account of uncertainties is problematic 

for biological optimisation as the dose distribution is no longer uniform. Thus, probabilistic treatment 

planning, where the effect of geometric errors is incorporated in the expectation value of the TCP, 

was used to produce robust, biologically-optimised plans.  

The potential of the proposed BiRT approach in producing superior treatment plans compared to 

conventional treatment has been demonstrated in LDR brachytherapy (Betts et al., 2015, 2017; 

Haworth et al., 2016) using population-based clonogen distribution information and segment-level 

TCP model. In the current study, the BiRT approach was extended to prostate IMRT planning. The 

purpose of the study was to test the hypothesis that a biologically-optimised prostate IMRT plan, 

produced using BiRT framework, can yield reduced dose to organs at risk (OAR) compared to the 

isoeffective uniform-dose plan.  

5.4 Methods 

 TCP model 

The TCP model used in this study is described in section 4.5. The IMRT plans were designed to be 

delivered in 39 fractions.  

 Data acquisition 

A set of five patients (Patient Set 1) was selected for this study. The patient demographics are 

contained in section 4.2. 

 Clonogen distribution maps 

Processing of the patient mpMRI data to produce patient-specific clonogen distribution maps are 

contained in sections 4.3 and 4.4. 

 Treatment planning 

General information on the treatment planning software and plan parameters are described in section 

4.6. 

5.4.4.1 Uniform-dose plan 

Uniform-dose planning methods used are described in section 4.6.1. The main objectives of uniform-

dose planning were to deliver the prescription dose (78 Gy) to the CTV while satisfying the OAR DV 
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constraints. The generated uniform-dose plans re uired PTV V74Gy (95% prescription dose) ≥ 99% 

and CTV V78Gy (100% prescription dose) ≥ 99%. The resulting uniform-dose plan is called Plan A. 

5.4.4.2 Biologically-optimised plan 

Biological optimisation methods are described in section 4.6.2. The objective for the CTV was to 

maximise <TCP>. For OARs, identical dose- and DV-based constraints used in uniform-dose 

planning (section 4.6.1) were applied except that the expectation value of dose was substituted for 

absolute dose. Biologically-optimised plans required CTV <V78Gy> (volume receiving expected 

dose greater than or e ual to 78 Gy) ≥ 99%. The resulting biologically-optimised plans are now called 

Plan B. 

 Plan evaluation and comparison of uniform-dose and biologically-optimised dose distributions 

Uniform-dose plans (Plan A) and biologically-optimised plans (Plan B) of equal <TCP> were 

compared by evaluating dose metrics in the five patients. To calculate <TCP>, the patient-specific 

clonogen distribution map was used. The sources of geometric errors considered in the calculation 

were considered each treatment planning method. 

The plans were then linearly scaled to generate a dose distribution with a <TCP> of 0.95 to allow 

comparison of dose to OARs between plans at the same level of expected control. A very small 

variation between the scaled dose distribution and the optimal solution with equal <TCP> was 

expected. Hence, we have assumed invariance of the optimal solution with dose scaling. This scaling 

approximates the dose escalation (DE) required to achieve equivalent tumour control, assuming any 

effort to reduce OAR dose at such an escalated dose would be counterproductive. Clinically relevant 

DV parameters and the expectation value of generalised equivalent uniform dose (Niemierko, 1999), 

the dose that when homogeneously given yields the same biological effect as the non-uniform dose, 

were calculated for the rectum and bladder. Similar to <TCP>, the expectation value of generalised 

equivalent uniform dose, <EUD>, was computed by approximating the effects of systematic and 

random error using their probability density functions: 

 

〈𝐸𝑈𝐷〉 =  ∑𝐺Σ,𝑗 [
1

𝑁
∑(𝐺𝑟𝑎𝑛𝑑⊗𝐷)𝑖

𝑎

𝑁

𝑖

]

1/𝑎

 

𝑗

  (5-1) 

where a is a tissue-specific parameter (arectum= 6, abladder= 6) and 𝐷𝑖 = 𝑛𝑑𝑖 . For simplicity, we 

assumed that the shape of the rectum and bladder were invariant and that both OARs had the same 

intra-fraction organ motion as the prostate. Mean dose to the head of femurs (HOFs) and the integral 

energy were also determined.  
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Paired t-tests were performed for the comparison between dose and DV parameters of isoeffective 

Plans A and B, with the R statistical language (R Foundation for Statistical Computing, Austria, 

Version 3.2.3). A test statistic (p-value) less than 0.05 was considered significant. 

5.5 Results 

The optimised dose distributions on identical axial slices for Plans A and B are presented for Patient 

1 in Figure 5-1. The corresponding clonogen distribution maps, CTV dose and <TCP> distributions 

are displayed in Figure 5-2. Resulting dose metrics of each plan are summarised in Table 5-1. 

 

Figure 5-1 Isodose distributions for Patient 1. Above: Uniform-dose plan, Plan A. Below: 

Biologically-optimised plan, Plan B. Isodose distributions for other patients are available in section 

5.8. 
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Figure 5-2 Treatment plan data for Patient 1. Axial slice corresponds to Figure 5-1.   Magenta 

contour represents the CTV. (i) Clonogen distribution map. (ii-iii) CTV dose distribution of the Plans 

A and B. (iv-v) Corresponding <TCP> distribution of the Plans A and B. Results for all patients are 

available in section 5.8. 
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Table 5-1 Dose parameters for isoeffective Plans A and B. Dose distributions of the plans were scaled to achieve equivalent tumour control (〈TCP〉=0.95).

Dose parameters 

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Mean 

absolute 

change 

(mean % 

change) 

p-value 
Plan A Plan B Plan A Plan B Plan A Plan B Plan A Plan B Plan A Plan B 

〈𝐓𝐂𝐏〉 0.70 0.75 0.60 0.73 0.84 0.88 0.61 0.78 0.75 0.90 
+0.11 

(+16.3%) 
0.02 

〈𝐓𝐂𝐏〉 

=0.95 

scaled 

CTV  

Dmean (Gy) 
100.0 108.3 104.2 112.0 91.9 103.8 102.9 115.0 95.8 101.6 

+9.2 

(+9.3%) 
<0.01 

PTV 

Dmean (Gy) 
100.0 88.9 104.2 93.4 91.9 87.1 103.0 91.7 95.8 86.2 

-9.5 

(-9.5%) 
<0.01 

Rectum 

V60 (%) 
4.4 0.2 3.2 0.1 1.1 0.0 1.0 0.0 1.6 0.2 

-2.2 

(-96.0%) 
0.03 

Rectum  

V50 (%) 
6.7 0.7 4.8 0.6 2.4 0.1 1.8 0.1 2.6 0.4 

-3.3 

(-90.4%) 
0.01 

Bladder  

V65 (%) 
3.1 0.0 1.9 0.0 3.1 0.0 0.8 0.0 2.6 0.0 

-2.3 

(-100%) 
<0.01 

Rectum  

〈𝐄𝐔𝐃〉 (Gy) 
47.7 29.1 45.5 27.1 35.1 22.2 36.4 21.5 39.9 25.6 

-15.8% 

(-38.6%) 
<0.01 

Bladder 

〈𝐄𝐔𝐃〉 (Gy) 
46.9 21.9 43.4 22.8 44.0 23.1 36.2 14.1 43.7 23.3 

-21.8 

(-51.2%) 
<0.01 

Left HOF  

Dmean (Gy) 
22.7 18.0 22.4 15.8 21.8 14.0 22.3 13.1 22.4 16.0 

-6.9 

(-31.2%) 
<0.01 

Right HOF 

Dmean (Gy) 
20.7 14.7 21.1 12.1 20.0 13.8 19.9 11.3 21.2 13.5 

-7.5 

(-36.4%) 
<0.01 

Integral energy  

(x106 J/cm3) 
10.00 6.05 9.45 5.56 9.30 5.95 9.14 4.99 9.57 5.78 

-3.8 

(-40.3%) 
<0.01 
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Figure 5-3 (A) CTV  DVH and (B) <TCP>-volume histogram for Plans A and B of Patient 1. 

 

 

Figure 5-4 <TCP> values for uniform-dose plans (Plan A) and biologically-optimised plans (Plan 

B). 
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Figure 5-5 OAR DVH for Patient 1, isoeffective Plans A and B. Dose distributions of the plans were 

scaled to achieve equivalent tumour control (<TCP>=0.95).  Results for all patients are available in 

section 5.8. 

Figure 5-1 shows an example of a uniform-dose plan (Plan A) and the biologically-optimised plan 

(Plan B) for the same patient. With biological optimisation, higher dose to the CTV (p-value: <0.01) 

was achieved with significantly lower <EUD> to the rectum (p-value: <0.01) and bladder (p-value: 

<0.01) for the isoeffective uniform-dose plans (Table 5-1) and well within the dose constraints. Plan 

B demonstrated substantial improvement in rectal and bladder <NTCP>. Due to a high variance in 

<NTCP> values for Plan A, attributed to high sensitivity of the model in the given <EUD> range, 

statistical significance could not be demonstrated (available in section 5.8). A statistically significant 
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reduction in mean doses to the HOFs was achievable (p-value:<0.01). It is also evident from that 

biological optimisation was successful in modulating the beam intensities within the CTV, following 

the required dose dictated by the varying clonogen densities whilst accounting for treatment 

uncertainties (Figure 5-5)3. As a result, on average, biologically-optimised Plan B achieved 16.3% 

greater <TCP> than Plan A (p-value: 0.02). The biofocused approach improved the <TCP> by 

directly incorporating <TCP> evaluation in the treatment plan optimisation algorithm. Plan B could 

achieve a significantly higher <TCP> in all five patients, by increasing the value of individual voxel 

<TCP> and <TCP> homogeneity (Figure 5-3 and Figure 5-4).  

5.6 Discussion 

A framework for optimising prostate IMRT with mpMRI-derived patient-specific tumour 

characteristics with probabilistic treatment planning technique has been presented. Uniform-dose and 

biologically-optimised IMRT plans for five patients were generated and compared. Whilst our sample 

size was small, this study illustrated the potential advantage of biological optimisation in yielding an 

improved expected probability of tumour control while achieving better sparing of OARs. Future 

studies will incorporate a larger sample size with a range of tumour volumes and tumour position 

within the prostate to assess the variation in benefit of the proposed approach. It is anticipated that 

these studies will identify key clinical features that will predict the benefit of the proposed BiRT 

approach.  

Under the assumption of voxel independence, a maximum TCP is attained when the TCP for the 

individual voxels across the CTV are high and spatially homogeneous (Ebert & Hoban, 1996). In the 

presence of tumour heterogeneity due to varying clonogen density or other relevant parameters, a 

uniform-dose distribution will have a highly non-uniform TCP distribution (Figure 5-2 (iv)). By 

directly incorporating TCP in treatment planning optimisation, the ability of IMRT to modulate the 

beam intensity within the CTV is realised (Figure 5-2 (v)). An increase in dose inhomogeneity was 

observed in the biologically-optimised plans (Plan B). On average, Plan B demonstrated an 11-

percentage point improvement (p-value:0.02) in <TCP> compared to Plan A, which was based on 

physical dose optimisation. A relatively lower <TCP> around the periphery of the CTV is most likely 

due to the physical restriction of the IMRT dose gradient. The ability to modulate beam intensity with 

clonogen distribution allowed a lower dose to the rectum and bladder in pursuit of the overall tumour 

control objective. When Plans A and B with an equal <TCP> of 0.95 were compared, Plan B 

demonstrated 38.6% (p-value:<0.01) and 51.2% (p-value:<0.01) reduction in rectum and bladder 

 

3 Figure not mentioned in the original publication. 



82 

 

82 

 

<EUD>, on average. With full-biological optimisation where probabilistic objectives such as 

<NTCP> and <EUD> minimisation are applied to rectum and bladder, a treatment plan with minimal 

predicted tissue toxicity could be achieved.   

The standard of care of PCa with IMRT is moving away from uniform-dose planning with the 

progressive evolvement of quantitative imaging. DE in regions informed by imaging is becoming 

more common in the clinical setting. However, the majority of the DE is applied to subvolumes that 

are manually contoured based on image intensity, leading to large variations in subvolumes (van 

Schie et al., 2018). To overcome this limitation, investigators used a dose-painting-by-numbers 

(DPbN) technique where the dose prescription is applied at the voxel level (Arnesen et al., 2015; 

Berwouts et al., 2013; Differding et al., 2017; Dirscherl et al., 2012; Grönlund et al., 2017; Orlandi 

et al., 2016; Thorwarth et al., 2007a; van Schie et al., 2017; Yan et al., 2019). Rather than using a 

dose-prescription approach, we have applied a voxel-level TCP objective function to incorporate the 

expected treatment outcome. Furthermore, unlike previous studies that assumed clonogens are evenly 

distributed within the tumour or that all patients have an identical number of clonogens and/or 

radiosensitivity (Dirscherl et al., 2012; Thorwarth et al., 2007a, 2017; Witte et al., 2007), the proposed 

BiRT approach accounts for tumour heterogeneity derived from mpMRI.  

The proposed biofocused approach provides robust solutions by incorporating treatment-related 

uncertainties in the optimisation process. In this study, the expectation value of TCP was optimised 

using the method developed by Witte et al. (Witte et al., 2007). Probabilistic treatment planning 

techniques remove the need for expansion of CTV into PTV and have demonstrated improved 

robustness to margin-based treatment planning methods (Bohoslavsky et al., 2013; Moore et al., 2012; 

Unkelbach et al., 2018; Wahl et al., 2018). However, there are limitations to overcome before clinical 

implementation of margin-less probabilistic treatment planning becomes a reality. As with all 

probabilistic treatment planning, the accuracy of geometric error distributions is critical to the 

treatment outcome, even more so than those associated with radiobiological models (Witte et al., 

2007). Since a sharp dose gradient is dictated by the probabilistic approach (Witte et al., 2007) as 

well as an inhomogeneous clonogen distribution, an underestimation of the geometric errors, 

especially the systematic component, may result in treatment failure. While the current work adopted 

a complete margin-less approach, a small margin may be necessary to accommodate uncertainties 

that were not considered. There may be clonogens outside of the CTV due to nodal involvement or 

other geometric uncertainties that have not been accounted for. Probabilistic treatment planning is 

also more computationally intensive than dose-based methods due to complex objective functions. 

To speed up the process, a compromise had to be made in the computation matrix resolution which 

was initially planned for 1 mm x 1 mm x 2.5 mm but reduced to 2 mm x 2 mm x 2.5 mm. Similarly, 
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Witte et al. used a 4 mm x 4 mm x 4 mm dose grid to enable faster computation process. As the cost 

of computing power is reduced, it is expected that probabilistic biological optimisation will be widely 

adopted while preserving high-resolution data provided by quantitative and multiparametric imaging.  

The utilised TCP model has limitations in describing the complex nature of dose-response. Our model 

assumes that the distribution of clonogen density remains constant during the treatment when it is 

expected to change as treatment progresses in reality. Methods to monitor such response are currently 

unavailable. However, studies are underway (for example, Clinical trial ANZCTR UTN U1111-1221-

9589) to investigate the potential to model such response using mpMRI. With this information, the 

TCP model could be extended to account for changes in tumour biology characteristics in response 

to treatment. Our TCP model similarly excludes the effect of hypoxia, in model parameters and the 

inherent assumption that all clonogens must be eradicated to achieve tumour control in the absence 

of reliable information available for modelling. Thus, the calculated TCP values can only be 

considered in the relative rather than absolute sense. Therefore, whilst a better outcome is predicted 

in biologically-optimised plans when compared with the uniform-dose approach, the absolute 

probability of tumour control cannot be quantified in this study. The uncertainty in radiosensitivity 

parameter, α, arising from inter-patient variability, was accounted for applying a log-normal 

population distribution. In practice, inter- and intra-tumour heterogeneity in radiosensitivity for the 

individual patient will be presented in the form of a 3D biological map containing a distribution of 

Gleason score and hypoxia throughout the tumour generated from mpMRI using biomarkers 

formulated by Sun et al. (Sun, Reynolds, Wraith, et al., 2019; Sun, Williams, et al., 2017).  

Uncertainties in the models to predict tumour location and cell density have been previously 

quantified (Sun et al., 2018; Sun, Reynolds, et al., 2017a). Tumour location threshold uncertainty was 

found to have an insignificant effect on the total clonogen number. Cell density has a linear 

relationship with TCP between the range defined by the 95% confidence intervals of the parameter.  

Hence, the predicted clonogen density values were considered as the expected values, and no further 

data manipulation was performed to incorporate the uncertainties in clonogen density prediction maps.  

Furthermore, this study did not consider the urethra in treatment planning optimisation. Despite 

advances in dose delivery techniques, urethral strictures remain one of the most serious side effects 

of prostate radiotherapy (Herschorn et al., 2014; Khourdaji et al., 2015; Lawton et al., 2008; Ragde 

et al., 1997), with reported incidences up to 20% (Herschorn et al., 2014). As the urethra could not 

be easily delineated in the MR data sets, it was not possible to spare the urethra in the optimisation 

process. Future studies will model the urethra position using the ground truth histology from the BiRT 

cohort, and hence urethra sparing techniques may be possible. A randomised clinical trial that aimed 
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to spare the MRI-defined urethra in prostate IMRT failed to improve urinary quality of life 

(Vainshtein et al., 2012) while delivering a uniform distribution of dose to the prostate. The proposed 

BiRT approach has the potential to spare the prostatic urethra while maintaining a high tumour control 

where the prostate is no longer subjected to a uniform-dose. However, such an approach requires 

sophisticated image-guided treatment delivery that can verify the position of the urethra prior to (and 

potentially during) treatment. Further work in this area is required for the establishment of an 

appropriate urethral margin. 

5.7 Conclusion 

This planning study has compared uniform-dose plans with biologically-optimised IMRT plans for 

five PCa patients. The proposed biofocused approach utilises patient-specific tumour location and 

clonogen density information derived from mpMRI using a probabilistic treatment optimisation 

approach. Results have demonstrated that for an equivalent level of expected tumour control, a 

reduction in rectal and bladder dose can be achieved with the proposed BiRT methods in comparison 

with uniform-dose treatment planning methods. 



85 

 

85 

 

5.8 Supplementary material 

 

Figure S5-1 Haematoxylin and Eosin stained histology slice, selected image parameter and predicted 

tumour biology characteristics maps for Patient 1. Light blue contour represents the prostate, and 

green contour represents tumour location drawn by a pathologist. ADC=Apparent Diffusion 

Coefficient from diffusion-weighted images, Ktrans=volume transfer constant from dynamic contrast-

enhanced images and Ve=interstitial volume from dynamic contrast-enhanced images. 
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Figure S5-2 Isodose distributions for Patient 2. Above: Uniform-dose plan, Plan A. Below: 

Biologically-optimised plan, Plan B. 

 

Figure S5-3 Isodose distributions for Patient 3. Above: Uniform-dose plan, Plan A. Below: 

Biologically-optimised plan, Plan B. 
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Figure S5-4 Isodose distributions plans for Patient 4. Above: Uniform-dose plan, Plan A. Below: 

Biologically-optimised plan, Plan B. 

 

Figure S5-5 Isodose distributions for Patient 5. Above: Uniform-dose plan, Plan A. Below: 

Biologically-optimised plan, Plan B. 
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Figure S5-6 Treatment plan data for Patient 2. Axial slice corresponds to Figure 2. Magenta contour 

represents the CTV. (i) clonogen distribution map. (ii-iii) CTV dose distribution of the Plans A and 

B. (iv-v) Corresponding <TCP> distribution of the Plans A and B. 
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Figure S5-7 Treatment plan data for Patient 3. Axial slice corresponds to Figure 3. Magenta contour 

represents the CTV. (i) clonogen distribution map. (ii-iii) CTV dose distribution of the Plans A and 

B. (iv-v) Corresponding <TCP> distribution of the Plans A and B. 
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Figure S5-8 Treatment plan data for Patient 4. Axial slice corresponds to Figure 4. Magenta contour 

represents the CTV. (i) clonogen distribution map. (ii-iii) CTV dose distribution of the Plans A and 

B. (iv-v) Corresponding <TCP> distribution of the Plans A and B. 
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Figure S5-9 Treatment plan data for Patient 5. Axial slice corresponds to Figure 5. Magenta contour 

represents the CTV. (i) clonogen distribution map. (ii-iii) CTV dose distribution of the Plans A and 

B. (iv-v) Corresponding <TCP> distribution of the Plans A and B. 
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Figure S5-10 (A) CTV DVH and (B) <TCP>-volume histogram for Plans A and B of Patient 2. 

 

Figure S5-11 (A) CTV DVH and (B) <TCP>-volume histogram for Plans A and B of Patient 3. 

 

Figure S5-12 (A) CTV DVH and (B) <TCP>-volume histogram for Plans A and B of Patient 4. 
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Figure S5-13 (A) CTV DVH and (B) <TCP>-volume histogram for Plans A and B of Patient 5. 
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Figure S5-14 OAR DVH for Patient 2, isoeffective Plans A and B with a <TCP>=0.95. 
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Figure S5-15 OAR DVH for Patient 3, isoeffective Plans A and B with a <TCP>=0.95. 
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Figure S5-16 OAR DVH for Patient 4, isoeffective Plans A and B with a <TCP>=0.95. 
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Figure S5-17 OAR DVH for Patient 5, isoeffective Plans A and B with a <TCP>=0.95. 
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Rectal & bladder <NTCP> 

<NTCP> was calculated as: 〈𝑁𝑇𝐶𝑃〉 =
1

1+(
𝑇𝐷50

〈𝐸𝑈𝐷〉
)
𝑥 

where 𝑥 =
4

𝑚√2𝜋
  and TD50 is the uniform dose which will lead to complication in 50% of the 

population. 

For rectal toxicity (grade ≥1 rectal bleeding):  TD50=78.4 Gy, m=0.108 (Söhn et al., 2007) 

For bladder toxicity (grade ≥1 GU toxicity): TD50= 80 Gy, m=0.11 (Emami et al., 1991; Luxton et 

al., 2004). 

 

Figure S5-18 Rectal and bladder <NTCP> demonstrating a large variance for the <EUD> range 

observed in Plan A (Table 5 of the manuscript). 

Table S5-1 <NTCP> comparison for isoeffective Plans A and B. 

 

<NTCP> 

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Mean 

change 

(mean % 

change) 

p 
Plan 

A 

Plan 

B 

Plan 

A 

Plan 

B 

Plan 

A 

Plan 

B 

Plan 

A 

Plan 

B 

Plan 

A 

Plan 

B 

Rectum 
6.4 

E-04 

4.4 

E-07 

3.3 

E-04 

1.5 

E-07 

7.1 

E-06 

8.0 

E-09 

1.2 

E-05 

5.0 

E-09 

4.6 

E-05 

6.5 

E-08 

-2.1E-04 

(-99.9%) 
0.17 

Bladder 
4.3 

E-04 

6.8 

E-09 

1.4 

E-04 

1.3 

E-08 

1.7 

E-04 

1.5 

E-08 

9.9 

E-06 

1.2 

E-11 

1.5 

E-04 

1.6 

E-08 

-1.8E-04 

(-99.9%) 
0.06 
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Chapter 6 Standard versus hypofractionated intensity-modulated 

radiotherapy for prostate cancer: assessing the impact on dose 

modulation and normal tissue effects when using patient-

specific cancer biology 
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6.1 Foreword 

The previous chapter (Chapter 5) determined that the application of the BiRT approach to 

conventionally-fractionated prostate IMRT could reduce the OAR doses for an equivalent tumour 

control of the uniform-dose planning methods. This chapter considered the application in 

hypofractionated schedules as PCa has demonstrated late-responding tissue properties, i.e. a low 𝛼/𝛽 

suggesting a benefit of a hypofractionated approach compared with a long course of treatment. 

Clinical trials of hypofractionated radiotherapy in PCa patients have reported relatively high normal 

tissue toxicity, and therefore BiRT could support the radiobiological rationale of hypofractionation 

while keeping OAR doses low. Consequently, the research paper contained in this chapter compared 

dose distributions of biologically-optimised plans and uniform-dose plans for each fractionation 

schedule considered. This chapter also investigated whether biologically-optimised plans are robust 

against treatment uncertainties with a reduced number of fractions.  
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Adapted from: Her, Emily J., Ebert, M. A., Kennedy, A.., Reynolds, H. M., Sun, Y., Williams, S., 

& Haworth, A. (2020). Standard versus hypofractionated intensity-modulated radiotherapy for 

prostate cancer: Assessing the impact on dose modulation and normal tissue effects when using 

patient-specific cancer biology. Physics in Medicine and Biology, doi: 10.1088/1361-6560/ab9354. 

Online ahead of print. © Institute of Physics and Engineering in Medicine. Reproduced with 

permission. All rights reserved. 

Sections 6.2–6.8 are reproduced exactly as published, however, the methods section (6.4) was 

modified to avoid duplication of the material presented in Chapter 4. 

6.2 Abstract 

Aim: Hypofractionation of PCa radiotherapy achieves tumour control at lower total radiation doses, 

however, increased rectal and bladder toxicities have been observed. To realise the radiobiological 

advantage of hypofractionation whilst minimising harm, the potential reduction in dose to organs at 

risk was investigated for biofocused radiotherapy.  

Methods: Patient-specific tumour location and cell density information were derived from 

multiparametric imaging. Uniform-dose plans and biologically-optimised plans were generated for a 

standard schedule (78 Gy/39 fractions) and hypofractionated schedules (60 Gy/20 fractions and 36.25 

Gy/5 fractions).  

Results: Results showed that biologically-optimised plans yielded statistically lower doses to the 

rectum and bladder compared to isoeffective uniform-dose plans for all fractionation schedules. A 

reduction in the number of fractions increased the target dose modulation required to achieve equal 

tumour control. On average, biologically-optimised, moderately-hypofractionated plans 

demonstrated 15.3% (p-value:<0.01) and 23.8% (p-value:0.02) reduction in rectal and bladder dose 

compared with standard fractionation. The tissue sparing effect was more pronounced in extreme 

hypofractionation with mean reduction in rectal and bladder dose of 43.3% (p-value:<0.01) and 41.8% 

(p-value:0.02), respectively.  

Conclusions: This study suggests that the ability to utilise patient-specific tumour biology 

information will provide greater incentive to employ hypofractionation in the treatment of localised 

prostate cancer with radiotherapy. However, to exploit the radiobiological advantages given by 

hypofractionation, greater attention to geometric accuracy is required due to increased sensitivity to 

treatment uncertainties. 
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6.3 Introduction 

It is generally accepted that the value of α/β ratio of prostate cancer (PCa) is relatively low, with 

studies suggesting it to be as low as 1.5 Gy (Brenner & Hall, 1999; Fowler et al., 2001; Proust-Lima 

et al., 2011; J. Z. Wang, Guerrero, et al., 2003a; Williams et al., 2007). Tissues with a low α/β 

demonstrate a relatively enhanced response to large doses per fraction. In comparison, the late-effect 

damage to the neighbouring rectum and bladder are suggested to have higher α/β of 3-8 Gy (Bentzen 

& Ritter, 2005; Brenner, 2004; Deore et al., 1993; W. R. Lee et al., 2016; Rana & Rogers, 2012). 

Hence, treating PCa with fewer and larger doses of radiation, termed hypofractionation, should be 

radiobiologically advantageous. Improvement in biochemical control of PCa with hypofractionation 

has been observed clinically (Martin et al., 2007; Rene et al., 2010). Randomised clinical trials on the 

use of hypofractionation for localised PCa have demonstrated that moderate hypofractionation (up to 

4 Gy/fraction) is safe (Abu-Gheida et al., 2019) and non-inferior to standard schedule (Catton et al., 

2016; Dearnaley et al., 2016; W. R. Lee et al., 2016). Results from Trans-Tasman Radiation Oncology 

Group 03.04 Randomised Androgen Deprivation and Radiotherapy trial have also shown the benefit 

of hypofractionated boost delivered via high-dose-rate brachytherapy for a population consisting of 

a large proportion of high-risk patients (Denham et al., 2015). Results from extreme hypofractionation 

studies (> 4 Gy/fraction) are also promising (Friedland et al., 2009; Katz & Kang, 2014; C. R. King 

et al., 2012; Loblaw et al., 2013) but longer follow-up studies are required. Hypofractionation also 

has the advantage of reducing overall treatment cost (Yu et al., 2014) and patient inconvenience with 

less frequent hospital visits. Despite the improvement in biochemical control, generating a treatment 

plan with dose to normal structures at acceptable levels while delivering a very high uniform dose to 

the PTV is challenging. An increase in normal tissue toxicity has been reported with 

hypofractionation, in particular for acute gastrointestinal (GI) and late genitourinary (GU) toxicity 

(Koontz et al., 2015; Wortel et al., 2019).  

The consideration of tumour radiobiology and clinical endpoints during treatment planning 

optimisation has been recognised for its potential in improving treatment outcome (Deasy et al., 2015; 

Ling et al., 2000; Ling & Li, 2005; Nahum & Uzan, 2012; Uzan et al., 2016; Yang & Xing, 2005). 

Therefore, biological optimisation may provide a solution to the increased normal tissue toxicity 

observed in hypofractionated schedules. Indeed, the use of radiobiological objective functions in 

hypofractionated radiotherapy of high-risk PCa has previously demonstrated good biochemical 

control with comparable urinary and bowel toxicity to standard schedule (Onjukka et al., 2017). The 

target objective was to maximise the tumour control probability (TCP) of dominant intraprostatic 

lesions (DILs) computed with population-based parameters. In contrast, the BiRT proposed by our 

group uses a validated TCP model and patient-specific radiobiological parameters to drive inverse 
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treatment planning optimisation (Haworth et al., 2018). Voxel-level tumour location and cell density 

information are derived from multiparametric magnetic resonance imaging (mpMRI) using reliable 

predictive models (Sun et al., 2018; Sun, Reynolds, et al., 2017a). The application of the BiRT 

approach in conjunction with probabilistic treatment planning methods has demonstrated the potential 

to increase the likelihood of tumour control while simultaneously reducing the dose to the rectum and 

bladder for standard fractionation (Her, Haworth, et al., 2020). Hence, the BiRT approach may better 

realise the radiobiological advantage of hypofractionated treatment of PCa with minimal harm. This 

study aimed to: 1) compare dose distributions of prostate IMRT plans generated using uniform-dose 

planning to those generated with robust biological optimisation; 2) compare dose distributions of 

biologically-optimised plans designed for standard and hypofractionated schedules.  

6.4 Methods 

 Patient data 

A set of five patients (Patient Set 1) was selected for this study. The patient data details are contained 

in section 4.2. Processing of the patient mpMRI data to produce patient-specific clonogen distribution 

maps are contained in sections 4.3 and 4.4. 

 TCP model 

The TCP model used in this study is described in section 4.5.  

 Treatment planning 

Fractionated schedules investigated in this study included standard fractionation with a prescription 

dose of 78 Gy delivered in 39 daily fractions (2 Gy/fraction), moderate hypofractionation with 60 Gy 

in 20 daily fractions (3 Gy/fraction) and extreme hypofractionation with 36.25 Gy in 5 fractions 

assumed to be delivered every second working day (7.25 Gy/fraction).  The hypofractionated 

schedules selected were those commonly reported in the literature, clinical trials and routine clinical 

practice, typically designed for equivalent biological effectiveness (Catton et al. 2016; Chen et al. 

2013; Dearnaley et al. 2016; Friedland et al. 2009; Katz & Kang 2014; King et al. 2012; Leborgne et 

al. 2012; Lieng et al. 2017). General information on the treatment planning software and plan 

parameters is described in section 4.6. 

6.4.3.1 Uniform-dose planning 

Uniform-dose planning methods used are described in section 4.6.1. The main objectives of uniform-

dose planning were to deliver the prescription dose to the CTV while satisfying OAR DV constraints. 
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6.4.3.2 Robust biological optimisation 

Biological optimisation methods are described in section 4.6.2. The main objectives of the biological 

optimisation were to maximise <TCP> and minimise rectal and bladder <NTCP>.  

 Plan evaluation 

To allow direct comparison of dose to sensitive structures at the same tumour control level, the overall 

dose distributions of the plans were linearly scaled to generate isoeffective dose distributions with 

<TCP>=0.95. <TCP> was calculated using the overall geometric error for the respective treatment 

planning method (uniform-dose or biological optimisation) and fractionation schedule (section 4.6.2). 

Invariance of the optimal solution with dose scaling was assumed. All statistical analyses were 

performed with the R statistical language (R Foundation for Statistical Computing, Austria, Version 

3.2.3). A test statistic (p-value) less than 0.05 was considered significant. 

6.4.4.1 Comparison of uniform-dose and biologically-optimised plans of the same fractionation 

schedule 

Comparison of rectum and bladder doses between uniform-dose and biologically-optimised plans of 

the same fractionation schedule was made by calculating the expectation value of generalised 

equivalent uniform dose, <EUD> (Equation (5-1)). 

Mean dose to the HOFs was also determined. A paired t-test was performed to compare uniform-dose 

and biologically-optimised plans for each fractionation schedule.  

6.4.4.2 Comparison of biologically-optimised plans using different fractionation schedules 

Isoeffective dose distributions were converted to EQD2Gy (Equations (4-5) and (4-6)) to allow 

comparison of biologically-optimised plans of different fraction schedules. The 𝛼/𝛽 for the CTV, 

HOFs, external volume early and late effects were 3.1 Gy (J. Z. Wang, Guerrero, et al., 2003a), 0.85 

Gy (Withers et al., 1995), 10 Gy and 3 Gy, respectively. <EUD2Gy> was calculated for the rectum 

and bladder. Mean EQD2Gy
 was determined for the HOFs. A paired t-test was performed to compare 

biologically-optimised plans of the standard fractionation to each of the hypofractionated schedules. 

 Robustness test 

Probabilistic treatment optimisation using the biofocused approach assumed that the effect of random 

errors by dose-averaging. To test the robustness of the probabilistic treatment optimisation against a 

small number of fractions, dose distributions of biologically-optimised, hypofractionated plans with 

<TCP>=0.95 were tested for 1000 sampled treatments using the distributions of geometric error 

summarised in Table 4-9. The method used to evaluate the robustness was similar to that described 

by Selvaraj et al. (Selvaraj et al., 2013). For each sampled treatment, a systematic displacement, ∆sys, 
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and n random displacements, ∆rand, were sampled using a pseudo-random generator. Therefore, the 

combined displacement for a jth fraction of the ith sampled treatment, ∆i,j, was the sum of ∆sys,i and 

∆rand,i,j. For each fraction, the planned dose distribution was shifted by ∆i,j. The number of surviving 

clonogens in each voxel was calculated at the end of each fraction, and the total number of remaining 

clonogens in the CTV was obtained at the end of the sampled treatment for the TCP calculation. To 

ensure that clinically sensible displacements were sampled within the context of fiducial-based 

image-guided RT, a limit of ± 3 mm was applied to ∆i,j. A plan was considered to be robust when 95% 

of the simulated treatments achieved a TCP greater than 0.95. 

6.5 Results 

 Comparison of uniform-dose and biologically-optimised plans of the same fractionation 

schedule 

Significantly lower <EUD> to the rectum and bladder were achievable for the isoeffective 

biologically-optimised plans compared to uniform-dose plans across all fractionation schedules 

investigated. Resulting OAR dose metrics of uniform-dose and biologically-optimised plans for 

extreme hypofractionation are summarised in Table 6-1 (results for other fractionation schedules 

available in section 6.8). A statistically significant reduction in mean EQD to the HOFs was also 

achievable. Figure 6-1 demonstrates successful beam modulation within the CTV in biologically-

optimised plans, driven by clonogen distribution information to achieve a high overall <TCP> while 

simultaneously reducing the dose to the OARs. The dose distribution of a biologically-optimised plan 

does not necessarily match the clonogen distribution. A maximum overall TCP requires a uniform 

distribution of high individual TCPs across the CTV (Ebert & Hoban, 1996). Therefore, the biological 

optimisation finds the dose distribution that gives the most homogeneous TCP distribution (columns 

3 and 4 of Figure 6-1) for a given set of constraints while taking into account of the effects of 

geometric uncertainties. Furthermore, as these effects are also considered in the OARs, the optimised 

dose distribution may not spatially match the clonogen distributions.  

 Comparisons of biologically-optimised plans using different fractionation schedule 

Improvement in rectum and bladder sparing was more pronounced with extreme hypofractionation 

than moderate hypofractionation using biological optimisation (Table 6-2). For all five patients, 

hypofractionation allowed a reduction in dose to the rectum and bladder while keeping the CTV 

EQD2Gy at a comparable level or higher to those for standard fraction plans (Figure 6-2 and Figure 

6-3). 
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The mean reduction in rectal <EUD2Gy> was 15.3% for moderate hypofractionation (p-value:<0.01) 

and 43.3% for extreme hypofractionation (p-value:<0.01), respectively. Similarly, the reduction in 

bladder <EUD2Gy> was statistically significant for moderate hypofractionation (mean: 23.8%, p-

value:0.02) and extreme hypofractionation (mean: 41.8%, p-value:0.02). The change in mean EQD2Gy 

to HOFs was not statistically significant for both moderate (p-values: 0.86 for left HOF and 0.83 for 

right HOF) and extreme hypofractionation (p-values: 0.86 for left HOF and 0.47 for right HOF). In 

all cases, the DV constraint of EQD2Gy V53≤5% was satisfied. 

 Robustness test 

Biologically-optimised, hypofractionated plans were tested against the geometric effects of treatment 

errors considered in the treatment planning optimisation (section 4.6). Figure 6-4 shows, for each 

patient separately, the results of the robustness test in terms of the TCP histogram of the simulated 

treatments with its descriptive statistics and the percentage of the simulated treatments that achieved 

a TCP≥0.95. All moderately-hypofractionated plans passed the robustness criterion of attaining 

TCP≥0.95 for at least 95% of simulated treatments. All extremely-hypofractionated plans except for 

Patient 5 passed the robustness criterion. 
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Figure 6-1 Comparison of uniform-dose plans and biologically-optimised plans for Patient 4. 

Magenta contour represents the CTV. Dose distributions are displayed in columns 1 and 3, and 

<TCP> distributions in columns 2 and 4. 
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Table 6-1 OAR dose metrics for isoeffective uniform-dose and biologically-optimised plans for 

extreme hypofractionation (36.25 Gy/5 fractions). Dose distributions of the plans were scaled to 

achieve equivalent tumour control (〈TCP〉=0.95). LHOF=left head of the femur, RHOF=right head 

of the femur. 

 

 

 

 

<TCP>=0.95 Patient Uniform-dose Biologically-optimised 

Rectum <EUD> 

(Gy) 

1 20.9 12.3 

2 20.5 11.7 

3 16.6 10.3 

4 16.9 9.1 

5 18.1 10.9 

 p-value <0.01 

Bladder <EUD>  

(Gy) 

1 19.2 11.7 

2 18.4 8.9 

3 19.2 11.2 

4 15.6 6.9 

5 18.9 11.5 

 p-value <0.01 

LHOF  

Dmean 

(Gy) 

1 10.1 7.5 

2 9.5 7.2 

3 9.6 7.7 

4 9.8 6.7 

5 10.2 7.0 

 p-value <0.01 

RHOF 

Dmean 

(Gy) 

1 9.3 6.4 

2 9.1 6.2 

3 9.2 6.4 

4 8.8 5.7 

5 9.7 6.1 

 p-value <0.01 
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Figure 6-2 Comparison of EQD2Gy-DVH of the isoeffective plans with equal <TCP> of 0.95 for 

Patient 4. 
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Figure 6-3 Comparison of EQD2Gy dose profiles between isoeffective plans with equal <TCP> of 

0.95 generated with different fractionation schedules. Orientation 1 is a coronal plane through the 

patient, while orientation 2 is a sagittal plane as shown in the sample CT image. Different tissue 

regions along the selected orientation are visualised using a colour code. 

 

 



112 

 

112 

 

Table 6-2 DV parameters for isoeffective, biologically-optimised plans with equal <TCP> of 0.95 

generated with different fractionation schedules. P-value represents the test statistic for the paired t-

test between standard fractionation and corresponding hypofractionated schedule. LHOF=left head 

of the femur, RHOF=right head of the femur. 

 

 

<TCP>=0.95 Patient 
Standard 

fractionation 

Moderate 

hypofractionation 

Extreme 

hypofractionation 

Rectum 

<EUD2Gy> 

(Gy) 

1 35.1 31.2 17.1 

2 28.2 24.8 15.3 

3 20.7 16.7 12.6 

4 18.9 14.9 10.7 

5 22.9 20.0 14.4 

 p-value <0.01 <0.01 

Bladder 

<EUD2Gy>  

(Gy) 

1 32.7 22.3 15.1 

2 17.3 15.3 10.3 

3 23.5 17.6 13.6 

4 14.6 9.4 7.4 

5 18.6 15.8 14.3 

 p-value 0.02 0.02 

LHOF  

mean 𝐄𝐐𝐃𝟐𝐆𝐲 

(Gy) 

1 11.8 10.5 8.5 

2 9.5 8.9 8.0 

3 8.3 6.2 9.3 

4 6.7 8.2 7.3 

5 5.5 7.3 7.8 

 p-value 0.86 0.86 

RHOF 

mean 𝐄𝐐𝐃𝟐𝐆𝐲 

(Gy) 

1 11.3 7.5 6.8 

2 6.2 6.2 6.7 

3 7.0 8.8 6.3 

4 5.2 6.0 6.0 

5 5.9 6.0 6.0 

 p-value 0.83 0.47 
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Figure 6-4 Robustness test results for biologically-optimised, hypofractionated plans. Presented are 

the TCP histograms of the simulated treatments with their median, 1st quartile, 3rd quartile and the 

percentage of treatments that passed the TCP≥0.95 criterion. 

 

6.6 Discussion 

Increasing the fraction size of a uniform distribution of radiation dose to the prostate without an 

increase in GI and GU toxicity is difficult to achieve. Clinical trials and studies on the 

hypofractionated treatment of PCa with uniform irradiation of the PTV have reported significant 
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grade ≥ 2 acute GI and late GU toxicities (Aluwini et al., 2015; Dearnaley et al., 2016; C. R. King et 

al., 2012; W. R. Lee et al., 2016; Loblaw et al., 2013). In this investigation, uniform-dose and 

biologically-optimised plans for five patients using standard and hypofractionated schedules were 

generated and compared. As demonstrated in previous studies (Her et al., 2017; Her, Sun, et al., 2018), 

biologically-optimised plans of equal expected tumour control yielded statistically lower dose to the 

rectum and bladder than uniform-dose plans for all fractionation schedules investigated. The 

consideration of TCP with patient-specific tumour characteristics in the treatment optimisation allows 

more effective use of the beam modulation to increase the dose to more radioresistant (high clonogen 

density) regions while satisfying limits for normal tissue toxicity. 

When realistic tumour characteristics are considered, the absolute difference in the fractional dose 

required to achieve the equivalent level of tumour control between areas of low and high clonogen 

density is greater for hypofractionated schedules than that for standard fractionation (Figure 6-5). 

Hence, to capitalise on the knowledge of spatial heterogeneity in tumour biology, hypofractionation 

demands a steeper dose gradient for a high overall TCP with minimal dose to the surrounding 

structures relative to more “conventional” fractionation. The results of this investigation suggest that 

when patient-specific tumour location and cell density information is incorporated into the treatment 

planning optimisation, improved sparing of the rectum and bladder is obtained for hypofractionated 

prostate IMRT.  

 

Figure 6-5 The relationship between the fractional dose required to achieve the same level of tumour 

control as the standard 2 Gy/fraction and clonogen density for different fractionation schedules. The 

clonogen density used for reference TCP calculation of 2 Gy/fraction equivalent was 100 

clonogens/mm3. 
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When the dose distributions of different fractionation schedules were scaled to achieve <TCP>=0.95 

and then converted to EQD2Gy to allow comparison between schedules, hypofractionated plans 

demonstrated a reduction in dose to normal structures at the same tumour control level (Table 6-2). 

Biological optimisation with the use of patient-specific tumour location and cell density information 

allows reduction of rectal and bladder dose while maintaining a high chance of tumour control. 

Standard fractionation studies typically use DV constraints recommended by the Quantitative 

Analyses of Normal Tissue Effects in the Clinic (QUANTEC) publication (Bentzen et al., 2010). 

However, the recommendations are based on a series of systematic literature reviews, and there is no 

consensus on how the constraints should be modified for different fractionation schedules. 

Hypofractionation studies often convert DV constraints of the standard fractionation schedules using 

EQD2Gy or biological equivalent dose. The direct translation of the tolerance doses has not yet been 

validated in hypofractionation studies, and comprehensive DV-based analyses are required for 

determination of evidence-based constraints. 

Approximation of dose-averaging or blurring of the dose matrix is known to break down for 

hypofractionation due to random errors behaving more like a systematic error with fewer fractions 

(Unkelbach et al., 2018). However, there is no consensus on the exact fraction number at which the 

approximation breaks. Therefore, the robustness of probabilistic treatment planning for the selected 

hypofractionated schedules was investigated. Moderate hypofractionation plans demonstrated 

robustness to uncertainties that were accounted for during treatment planning optimisation. More than 

95% of the treatment simulations performed using biologically-optimised, moderately-

hypofractionated plans with <TCP>=0.95 attained TCP values greater than or equal to 0.95 in all 

patients. Extreme hypofractionation plans passed the robustness criterion in all but Patient 5. Patient 

5 had a small tumour volume of 0.7 cm3, in comparison with the population mean of 3.9 cm3. As 

smaller tumour volume is more sensitive to systematic error and that TCP is very sensitive to low 

doses, the inadequacy of dose-averaging in modelling random error was more exaggerated in 

extremely-hypofractionated plans. Similarly, Patient 4, who had the smallest CTV volume of 18.8 

cm3  ust passed the robustness criterion for extreme hypofractionation plans (TCP≥0.95 = 95.8%). 

Therefore, the radiobiological advantage of extreme hypofractionation requires greater attention to 

geometric accuracy and the use of real-time motion tracking systems such as Calypso or kilovoltage 

intra-fraction monitoring system (Huang et al., 2015) during delivery is recommended. It is 

anticipated that data from the increase in in-room imaging modalities in clinical practice will facilitate 

better modelling of geometric uncertainties in hypofractionated radiotherapy. In the meantime, 

probabilistic treatment planning for extreme hypofractionation could be accommodated by assuming 
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a worst-case approach where geometric error consists of purely systematic error with distribution 

𝛴′ = √𝛴2 + 𝜎2
2

 (Witte et al., 2017). The effect of varying patient characteristics including prostate 

volume and location of the tumour on expected treatment outcome should be investigated in larger 

patient population to further identify patients who would benefit from the BiRT approach. 

There are inherent uncertainties associated with the evaluation of TCP for the proposed method of 

treatment planning optimisation (Haworth et al., 2004b). Predictive models for tumour location and 

cell density have previously demonstrated good performance (Sun et al., 2018; Sun, Reynolds, et al., 

2017a). The change in predicted values within a 95% confidence interval did not have a significant 

effect on total clonogen number or TCP. Furthermore, the TCP model has demonstrated the highest 

sensitivity to radiosensitivity parameters �̅� and 𝜎𝛼. Therefore, uncertainties in tumour location and 

cell density prediction maps were considered to be insignificant compared to other sources of errors 

and were not considered in the optimiser.  

As patient-specific radiosensitivity information derived from quantitative imaging is currently 

unavailable, heterogeneity in radiosensitivity was assumed to be log-normally distributed within a 

population. Sources of intra-tumour radiosensitivity heterogeneity include tumour aggressiveness 

(Gleason score) and presence of hypoxia, which have demonstrated correlation with mpMRI 

biomarkers (Sun, Reynolds, Wraith, et al., 2019; Sun, Williams, et al., 2017). Work is currently 

underway to develop predictive models for Gleason score and hypoxia distribution maps using the 

identified biomarker imaging. The model also excludes the effect of accelerated repopulation, change 

in tumour characteristics and sublethal damage repair during treatment. With increased delivery time 

for each fraction of hypofractionated treatments, intra-fraction repair may have a significant effect on 

treatment outcome prediction. In a study investigating the impact of fraction delivery time on the 

outcome of hypofractionated treatment of PCa, the authors concluded that neglecting to account for 

intra-fraction repair leads to an underestimation of the fractionation sensitivity and therefore may lead 

to overestimating the effectiveness of hypofractionated schedules (Dasu & Toma-Dasu, 2015). In the 

presence of uncertainties in the model and model parameters used, the calculated TCP in this study 

was used as a relative indicator of tumour control between two treatment plans. A plan with a TCP 

of 0.95 indicates that its likelihood of tumour control is greater than a plan with a TCP less than 0.95. 

Another limitation of this study was that the urethra was not considered during treatment planning 

optimisation as it could not be easily delineated in the MR data sets. It is anticipated that future studies 

will include sparing of the urethra by using CT data with urethral contrast or by modelling the urethra 

position using the ground truth histology. 
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6.7 Conclusion 

This planning study investigated uniform-dose and biologically-optimised prostate IMRT plans 

generated for a standard schedule and two hypofractionated schedules using patient-specific tumour 

location and cell density data derived from mpMRI. A statistically significant reduction in dose to the 

rectum and bladder was demonstrated for biological optimisation compared to uniform-dose planning 

for all fractionation schedules. A further reduction in rectal and bladder dose was attained for 

biological optimisation with fewer fractions, without a compromise in <TCP>. Normal tissue sparing 

was more pronounced in extreme hypofractionation compared with moderate hypofractionation. 

While the results of this study support further clinical investigations on the use of extreme 

hypofractionation in treating PCa, greater attention to geometric accuracy is required due to increased 

sensitivity to treatment uncertainties.  
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6.8 Supplementary material 

 

Table S6-1 OAR dose metrics for isoeffective uniform-dose and biologically-optimised plans standard 

fractionation (78 Gy/39 fractions). Dose distributions of the plans were scaled to achieve equivalent 

tumour control (〈TCP〉=0.95). LHOF=left head of the femur, RHOF=right head of the femur. 

<TCP>=0.95 Patient Uniform-dose Biologically-optimised 

Rectum <EUD> 

(Gy) 

1 47.4 37.1 

2 45.4 30.8 

3 35.1 24.0 

4 36.4 21.9 

5 39.9 25.5 

 p-value <0.01 

Bladder <EUD>  

(Gy) 

1 46.9 33.1 

2 43.4 19.3 

3 44.0 25.4 

4 36.2 16.5 

5 43.7 20.7 

 p-value <0.01 

LHOF  

Dmean 

(Gy) 

1 22.7 20.1 

2 22.4 17.2 

3 21.8 15.8 

4 22.3 13.4 

5 22.4 11.8 

 p-value <0.01 

RHOF 

Dmean 

(Gy) 

1 20.7 19.4 

2 21.1 14.1 

3 20.0 13.8 

4 19.9 11.0 

5 21.2 12.6 

 p-value <0.01 
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Table S6-2 OAR dose metrics for isoeffective uniform-dose and biologically-optimised plans for 

standard fractionation (60 Gy/20 fractions). Dose distributions of the plans were scaled to achieve 

equivalent tumour control (〈TCP〉=0.95). 

 

 

 

 

 

<TCP>=0.95 Patient Uniform-dose Biologically-optimised 

Rectum <EUD> 

(Gy) 

1 38.0 29.3 

2 34.5 24.4 

3 28.6 17.8 

4 29.5 16.1 

5 31.5 19.5 

 p-value <0.01 

Bladder <EUD>  

(Gy) 

1 35.0 21.6 

2 31.1 16.0 

3 33.4 18.0 

4 27.7 10.4 

5 33.2 16.6 

 p-value <0.01 

LHOF  

Dmean 

(Gy) 

1 17.8 14.7 

2 18.5 13.5 

3 17.3 12.9 

4 17.3 12.0 

5 17.5 11.6 

 p-value <0.01 

RHOF 

Dmean 

(Gy) 

1 16.5 12.0 

2 17.5 10.5 

3 16.4 10.5 

4 15.6 9.7 

5 16.6 10.2 

 p-value <0.01 
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Chapter 7 Incorporating mpMRI-derived tumour hypoxia 

information in prostate IMRT planning to improve treatment 

outcome 
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7.1 Foreword 

Hypoxia is prevalent in PCa and associated with early biochemical failure (Milosevic et al., 2012; 

Movsas et al., 2002; Turaka et al., 2012), but very little is known about hypoxic radioresistance in 

PCa. As such, reliable hypoxia data compatible with the TCP model was not available, and studies 

presented in Chapter 3, Chapter 5 and Chapter 6 excluded the effect of hypoxia. Since then, the BiRT 

group identified potential mpMRI textural features that demonstrated correlation with hypoxia gene 

expression in PCa (Sun, Williams, et al., 2019). Therefore, the manuscript contained in this chapter 

investigated the feasibility of the BiRT application in extremely-hypofractionated prostate IMRT 

when hypoxic radioresistance is included. From the previous chapter (Chapter 6), it was determined 

that extra care is required in extreme-hypofractionation as dose-averaging breaks down when 

modelling random error. Consequently, the geometric error was modelled as consisting of a purely 

systematic component. The study presented in this chapter intended to gain insight into the limitations 

on deliverable dose to the prostate with IMRT. 
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Her, Emily J., Haworth, A., Sun, Y., Williams, S., Reynolds, H. M., Kennedy, A., & Ebert, M.A. 

Incorporating mpMRI-derived tumour hypoxia information in prostate IMRT planning to 

improve treatment outcome. Manuscript prepared for publication. 

7.2 Abstract 

Aim: Tumour hypoxia is one of the causes of clinically observed radioresistance. Multiparametric 

magnetic resonance imaging (mpMRI) has the potential to quantitatively describe the extent and 

spatial distribution of hypoxia in prostate cancer. A biofocused radiotherapy (BiRT) approach that 

utilises this information to target hypoxia was investigated. 

Methods: This proof-of-concept study used mpMRI-derived tumour biology maps to generate 

individualised, hypoxia-targeting prostate IMRT plans for extreme hypofractionation. The spatial 

distribution of mpMRI textural features associated with hypoxia-related genetic profiles was used as 

a surrogate of tumour hypoxia. The effectiveness of the proposed approach was assessed by 

comparing the dose to organs at risk (OARs) with hypoxia-guided focal dose escalation (DE) plans 

generated for five patients. 

Results: Statistically significant reductions in rectal and bladder dose were observed for hypoxia-

targeting, biologically-optimised plans compared to isoeffective focal DE plans. Normal tissue 

sparing of the BiRT approach was achieved at the expense of patient skin dose. 

Conclusions: The results of this study suggest that, while the proposed approach is feasible for 

overcoming hypoxic radioresistance with low doses to the OARs, caution is advised on the selection 

of treatment approach for extreme hypofractionation. Volumetric modulated arc therapy, 

brachytherapy and charged particle therapy are potential alternative skin sparing modalities for 

hypoxia-targeting BiRT. 
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7.3 Introduction 

Tumour hypoxia is the reduced oxygenation state in tumour cells and is considered to be the most 

critical cause of radioresistance observed clinically (Brown & Wilson, 2004; Gray et al., 1953). 

Hypoxia has been observed in prostate cancer (PCa) (Movsas et al., 1999; C. Parker et al., 2004) and 

is associated with early biochemical failure (Milosevic et al., 2012; Movsas et al., 2002; Turaka et al., 

2012). Therefore, it would be beneficial to identify patients that exhibit hypoxic radioresistance for 

hypoxia-targeting therapies. Depending on the type of intervention, this may require knowledge of 

the spatial distribution of hypoxic regions within the tumour. Multiparametric MRI (mpMRI) is a 

promising non-invasive method for defining the spatial distribution and levels of PCa tumour hypoxia 

(Chopra et al., 2009; Hompland et al., 2018; Hoskin et al., 2007; Sun, Williams, et al., 2019). In 

radiotherapy, several investigators have attempted to combat hypoxic radioresistance with increased 

radiation dose, typically using focal dose escalation (DE) to regions suspected to be hypoxic on 

imaging (Chang et al., 2013; Chao et al., 2001; Servagi-Vernat et al., 2015). A potential limitation of 

such an approach is the uncertainty in the dose prescription that is required to eradicate hypoxic cells 

and risk treatment failure. 

Biofocused radiotherapy (BiRT) has been proposed as a method to address this uncertainty whereby 

the spatial distribution of hypoxic regions is derived from mpMRI. This information, along with 

additional mpMRI derived tumour biology, can be used in the treatment planning optimisation for 

improved treatment outcome (Haworth et al., 2018). Methods for predicting tumour location and cell 

density from mpMRI have been developed (Sun et al., 2018; Sun, Reynolds, et al., 2017b), and 

potential mpMRI features have been identified for hypoxia detection (Sun, Williams, et al., 2019), 

which enables targeting of hypoxia with the BiRT approach. We have previously demonstrated 

biologically-optimised plans give a normal tissue sparing effect with high tumour control (Her, Ebert, 

et al., 2020; Her, Haworth, et al., 2020). The purpose of this study was to estimate the potential gain 

for focal DE and BiRT approaches in targeting hypoxia in terms of normal tissue sparing. This 

modelling study was performed for extreme hypofractionation, which is the next anticipated step after 

moderate hypofractionation for localised PCa.   

7.4 Methods 

 Tumour biology maps 

A set of five patients (Patient Set 2) was selected for this study. The patient data details are contained 

in section 4.2. Processing of the patient mpMRI data to produce patient-specific clonogen distribution 

maps are identical to methodology described in sections 4.3 and 4.4, with the exception of the use of 
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patient-specific binary tumour location maps derived from co-registered ground truth histology, 

instead of the prediction maps.  

Patient-specific hypoxia prediction maps were derived from mpMRI using the top eight performing 

candidate radiomics features identified by Sun et al. (Sun, Williams, et al., 2019). Briefly, these 

candidate features were derived from a radiogenomics study that investigated the relationship 

between PCa tissue expressing genetic profiles shown to be associated with hypoxia, and radiomics 

features extracted from the co-registered in vivo mpMRI data (Reynolds et al., 2015). The study 

described by Sun et al. (Sun, Williams, et al., 2019) provided only a binary output representing 

hypoxic or normoxic status. To constrain the model to search only within tumour-bearing regions 

likely to contain hypoxia, we assumed that oxygen consumption is a function of cell density (Magliaro 

et al., 2019). Hence the hypoxia score map was derived from a weighted sum of the cell density and 

the selected eight texture features. Four different hypoxic fractions (HF, percentage of hypoxic voxels 

in tumour voxels) were simulated: 20%, 40%, 60% and 80%. For each patient, binary tumour hypoxia 

maps of each of the four HFs were generated by using thresholds that equate to the 80th, 60th, 40th and 

20th percentiles of the hypoxia scores of the tumour voxels, respectively. 

 TCP model 

The TCP model used in this study is described in section 4.5.  

 Treatment Planning 

General information on the treatment planning software and plan parameters is described in section 

4.6. Four treatment planning methods were explored in this study: uniform-dose planning, focal DE 

to the tumour, focal DE to the tumour and hypoxic volumes and, lastly, robust biological optimisation. 

The first three are classified as dose-based planning methods. Uniform-dose planning and tumour DE 

methods were included as non-hypoxia-targeting planning methods for comparison with the hypoxia-

targeting methods. The dose prescriptions and dose-volume (DV) constraints for the dose-based 

planning methods were based on the hypo-FLAME trial protocol where patients were treated with 

extreme hypofractionated treatment (35 Gy/5 fractions) to the whole prostate gland with a focal boost 

up to 50 Gy to the mpMRI-defined tumours (Draulans et al., 2020). Dose constraints for all planning 

methods are summarised in Table 7-1, and detailed information on each of the planning methods are 

described below. 
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Table 7-1 Dose constraints used in treatment planning optimisation. *=OAR constraints identical to 

uniform-dose planning, ⁑= doses up to prescription as long as OAR constraints are met. 

 

7.4.3.1 Uniform-dose planning 

The main objective of the uniform-dose planning method was to provide a homogeneous dose 

prescription of 35 Gy to the planning target volume (PTV) while satisfying OAR DV constraints. 

While the hypo-FLAME trial recommended a planning margin of 4-5 mm, a planning margin was 

calculated for this study to apply the same geometric errors considered in robust biological 

optimisation. Taking into consideration that random errors increasingly behave like systematic errors 

with hypofractionation (Unkelbach et al., 2018), the geometric error was modelled as consisting of a 

purely systematic component (de Boer & Heijmen, 2001; J. J. Gordon & Siebers, 2008; Witte et al., 

2017) with an effective systematic error, 𝛴′: 

Planning method VOI Constraints 

Uniform-dose 

CTV V35Gy ≥ 99% 

PTV V33.25Gy ≥ 99% 

Rectum 
V28Gy ≤ 15% 

V32Gy ≤ 20% 

Bladder 
V28Gy ≤ 15% 

V32Gy ≤ 20% 

HOF V28Gy ≤ 5% 

Focal DE to tumour* GTV 
V35Gy ≥ 99%; aimed up to 50 Gy⁑ 

V52Gy ≤ 0.1cc 

Focal DE to tumour and 

hypoxic volume* 

GTV V35Gy ≥ 99%; aimed up to 50 Gy⁑ 

HTV 
V35Gy ≥ 99%; aimed up to 60 Gy⁑ 

V62Gy ≤ 0.1cc 

Biological optimisation 

CTV 
Maximise <TCP> 

V35Gy≥ 99% 

Rectum 
Minimise <NTCP> 

TD50=78.4 Gy, m=0.108, a=6 

Bladder 
Minimise <NTCP> 

TD50=80 Gy, m=0.11, a=6 

HOF V28Gy ≤ 5% 
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Σ′ = √Σ2 + σ2 (7-1) 

The overall distribution and the resultant margin for the three principal directions used for uniform-

dose planning are summarised in Table 7-2 and are based on the geometric uncertainties from target 

delineation, fiducial marker localisation and intra-fraction prostate motion (Alasti et al., 2017; Kron 

et al., 2010; H. Quon et al., 2012), as described in section 4.6.1. 

Table 7-2 The overall distribution of geometric uncertainties considered in uniform-dose planning 

and calculated margin using Equation (7-1), and those considered in robust biological optimisation. 

M is identical in both planning methods. M=mean, 𝛴′= effective systematic error. 

The DV constraints were identical to those used for the hypo-FLAME trial without the boost. The 

PTV and CTV treatment planning objectives were V33.25Gy (volume receiving 33.25 Gy, 95% of 

the prescription dose) ≥ 99% and V35Gy (volume receiving 35 Gy, 100% prescription dose) ≥ 99%, 

respectively.  

7.4.3.2 Focal tumour DE 

The tumour voxels were segmented and defined as the gross tumour volume (GTV). Based on the 

hypo-FLAME trial objectives, the focal DE plans were designed to deliver a uniform dose of 35 Gy 

to the PTV and up to 50 Gy to the GTV while satisfying the OAR DV constraints. 

7.4.3.3 Focal tumour+hypoxia DE 

The voxels classified as hypoxic in the tumour hypoxia binary maps were segmented as hypoxic 

target volumes (HTVs) for each HF. A previous Monte Carlo study estimated that an increase of 20-

50% of tumour dose is required to increase the TCP if a significant portion of chronic hypoxia is 

identified (Popple et al., 2002). As such, a DE up to 60 Gy to the HTV was considered while satisfying 

the OAR DV constraints.  

7.4.3.4 Robust biological optimisation 

Biological optimisation methods are described in section 4.6.2. The main objectives of the biological 

optimisation were to maximise <TCP> and minimise rectal and bladder <NTCP>. The overall 

Uncertainties 

(mm) 

Uniform-dose planning Robust biological optimisation 

M 𝚺′ Margin 𝚺′ 

AP -0.86 3.6 9.0 5.3 

LR -0.03 2.6 6.5 4.6 

SI 0.21 3.2 8.0 5.0 
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distribution in three principal directions used for biological optimisation is also summarised in Table 

7-2. 

 Effect of hypoxia on <TCP> of dose-based planning methods 

To investigate the effect of hypoxia on <TCP> of dose-based planning methods, <TCP> of the plans 

generated with uniform-dose, focal tumour DE and focal tumour+hypoxia DE methods were 

calculated for all oxygenation status considered: HF of 0% (normoxic), 20%, 40%, 60% and 80%. 

 Comparison of focal DE and biologically-optimised plans for targeting tumour hypoxia 

The overall dose distributions of the biologically-optimised plans were linearly scaled to attain the 

same <TCP> as the corresponding focal tumour+hypoxia DE plans. Biologically-optimised plans 

were assumed to be invariant with dose scaling.  

Dose to the rectum and bladder was compared by calculating the <EUD>. Mean doses were evaluated 

for the HOFs. Although the skin is not typically considered in prostate radiotherapy planning, it was 

delineated for plan evaluation purposes. The skin was contoured by the contraction of the external 

body contour by 5 mm. The maximum dose (Dmax) to the skin was selected for comparison. 

A paired t-test was performed to compare focal tumour+hypoxia DE plans and biologically-optimised 

plans of the same HF. 

 Sensitivity of robust biological optimisation to OER 

To investigate the sensitivity of robust biological optimisation to different OER values, hypoxia-

targeting biological plans were generated for patients with the lowest and the highest total number of 

clonogens (Patient 2 and 4) and modelling of the HF at 20% and 80%. Including the nominal OER of 

1.4 from Wang et al.’s study, its lower and upper 95% confidence interval values of 1.2 and 1.8 were 

investigated. The sensitivity was measured by variations in dose to the CTV, rectum, bladder, and the 

skin. 

 Statistical analysis 

All statistical analyses were performed with the R statistical language (R Foundation for Statistical 

Computing, Austria, Version 3.4.2). A test statistic (p-value) less than 0.05 was considered significant. 
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7.5 Results 

 Effect of hypoxia on <TCP> of dose-based planning methods 

All uniform-dose, focal tumour DE and focal tumour+hypoxia DE planning were feasible without 

violation of the DV constraints. Figure 7-1 shows the <TCP> calculated for different planning 

methods when evaluated with varying HF. Uniform-dose plans resulted in an average <TCP> of 0.56 

under normoxic conditions. Focal tumour DE plans with tumour doses up to 50 Gy demonstrated a 

significant improvement in normoxic <TCP>, with an average <TCP> of 0.95. However, with the 

introduction of hypoxia, both planning methods suffered from a considerable reduction in <TCP>. 

 

Figure 7-1 <TCP> calculated for different planning strategies when evaluated with varying hypoxic 

fractions (HF). Top row: Uniform-dose plans. Bottom Row: Focal tumour dose escalation (DE) plans. 

Stars indicate the <TCP> of focal tumour+hypoxia DE plans for the targeted HF. 

 Comparison of focal DE and biologically-optimised plans for targeting tumour hypoxia 

Figure 7-2 shows the rectal and bladder <EUD> of the isoeffective (normalised by <TCP>) focal 

tumour+hypoxia DE and biologically-optimised plans. As expected, the sparing of the rectum and 

bladder became increasingly difficult with HF, seen in both hypoxia-targeting planning methods. 

Biologically-optimised plans displayed slightly varying response to increasing HF, potentially due to 

the size and location of the tumour, as well as the location of the hypoxic region within the tumour, 

especially at lower HF. For all HFs considered, biologically-optimised plans could achieve 

statistically significant lower rectal and bladder <EUD> compared to isoeffective focal 

tumour+hypoxia DE plans for the entire patient cohort (p-values<0.01). Differences in mean dose to 

HOFs were not statistically significant.  

However, the increased tumour dose required to overcome hypoxic radioresistance inevitably 

increased the overall intensity and inhomogeneity of the beams. As external beams traverse the skin 

before reaching the target, an increase in skin dose was noted in biologically-optimised plans. On 
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average, the skin Dmax of biologically-optimised plans were 9.4 Gy greater than isoeffective focal 

tumour+hypoxia DE plans across all HFs (Table 7-3). 

 

Figure 7-2 Comparison of rectal and bladder <EUD> with a varying hypoxic fraction (HF). Rectal 

and bladder <EUD> are normalised to the <TCP> of the focal tumour+hypoxia dose escalation 

(DE) plans. 

 

Table 7-3 Comparison of maximum skin dose in Gy between isoeffective tumour+hypoxia DE (T+H) 

and biologically-optimised (Biol) plans for a varying hypoxic fraction (HF). 

HF 0% 20% 40% 60% 80% 

Planning 

method 
T+H Biol T+H Biol T+H Biol T+H Biol T+H Biol 

Patient 1 23.3 32.1 26.1 37.6 25.9 42.4 26.8 35.9 27.1 39.3 

Patient 2 23.3 27.7 25.1 37.4 24.3 35.8 25.0 36.9 23.8 31.5 

Patient 3 23.2 24.2 24.2 36.9 23.0 35.3 23.2 37.8 25.9 34.3 

Patient 4 22.0 28.0 25.5 35.2 25.6 29.9 25.6 31.0 25.6 31.6 

Patient 5 23.4 30.3 23.6 34.3 23.4 34.8 25.4 34.5 24.8 34.4 

Mean difference 

(% difference) 

+5.4 

(+23.5%) 

+11.4 

(+45.8%) 

+11.2 

(+46.0%) 

+10.0 

(+40.3%) 

+8.8 

(+34.4%) 

p-value 0.01 <0.01 <0.01 <0.01 <0.01 
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 Sensitivity of robust biological optimisation to OER 

As shown by Figure 7-3, biological optimisation demonstrated high sensitivity to the OER value as 

anticipated since the TCP model is most sensitive to radiosensitivity parameters (Her, Reynolds, et 

al., 2018). In the two cases examined, rectal and bladder <EUD> and maximum dose to the skin (not 

shown) increased with OER along with the mean dose to the CTV for both HFs considered. Bladder 

<EUD> for Patient 2 decreased slightly from OER of 1.4 to 1.8. This is likely due to the location of 

the HTV in the posterior portion of the prostate close to the rectum. The compromise was made in 

the bladder, which had a lower weighting than the rectum. 

 

Figure 7-3 DVH comparison of isoeffective biologically-optimised plans with varying OER (solid 

line=1.2, dashed line=1.4, dotted line=1.8). 

 

7.6 Discussion 

Dose escalation (DE) to the GTV using the hypo-FLAME protocol demonstrated a substantial 

improvement in <TCP> compared to uniform-dose planning under normoxic conditions, an 

encouraging result while we await actual treatment efficacy results. Previous studies have shown that, 

despite reasonable disease control, up to 50% of patients treated with radiotherapy eventually 

experience local or distant disease progression within ten years (Kuban et al., 2008; Kupelian et al., 

2006). Hypoxia is considered as one of the possible reasons for treatment failure after radiotherapy 

(Milosevic et al., 2012). As a boost dose of 50 Gy appears to be insufficient to mitigate the detrimental 
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effect of tumour hypoxia, long-term overall survival data would be of interest even if the biochemical 

control rates for the hypo-FLAME trial are acceptable.  

The next logical step to combat hypoxic radioresistance in the context of DE would be to deliver an 

even higher dose to hypoxic regions. A limiting factor would be an increase in normal tissue toxicity. 

As a relatively high cumulative acute grade 2 genitourinary toxicity of 34% at 90 days post-treatment 

was reported for the hypo-FLAME (Draulans et al., 2020), even higher rates could be expected from 

further dose escalation. To assess the tissue sparing effect of the hypoxia-targeting BiRT approach, a 

hypoxia DE protocol was devised under the assumption that the same hypoxia information was 

available. To the authors’ knowledge, there is no published data on the level of DE re uired to combat 

hypoxia in extremely-hypofractionated treatment of PCa. Therefore, we adopted a hypoxia DE dose 

of 60 Gy, 120% of the tumour boost of 50 Gy. This factor was derived from the work of Popple et 

al., which is commonly used in hypoxia-targeting DE studies for conventional fractionation (Popple 

et al., 2002). Popple et al. estimated that an increase of 20-50% of tumour dose is required for 

targeting a significant portion of chronic hypoxia. An additional boost to the HTV was feasible 

without violation of OAR DV constraints. A considerable improvement in <TCP> was observed 

compared to boosting the GTV alone. The <TCP> remained high for all HFs simulated. However, 

the normal tissue sparing effect decreased with increasing HF. Nevertheless, statistically significant 

improvements in rectal and bladder dose compared with the dose-optimised plans was achievable 

using the patient-specific BiRT approach.  

High tumour control and low doses to the rectum and bladder were achieved in biological 

optimisation at the expense of skin dose. The extra energy required to counteract hypoxic 

radioresistance through intense beam modulation for rectal and bladder sparing resulted in a high 

dose deposition in the unspecified volume close to the skin. As the photon beams traverse the patient 

before reaching the target, mild skin reactions such as erythema, irritation and hyperpigmentation are 

expected in external beam radiotherapy (EBRT). The skin is typically not considered as an OAR in 

prostate EBRT as high-grade events are rare when dose hot spots are contained within the PTV. 

Stereotactic body radiotherapy (SBRT) for PCa using extreme hypofractionation is still a relatively 

new technique, and there are limited publications on skin dose tolerance limits with conflicting 

recommendations. Grimm et al. presented a unified framework of low-risk and high-risk skin dose 

limits for SBRT based on the analysis of published limits and clinical experience (Grimm et al., 2012). 

Here we focus on the maximum dose limits as all DV limits were satisfied for both risk categories. 

For a five-fraction SBRT, the low- and high-risk maximum dose limits are 32 Gy and 42 Gy, 

respectively for grade 3 radiation dermatitis or ulceration. The maximum skin dose for hypoxia-



132 

 

132 

 

targeting DE plans was below the low-risk limits for all HF considered. Hypoxia-targeting, 

biologically optimised plans typically all exceeded the low-risk limit, in agreement with Grimm et al. 

that acknowledged that satisfying low-risk limits may prevent optimal dose delivery to the tumour. 

The high-risk limit was exceeded by 0.4 Gy in a single case. The dose to the skin could be controlled 

by including the skin as an OAR, but this would come at the expense of tumour control. Alternatively, 

the entrance dose could be spread out with a greater number of beams to maintain high TCP. 

Volumetric modulated arc therapy (VMAT) would provide maximal dose spread with an infinite 

number of beams (Holt et al., 2011; L. H. Lai et al., 2017; Park et al., 2019; Penoncello & Ding, 

2016). Likewise, an effort to reduce the degree of hypoxia prior to radiotherapy would minimise skin 

dose. Several hypoxia-targeting bioreductive drugs that could be used in combination with 

radiotherapy have been identified and are under investigation (McKenna et al., 2018).   

For all OER values considered, the benefit of the BiRT approach compared with the dose-

optimisation approaches was demonstrated. The overall TCP is governed by the most radioresistant 

cells, i.e. clonogens with the highest OER. When OER of 1.8 was modelled, the high-risk skin dose 

limit was exceeded to achieve the equivalent <TCP> of DE plans, even when a low HF of 20% was 

considered. Therefore, yielding a high tumour control without severe skin toxicity would be 

challenging. This problem may be solved with charged particle therapy such as proton therapy. In 

addition to providing minimal entrance dose and OAR dose with spread-out Bragg peak (Pugh et al., 

2013; Vargas et al., 2008; Zelefsky et al., 1998), high linear energy transfer radiation has the potential 

of a reduced OER (Barendsen et al., 1966; Broerse, 1968). Charged particle therapy may provide 

superior hypoxia-targeting plans and should be kept in mind for future prospective clinical trials.  

In this study, the urethra was not included as an OAR as it could not be delineated on the MR data 

sets. Future studies should include a urethra sparing approach using contrast or modelling from 

ground truth histology for urethra position. As the urethra runs through the centre of the prostate, it 

is however anticipated that hypoxia-targeting, biologically-optimised plans will suffer significantly 

from “streakiness” in the effort to provide a doughnut-shaped dose distribution. As such, hypoxia-

targeting BiRT may be better realised with brachytherapy. Biological optimisation of radioactive seed 

placement for low-dose-rate brachytherapy has previously demonstrated improved tumour control 

whilst simultaneously minimising dose to OARs, including the urethra when population-based 

tumour biology information was employed (Haworth et al., 2016). The results of this study support 

further investigation of biofocused brachytherapy with patient-specific tumour information, though 

potentially with high-dose-rate brachytherapy due to the low 𝛼/𝛽 of prostate cancer.  
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Limitations in the modelling of hypoxia in this work are acknowledged. Although it is well-known 

that hypoxia exists in a spatially and temporally heterogeneous distribution, tumour hypoxia is a 

complex process that is still not well understood. In the absence of ground truth information, a 

predictive model of tumour hypoxia could not be developed. Instead, surrogates based on genetic 

profiling and immunohistochemistry staining of histology were used to derive the candidate features 

for defining the spatial distribution of hypoxia (Sun, Williams, et al., 2019). Additionally, single 

values of OER were assumed when a range of values are most likely to be present. With concerns 

over the adverse effect of hypoxia on hypofractionation due to the insufficient time for reoxygenation 

to take place (Carlson, Keall, et al., 2011), reoxygenation kinetics were not included in our modelling. 

While many sophisticated TCP models that approximate tumour hypoxia dynamics exist in the 

literature (Espinoza et al., 2015; Jeong et al., 2013; Ruggieri et al., 2010; Thorwarth et al., 2007b; 

Toma-Daşu et al., 2009), they suffer from large uncertainties. The literature on the types of hypoxia 

(acute or chronic) and their relative impact on PCa radioresistance is also inconsistent (Ackerstaff et 

al., 2007; Alqawi et al., 2007; Butterworth et al., 2008; Dai et al., 2011; Ghafar et al., 2003; McKenzie 

et al., 2008; Terraneo et al., 2010; Yamasaki et al., 2013). Adaptive therapy would, therefore, be more 

clinically relevant for patient-specific planning. Ideally, hypoxic prediction maps would be produced 

at several time points before and during treatment to establish spatio-temporal stability of hypoxia 

and represented by a continuous variation in OER. Work is currently underway to determine optimal 

mpMRI imaging time points for predicting treatment response (ANZCTR UTN U1111-1221-9589). 

Other tumour characteristics that were assumed to be constant during treatment, such as the 

distribution of clonogen density, should also be considered for adaptive therapy approaches.  

In addition to hypoxia modelling, the TCP model used in this study has further limitations in 

describing tumour radiation response. Cell-to-cell communication, intra-fraction repair and 

accelerated repopulation were excluded. Furthermore, in the absence of reliable information, it was 

assumed that the elimination of all clonogenic cells was required for tumour control. Thus, the <TCP> 

calculated in this study do not represent the absolute probability of tumour control but instead were 

used as a relative indicator of tumour control when comparing two plans. This study was intended as 

a proof-of-concept and designed to demonstrate the potential benefit of a hypoxia-targeting BiRT 

approach to treatment planning. 
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7.7 Conclusion 

This work explored the focal DE and BiRT approaches for targeting hypoxia in extremely-

hypofractionated prostate IMRT. By using patient-specific, mpMRI-derived cell density and hypoxia 

maps, improved rectal and bladder sparing was achievable for biological optimisation when compared 

to isoeffective focal DE plans. A significant increase in skin dose was observed with the 7-field IMRT 

hypoxia-targeted BiRT technique, and therefore, caution in the selection of treatment approach is 

advised when hypoxia is considered in extreme hypofractionation. The results of this study support 

further investigation of hypoxia-targeting BiRT approaches using VMAT, brachytherapy and 

potentially proton therapy to take advantage of the knowledge of the spatial distribution of tumour 

heterogeneity and a biological-optimisation approach to treatment planning. 
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Four research objectives were identified to achieve the research aim of applying the BiRT principles 

to prostate IMRT and explore the potential dosimetric benefits of the approach: 

1) To make recommendations for the TCP model parameters for prostate radiotherapy using 

LDR brachytherapy outcomes data.  

2) To demonstrate the application of the BiRT approach to prostate IMRT. 

3) To demonstrate the application of the BiRT approach to hypofractionated prostate IMRT. 

4) To demonstrate the application of the BiRT approach to prostate IMRT with the consideration 

of hypoxia information derived from mpMRI. 

In this chapter, the key findings of the research are summarised and discussed. Considerations for 

future research are also presented. 

8.1 Recommendations for TCP model parameters to be used in prostate 

radiotherapy 

In Chapter 3, four sets of PCa radiobiological parameters from the literature (Fowler et al., 2001; 

Pedicini et al., 2013; Walsh et al., 2016; J. Z. Wang, Guerrero, et al., 2003a) were externally validated 

against clinical outcomes data using maximum likelihood estimation (MLE) method. It was found 

that the parameter set from Wang et al. (J. Z. Wang, Guerrero, et al., 2003a) best describe LDR 

brachytherapy response when used with our TCP model employing a spatially heterogeneous 

distribution of clonogens within the prostate. Furthermore, an independent parameter fitting resulted 

in estimates in close agreement with Wang et al.’s values. This result is consistent with other external 

validation work of the parameter set in a brachytherapy setting (Haworth et al., 2013; J. Z. Wang, Li, 

et al., 2003) confirming previously known estimates in the literature. Furthermore, a large cohort size 

provided additional confidence in the results with small uncertainties in the estimates. Consequently, 

Wang et al.’s radiobiological parameter set was recommended to be used in biological optimisation 

of prostate radiotherapy planning and was used in the subsequent planning studies presented in 

Chapter 5 - Chapter 7. 

It is reassuring that recent estimates of 𝛼/𝛽 from meta-analyses of EBRT and brachytherapy clinical 

studies also concurred with our results (Datta et al., 2018; van Leeuwen et al., 2018; Vogelius & 

Bentzen, 2018). At present, there are large, mature hypofractionation data sets available (Dearnaley 

et al., 2016; Incrocci et al., 2016; W. R. Lee et al., 2016; Supiot et al., 2016). Therefore, the inclusion 

of these data sets in the analysis, along with brachytherapy data, would be beneficial to settle the 

ongoing debate on the fractionation sensitivity of PCa. Stratification of patient data according to risk 

group is expected to narrow the confidence intervals (Miralbell et al., 2012; Pedicini et al., 2013; J. 
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Z. Wang, Guerrero, et al., 2003a). Inclusion of such data sets may additionally provide insight into 

the population distribution of the radiosensitivity parameter, 𝛼, which the TCP model was found to 

be most sensitive to. The importance of modelling 𝛼 accurately is well known for reliable prediction 

for treatment response (Brahme & Agren, 1987; Carlone et al., 2004; Daşu et al., 2003; Ebert & 

Hoban, 1996; Haworth et al., 2004b; Keall & Webb, 2007; Moiseenko, 2004; Schultheiss et al., 1987; 

Webb & Nahum, 1993; Xiong et al., 2005). While the primary aim of the study presented in Chapter 

3 was to find the radiobiological parameter set to be used with the BiRT approach, improved estimates 

would be also useful for clinicians to prospectively identify patients that are likely to experience 

biochemical failure (Haworth et al., 2013). This will allow early intervention for favourable disease 

control.  

8.2 Application of the BiRT approach to prostate IMRT 

To apply the BiRT approach to prostate IMRT, the framework for using patient-specific, voxel-level 

tumour biology prediction maps in treatment planning optimisation was developed (Chapter 4). In 

Chapter 5, biologically-optimised plans were compared with uniform-dose plans for conventional 

fractionation. A key finding was that treatment planning optimisation of prostate IMRT using the 

BiRT approach is feasible and allows improvement in tumour control and reduction in rectal and 

bladder dose, whilst accounting for treatment uncertainties.  

This observation strengthens the argument for including radiobiological models in treatment planning 

optimisation for improved treatment outcome (Alber, 2008; Azzeroni et al., 2013; Betts et al., 2015; 

Brahme, 2001; S. Das, 2009; Dirscherl et al., 2011, 2012; Hardcastle et al., 2011; Haworth et al., 

2016, 2018; Hoskin, 2015; Y. Kim & Tomé, 2006; Nahum & Uzan, 2012; Qi et al., 2009; South et 

al., 2008; Thorwarth et al., 2017; Uzan et al., 2016, 2016; J. Z. Wang et al., 2006; Wu et al., 2005; 

Yang & Xing, 2005; Zaider et al., 2005). In recognition of the emerging role of radiobiology in 

treatment planning, the American Association of Physicists in Medicine published a report “The Use 

and  A of Biologically Related Models for Treatment Planning” (X. A. Li et al., 2012). While the 

task group acknowledged that the use of radiobiological functions to drive inverse planning would be 

part of the future patient care, at present, extreme caution is advised for clinical adaptation due to 

uncertainties. Understandably, previous studies either used uniform-distributions or invalidated 

heterogeneous distributions of tumour characteristics due to unavailability of accurate data. 

Furthermore, the effect of treatment uncertainties is seldom considered (Witte et al., 2007). The BiRT 

approach contributes a step further towards individualised plans by reducing the unknowns: the TCP 

model with the recommended parameter set was used to guide treatment planning optimisation with 

patient-specific, image-derived tumour biology distribution via probabilistic methods. As 
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demonstrated in the study presented in Chapter 5, the ongoing development of quantitative imaging, 

machine learning methods and accumulating radiobiology information and their associated 

uncertainties are anticipated to result in individualised plans for the maximum clinical benefit of the 

patients. Another barrier to clinical deployment of the BiRT approach is that plan quality is highly 

dependent on the experience of the planner. The behaviour of the optimiser will not be intuitive for 

those familiar with dose-based planning due to complex biological objective functions. To minimise 

inter-planner variability in plan quality, machine learning methods may be used. Knowledge-based 

planning is increasingly investigated as a quality control tool for clinical trials (Kavanaugh et al., 

2019; N. Li et al., 2017) and has demonstrated  the ability to automatically generate plans of 

comparable or superior quality compared to manually methods (Cilla et al., 2020; A. Fogliata et al., 

2019; Krayenbuehl et al., 2018; Powis et al., 2017) 

8.3 Application of the BiRT approach to hypofractionated prostate IMRT 

Studies investigating the potential benefits of hypofractionation of PCa radiotherapy have gained 

momentum in the last two decades with radiobiological evidence results suggesting high fractionation 

sensitivity of PCa (Brenner & Hall, 1999; Fowler et al., 2001; Proust-Lima et al., 2011; J. Z. Wang, 

Guerrero, et al., 2003a; Williams et al., 2007). However, results from randomised clinical trials 

reported increased rates of GI and GU toxicity despite demonstrating improvement in biochemical 

control with hypofractionation (Koontz et al., 2015; Martin et al., 2007; Rene et al., 2010; Wortel et 

al., 2019). This leads to the question of whether the BiRT approach can realise the radiobiological 

rationale of hypofractionation with low OAR doses as demonstrated in conventional fractionation 

(Chapter 5). In Chapter 6, biologically-optimised plans were generated for conventional 39 fractions 

and two hypofractionated schedules of 20 fractions (moderate hypofractionation) and 5 fractions 

(extreme hypofractionation). It was found that the sparing of the rectum and bladder increases with 

fewer fractions. This result contrasts with the hypofractionation studies with the focal dose escalation 

(DE) approach that has recently reported relatively high rates of rectal and urinary toxicity when 

planned with conventional dose-based planning objectives (Draulans et al., 2020; Murray et al., 2020) 

but more mature data is required. Nevertheless, the consideration of tumour characteristic such as in 

the BiRT method appears to be a potential solution to keeping toxicities low while reaping the 

therapeutic benefits of hypofractionated treatment.  

It was also found that the plans become more sensitive to treatment uncertainties with fewer fractions. 

Like many other works, the effect of random errors was modelled by dose blurring or averaging. A 

robustness simulation showed that while this approximation was adequate for moderate 

hypofractionation, degradation in TCP was more noticeable in extreme hypofractionation. This 
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finding agrees with investigators that recognised that random error increasingly behaves like a 

systematic error and the modelling the effect of random error as dose-averaging or blurring breaks 

down for a small number of fractions (J. J. Gordon & Siebers, 2007; Herschtal et al., 2012; Witte et 

al., 2007). Consequently, a worst-case scenario was considered in the subsequent study of extreme 

hypofractionation targeting tumour hypoxia, where geometric uncertainties consist purely of 

systematic error. Patient set-up error and intra-fraction motion are two significant sources of random 

error. Therefore, results presented in Chapter 6 support initiatives that aim to reduce these errors, such 

as kilovoltage intra-fraction monitoring (Huang et al., 2015; Keall et al., 2018). 

8.4 Application of the BiRT approach to hypoxia-targeting prostate IMRT 

Since the publication of the earlier treatment planning studies (Chapter 5 - Chapter 6), potential 

mpMRI features for identifying the presence of tumour hypoxia in PCa were found (Sun, Williams, 

et al., 2019). In Chapter 7, biologically-optimised plans targeting hypoxic volumes determined by 

these hypoxia-related features were generated and compared to a focal DE approach assuming the 

same information was available. A key finding was that biological optimisation achieved lower rectal 

and bladder doses compared to focal DE plans, at the cost of high skin dose. When very high hypoxic 

fractions were modelled, skin doses were close to or exceeded the dose limit associated with a high 

risk of developing grade 3 radiation dermatitis or ulceration.  

Skin reactions in EBRT are not uncommon. However, adverse events of grade 3 or higher are rare. 

Reported adverse events typically occurred following treatment of head and neck, breast, or skin 

cancer with conventional EBRT techniques or lung SBRT, where high skin doses are expected (Brunt 

et al., 2016; Grimm et al., 2012; B. J. King et al., 2020; N. Lee et al., 2002). At the time of writing, 

there were no reports of severe skin toxicity from prostate EBRT in the literature, even for SBRT. 

Skin toxicity of such severity will often be accompanied by considerable pain and an increased risk 

of infection. These can lead to interruptions in treatment, reduced disease control and reduced quality 

of life (Hymes et al., 2006). While more work needs to be completed for accurate modelling of 

hypoxic radioresistance in PCa, it appears combating hypoxia with radiotherapy alone will be 

challenging, at least in extreme hypofractionation. Consequently, consideration of other hypoxia-

targeting treatments before radiotherapy may be an option to reduce the degree and volume of hypoxia 

prior to EBRT. A combined treatment for synergistic effect has been recognised previously, and 

potential candidates include administration of bioreductive drugs, immunotherapy and hyperthermia 

(Eckert et al., 2019; Rockwell et al., 2009; Zhang et al., 2016). It is expected that advances in 

measuring hypoxia in vivo and quantification of hypoxia on quantitative imaging will shed more light 

on how BiRT could better target hypoxia. There is also scope to consider the increased relative 
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biological effect that can be achieved through delivering radiation with high linear energy transfer 

particles such as heavy ions, which could be delivered with spot-scanning approaches (Barendsen et 

al., 1966; Broerse, 1968; Pugh et al., 2013; Vargas et al., 2008; Zelefsky et al., 1998). 

8.5 Future work 

The introductory paragraph, section 8.5.1 and section 8.5.2 have been adapted from Her, Emily J., 

Haworth, A., Rowshanfarzad, P., & Ebert, M. A. (2020). Progress towards Patient-Specific, 

Spatially-Continuous Radiobiological Dose Prescription and Planning in Prostate Cancer 

IMRT: An Overview. Cancers, 12(4), 854. 

The future of the BiRT is promising, with work underway to improve various aspects of the approach. 

It is expected that future research, including those outlined below, will lead to the realisation of 

patient-specific, biologically-optimised radiotherapy as the standard of care. The following 

suggestions are in addition to those discussed in each research chapter and are not exhaustive for the 

whole field. 

 Sensitivity and specificity of quantitative imaging 

The reporting of sensitivity and specificity of quantitative imaging in detecting tumour biology 

information is necessary for a complete understanding of the accuracy of a biological optimisation 

approach in treatment planning. Prostate mpMRI has primarily been investigated in tumour detection 

and localisation, demonstrating high sensitivity and specificity (de Rooij et al., 2014; Lemaître et al., 

2015). There is limited literature on other tumour characteristics such as cellular hypoxia as they 

mostly remain in the investigational stage (Sun, Reynolds, Parameswaran, et al., 2019). The effect of 

quantitative imaging uncertainties on treatment planning has also been investigated in a limited 

number of studies. For example, Kim and Tomé investigated the impact of imaging accuracy on 

biologically-optimised prostate IMRT plans (Y. Kim & Tomé, 2010). Loss of sensitivity was 

modelled as misclassification of “high-risk” tumour voxels as “low-risk”; and loss in specificity as 

misclassification of “low-risk” tumour voxels as “high-risk”. Their results suggest that TCP of a 

biologically-optimised plan is more sensitive to a loss in quantitative imaging sensitivity compared 

to the loss in specificity. This is expected since a “low-risk” voxel classified as “high-risk” will still 

be treated with a sufficient dose whereas the optimiser cannot ade uately account for a “high-risk” 

voxel misclassified as “low-risk”. Modern machine learning methods have demonstrated improved 

accuracy in risk stratification (Sun, Reynolds, Wraith, et al., 2019). Nevertheless, for biological 

optimisation, where a radiobiological model is informed by imaging via predictive models, 

quantitative imaging accuracy is combined with other model uncertainties as overall predictive model 

accuracy. Factors that influence model accuracy include image reconstruction methods, machine 



141 

 

 

141 

 

learning methods, and the size of the training dataset. The effect of the overall uncertainty in the 

predicted parameter value on the resultant plan should be performed on a case-by-case basis. 

  Adaptive therapy 

Standard radiotherapy assumes that the tumour response will be consistent throughout treatment. 

However, cancer is known to adapt to therapies and its biological characteristics are often temporally 

and spatially heterogeneous. To address the time-dependent changes in tumour characteristics, an 

adaptive therapeutic strategy has been proposed (Gatenby et al., 2009). Adaptive therapy evaluates 

treatment response by comparing imaging data acquired before treatment commences (baseline) and 

at various time points during treatment to adapt the initial dose distribution accordingly. Hypoxia is 

one of the tumour characteristics often targeted for adaptive therapy due to its highly spatially- and 

temporally-variable nature and has primarily been investigated in head and neck cancer using PET 

with promising results (Berwouts et al., 2013; Differding et al., 2016; Duprez et al., 2011; Servagi-

Vernat et al., 2015; Yan et al., 2019). There are, however, challenges to overcome before the clinical 

application of adaptive therapy can be realised. Adaptive therapy is labour-intensive, especially for 

biological optimisation since quantitative image acquisition and registration, analysis, and treatment 

planning must be completed for each stage of the therapy. While this may be impractical for 

conventional fractionation schedules, it is potentially feasible for PCa since the low α/β ratio allows 

extreme hypofractionation with less than five fractions. A clinical trial is currently underway 

(ANZCTR UTN U1111-1221-9589) to investigate the optimal quantitative imaging timing and 

frequency for prostate BiRT. 

 Investigation in a clinical TPS 

Treatment planning using biological functions exists mostly in the research domain. Clinical TPS 

typically do not provide a mechanism for image-derived biological tumour parameters. For 

commercial TPS, simplified models are employed, and minimal modification by the user is allowed 

(Antonella Fogliata et al., 2018; Qi et al., 2009; Semenenko et al., 2008). To work within regulatory 

frameworks (e.g. Food and Drug Administration or Therapeutic Goods Administration approved 

medical systems), clinical users have developed methods to work around constraints of commercial 

TPS to deliver biologically-optimised plans. The dose- and DV-based metrics are derived from 

biologically-optimised plans, which are then used to replan on clinical TPS (Dirscherl et al., 2012; 

Nahum & Uzan, 2012; Uzan et al., 2016). While these studies reported insignificant changes in the 

resultant TCP, a uniform clonogen distribution was assumed. As mentioned earlier in Chapter 2, 

failure to evaluate TCP during optimisation could result in suboptimal treatment outcome due to 

inadequate dose in voxels with high clonogen density. Additionally, a full consideration of 
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mechanical constraints and uncertainties, including those that are specific to clinical TPS and 

equipment was not feasible in this work. Therefore, the effect of dose-based replanning in clinical 

TPS needs to be assessed with physical measurements in phantoms. Verification of the estimated 

TCP in the context of clinical trials would provide further confidence in adopting the BiRT approach. 

 Application of BiRT in other radiotherapy modalities 

Due to the reasons above, an experimental (non-clinical) TPS was required to be used in this study in 

order to integrate the radiobiological models into the optimisation process. Consequently, this study 

focused on fixed-field IMRT due to the constraints of the experimental TPS. However, the BiRT 

principle is applicable to any radiotherapy modality. In Chapter 7, VMAT, brachytherapy and charged 

particle therapy were suggested for skin sparing, hypoxia-targeting BiRT. Examples of modern 

generations of radiotherapy delivery techniques, which the BiRT approach could be applied to are: 

• CyberKnife: Cyberknife is a robotic radiosurgery system that delivers treatments using 

multiple non-isocentric, non-coplanar arcs. CyberKnife has previously demonstrated the 

ability to generate plans with promising tumour control and toxicity, comparable to more 

conventional dose delivery techniques (Ceylan et al., 2010; Dixit et al., 2017; H. J. Kim et al., 

2016; Scobioala et al., 2019). With minimal dose degradation, it has a great potential to deliver 

dose distributions dictated by the BiRT approach with minimal difference in TCP. Random 

uncertainties are minimal, achieved by continuous adjustment for patient and target motion 

(Romanelli et al., 2006), and so is ideal for extremely-hypofractionated treatments (Katz, 2010; 

C. R. King et al., 2003).  

• Halcyon: Halcyon system allows delivery of IMRT and VMAT with high dose rates realised 

by flattening filter-free beams, resulting in shorter beam-on times compared with conventional 

linear accelerators (Cozzi et al., 2018; H. Kim et al., 2019; Michiels et al., 2018; Riley et al., 

2018). This feature is ideal for extreme hypofractionation where intra-fraction motion 

becomes problematic as dose/fraction increases. Halcyon has demonstrated the ability to 

generate plans of comparable dosimetric quality with high delivery efficiency compared to 

standard clinical systems(Cozzi et al., 2018; Flores‐Martinez et al., 2019; H. Kim et al., 2019; 

M. M. Kim et al., 2019; C. Li et al., 2019; T. Li et al., 2018; Nguyen et al., 2018; Petroccia et 

al., 2019). Furthermore, Halcyon has an integrated electronic portal imaging device which can 

be used for in vivo dosimetry. This feature would be advantageous for evaluating the TCP 

using the delivered dose distributions. 

• Intensity-modulated brachytherapy: intensity-modulated brachytherapy (IMBT) is a novel 

HDR brachytherapy technique that achieves modulation of the irradiated field with shielding 
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(Ebert, 2002, 2006). Similar to IMRT, IMBT can deliver highly heterogeneous dose within 

the target with reduced dose to normal tissue toxicity. IMBT has demonstrated improvement 

in urethra sparing effect compared to conventional HDR brachytherapy (Adams et al., 2017, 

2018; Dadkhah et al., 2017). Therefore, a high dose to the tumour within the prostate dictated 

by the BiRT approach (even for hypoxia-targeting BiRT) could be achieved with minimal 

urethral dose.  

 Further consideration of OAR sparing 

Due to limited resources for accurate delineation, several dose-limiting structures such as the urethra, 

and penile bulb were not considered in the treatment planning studies presented in this thesis. Dose 

to these structures has been associated with urethral strictures (Herschorn et al., 2014; Khourdaji et 

al., 2015) and erectile dysfunction (Roach et al., 2010), negatively affecting the patient quality of life 

post-treatment. Inclusion of all clinically significant OARs in future BiRT studies is therefore prudent 

to provide further evidence for clinical deployment. This is particularly important as the 

hypofractionated schedules are becoming widely adopted in the clinic and an increase in OAR dose 

is inevitable. Furthermore, in full consideration of BiRT, intra-organ heterogeneity in radiosensitivity 

should be also be applied to OARs. Recent voxel-based analyses of the rectal, bladder and urethral 

dose distributions have identified subregions which were more predictive of toxicity than whole organ 

analysis (Marcello et al., 2020a, 2020b; Mylona et al., 2020). NTCP based on DVH of these 

subregions called functional NTCP (Marks et al., 1999; D. Wang et al., 2011) could be used in 

treatment optimisation to further improve treatment outcome (Palma et al., 2019). Other clinical 

efforts to minimise toxicity in hypofractionated regime include increasing the time interval between 

fractions. In extreme hypofractionation, alternate-day delivery has demonstrated lower rates of 

toxicity compared to daily fractions (C. R. King et al., 2009), and once-weekly delivery appears to be 

more favourable than alternate-day treatment (H. C. Quon et al., 2018). With the use of 

radiobiological models, the BiRT approach would be also useful in determining the best treatment 

schedule for PCa.  

8.6 Conclusion 

This thesis reported the first findings from the application of BiRT principles to prostate IMRT where 

optimal clinical outcomes were directly considered in the resulting plans. The novel BiRT method 

involved a TCP model with a recommended set of radiobiological parameters in driving the treatment 

optimisation in conjunction with patient-specific, mpMRI-derived tumour characteristics. 

Biologically-optimised plans established dosimetric benefits and caveats when hypofractionation and 

hypoxic radioresistance were considered. In conclusion, the BiRT approach is promising in 
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producing dose distributions with high tumour control and lower toxicity compared to dose-

based planning methods. Large randomised clinical trials with improved modelling of PCa 

radiobiology are anticipated to demonstrate benefits of BiRT and provide a step further in the clinical 

deployment of personalised medicine in prostate radiotherapy. 
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