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ABSTRACT 

Patients are at risk of developing normal tissue complications following external beam 

radiotherapy. The aim of this study was to characterise and model these normal tissue 

effects, especially urinary symptoms, in patients treated for prostate carcinoma in relation 

to treatment, clinical and dosimetric factors. Analysis utilised data available from a large 

multi-institutional trial, RADAR. By linking clinical toxicity data to considered factors, the 

underlying relationships can be understood and translated into recommendations for 

treatment planning in clinical practice. Three specific themes were explored.  

 

Part A: Associating treatment, clinical and dose factors to outcome 

The associations between gastrointestinal symptoms and treatment-related factors were 

assessed (Chapter 2). Potential underlying dosimetric explanations for the associations 

were investigated. This investigation highlighted the need for trial registries to record the 

technical modifications from which the impact of such modifications on clinical outcomes 

can be quantified. The influence of bladder dose distribution, clinical factors and medication 

intake on urinary symptoms was quantified and subsequently modelled based on symptom 

incidence and prevalence (Chapter 3). The factors that may increase the risk of symptom 

development was emphasised. Two novel methods accounting for longitudinal persistence 

of symptoms based on multiple-event and event-count models were studied to better 

understand the impact of dose distribution on urinary symptoms. (Chapter 4). These 

methods were found to provide additional information that is not revealed with 

conventional dose-symptom modelling.  

 

Part B: Improving Predictive Modelling 

The urinary symptoms were then modelled using six conventional and modern machine 

learning strategies to assess the improvement afforded by these strategies for predictive 

power (Chapter 5). It was found that the choice of learning strategy does not substantially 

improve the predictive power of the models highlighting the need for the development of 

new predictive features. The urinary predictive models available in the literature were 

assessed independently and externally highlighting issues in the development and 

reporting of models (Chapter 6).  
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Part C: Going beyond bladder dose-surface histograms – novel methods of quantifying 

dose 

Generation of novel features including dose information from other anatomical regions (e.g. 

urethra) (Chapter 7) and through the development of dose-surface maps of the bladder 

(Chapter 8) were assessed and proven to provide additional information to quantitatively 

describe the response of an organ.  

 

In the final chapter, general discussions on the main results and perspectives on the 

direction of future studies in the prediction of urinary dysfunctions following radiotherapy 

of the prostate are discussed. 
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THESIS STRUCTURE 

This thesis consists of 9 Chapters. The first chapter provides a general introduction to the 

research questions and the outline of this thesis. Chapters 2, 3, 4, 5 and 6 are published 

original articles and Chapters 7 and 8 are submitted original manuscripts thematically 

divided into three parts. Chapters 2-8 are each self-contained studies and consist of their 

own abstract, introduction, materials/methods, results and discussion specific to the 

problem in question. These chapters are presented with minimal editing from the original 

published or submitted materials. Chapter 9 provides general discussions and future 

directions of the study. 
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1 GENERAL INTRODUCTION AND OUTLINE 
 

1.1 PROSTATE CANCER & RADIOTHERAPY 

Prostate cancer is the second most common cancer and the sixth most common cause of 

cancer death among men worldwide [1]. 1 094 916 new cases and 307 481 new deaths are 

estimated to have occurred in 2012 worldwide. [1]. The worldwide burden is expected to 

increase due to growth and aging of the world population [1].  External-beam radiotherapy, 

brachytherapy, radical prostatectomy and hormonal therapy are among treatment options 

for patients diagnosed with clinically-localised prostate cancer. Frequently, patients may be 

treated with a combination of two or more treatment options, for example, radical 

prostatectomy and external beam radiotherapy or external beam radiotherapy and 

brachytherapy with and without hormonal therapy combination. About half of all patients 

receive a form of radiation therapy as part of the cancer treatment and mostly with curative 

intent. The majority of these patients treated with radiation received the treatment using 

external beam radiotherapy. 

 

Among men treated for clinically-localised prostate cancer, the risk of death from prostate 

cancer is generally modest. The 10-year prostate cancer-specific mortality following 

radiotherapy has been reported to be between 0.8 to 43% depending on specific clinical 

factors including treatment method, risk group and age [2]. As cancer control rates improve 

following treatment, these men are likely to have a long disease-free survival. Consequently, 

long-term survivorship issues including treatment-related dysfunctions become highly 

relevant. 

 

1.2 NORMAL TISSUE EFFECTS 

It is the aim of radical radiotherapy to maximise tumour control while avoiding or 

minimising treatment-related dysfunctions. Technological advances, such as conformal 

radiotherapy treatment delivery, often with image guidance, have made the latter aim 

closer to achievable by minimising the dose received by the surrounding normal tissues. 

These advances, however, may have reached a saturation point where further advances are 

no longer easily achievable within reasonable cost to most healthcare systems. 

 

Furthermore, randomised controlled trials have demonstrated a benefit from dose 

escalation, which tends to negate the benefit of increasing radiation conformity. Dose-

escalation has been shown to significantly improve freedom from biochemical and clinical 
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progression [3-10]. Despite the advantages for tumour control, safe dose escalation is 

limited by the probability of normal tissue toxicity to tissues adjacent to the prostate, 

especially to the rectum and bladder [5-7]. Patients treated with high radiation dose may 

have lower quality of life if they have to live with burdensome symptoms [11]. A study has 

shown that patients prefer to have a less aggressive treatment than to have high risk of 

toxicity [12].   

 

1.3 BLADDER AS AN ORGAN OF INTEREST 

The radiation therapy treatment to the prostate may also irradiate several organs in close 

proximity to the prostate including the bladder, rectum and pelvic bones and femur (Fig. 1-

1) The advent of more conformal techniques like intensity-modulated radiotherapy (IMRT) 

has reduced the incidence of gastrointestinal toxicity [13]. In contrast, the risk of urinary 

toxicity has not significantly changed [13]. This has been speculated to be related to the fact 

that in almost all cases it is necessary to include bladder neck and prostatic urethra in the 

high-dose region [14-17].  With the introduction of high-dose image-guided radiotherapy 

(IGRT), the incidence of gastrointestinal toxicity has reduced to approximately 1% 

compared to about 10% for genitourinary toxicity [18].  Consequently, genitourinary 

toxicity will be a major factor determining post-treatment quality of life.   

 

 

Figure 1-1: Organs in close proximity to the prostate 

 

Source: Varadhan 2013, Creative Commons (CC BY) [19] 

 

Relative to its growing significance, urinary toxicity from radiotherapy treatment has been 

poorly investigated [20]. For example, clinically-relevant dose-volume parameters and 
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clinical factors to predict rectal bleeding are widely available in the literature while for 

genitourinary toxicity, no evidence-based dose-volume constraints are employed [20]. In a 

review by Fiorino et. al, it was highlighted that 3D dose-volume response data for the 

bladder are still lacking and it is a concern that previously-available data were acquired 

retrospectively or during small in-house observational studies [21]. One possible 

explanation for the scenario is the variability of bladder filling which limits the capability to 

determine actual dose received by the bladder throughout the treatment [21, 22]. Also, 

longer follow-up time is required for genitourinary toxicity to manifest compared to 

gastrointestinal toxicity [23]. 

 

1.4 ASSOCIATING TREATMENT, CLINICAL AND DOSE FACTORS WITH OUTCOME  

Technical modifications in radiotherapy are often incremental, introduced into practice in 

institutions as evidence emerges and technological capability materializes. Planning studies 

are used widely to quantify the superiority of the modifications on the basis of planned dose 

distributions [24]. Such studies assume a relationship between dose precision and what is 

considered a ‘better’ dose distribution and the actual impact the modifications have on 

patients. Although these treatment modifications are introduced into clinical practice after 

careful consideration of their dosimetric consequences, ambiguity can persist regarding the 

clinical relevance of their consequences. Due to the incremental and uncritical nature of 

technical changes, their clinical impacts are only occasionally assessed by way of hypothesis 

via randomised clinical study of the factors themselves [25-27]. More frequently, treatment-

related morbidities have been examined via theoretical analysis using data collected during 

a study for which such factors comprise covariates [18, 28-30]. This area of research is 

infrequently studied, probably due to the persistent assumption that a reduction of dose to 

normal tissues will result in lower rates of treatment-related dysfunctions. 

 

Research groups around the world have attempted to study the potential of treatment 

optimisation and individualisation of treatment through the use of knowledge of the 

associations of treatment, clinical and dose factors with specific treatment-related 

dysfunctions. These studies have shown some impact of several factors on the risk of post-

treatment dysfunctions including treatment-related factors especially dose-related indices; 

e.g. prescription dose and dose per fraction [31]. Apart from the dose factors [14, 32-34], 

urinary symptoms have been shown to be influenced by other comorbidities, including 

hypertension [35, 36], diabetes [37, 38] and baseline urinary symptoms [23, 39]. There are 

suggestions that the intake of certain medications has an impact on the interaction between 



 

33 

 

radiation treatment and biological systems, which influences the expression of symptoms 

[38, 40]. Anti-hypertensive medication [34] and anti-coagulants [38] were associated with 

a higher risk of acute and late urinary symptoms, respectively. The protective impact of 

angiotensin converting enzyme (ACE)-inhibitor (ACE) intake has been suggested in other 

organ systems [40]. These associations may be used prospectively to identify patients with 

heightened risk of toxicity, necessitating patient-specific treatment modification, and to 

optimally select candidates suited for preventive strategies. 

 

1.5 IMPROVING DOSE-SYMPTOM CORRELATES  

The seminal article by Viswanathan et al. in the Quantitative Analysis of Normal Tissue 

Effects in the Clinic (QUANTEC) report noted that the question of dose-response for urinary 

symptoms in prostate-cancer treatment has not been resolved [20]. Few studies assessing 

relevant dose-symptom correlates are available which suggest further investigations [14, 

32-34, 38, 41, 42]. 

 

Commonly, cumulative incidence was utilised in dose-symptom studies where an event 

constitutes any symptoms above a predetermined level. This might not be optimal given the 

natural propensity of urinary symptoms, sometimes similar to treatment-related 

symptoms, to occur in an aged population [20, 43] and significant reversibility either as the 

result of successful management or naturally [44, 45]. Improvement from baseline 

symptoms, linked with contraction of both benign hypertrophic and malignant tissues, is 

common and clinically relevant [46, 47]. These circumstances, some of which are unique to 

urinary symptoms, may introduce noise in the symptom incidence and obscure or conceal 

the potential dose-symptom relationships. Studies with longer follow-up may naturally 

accumulate more noise. These challenges in defining and appropriately analysing 

symptoms, along with other potential methodological problems, likely contribute to the 

elusiveness of a solid dose-symptom relationship [20, 22]. 

 

In the realm of rectal dose-symptom studies, a ‘longitudinal’ definition of toxicity has been 

proposed and found to be superior for certain endpoints [48, 49]. Gulliford et al. [49] and 

Fiorino et al. [48] graded symptoms according to their persistence. The resulting improved 

dose-symptom relationships may be partly explained by the reduced noise. Alternatively, 

complete symptom information can be analysed using the multiple-event models [44, 50] 

or the number of reported events can be analysed using the event-count models. To our 

knowledge, there are no previous urinary dose-symptom studies utilising these methods.  
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1.6 IMPROVING PREDICTIVE MODELLING  

Conventionally, all patients in an institution will receive the same prescription dose and 

treatment delivery strategy. The dose is selected based on the known acceptably-low risk 

of developing post-treatment symptoms of treatment complications. The prescription dose 

and dose distribution are rarely individualised based on factors other than individual’s 

anatomy and tumour size/location probably due to the lack of knowledge of patients who 

may have heightened and very low risks of normal tissue effects. Ideally, if the probability 

of risk of an individual patient can be quantified, patients with very low risk of developing 

symptoms of complications may be a candidate for dose-escalation while patients with 

increased risk may 

 be prescribed to a lower dose 

 have careful consideration given to planned dose distribution 

 recommended for other treatment modalities 

 have post-treatment preventive strategies optimised.  

 

In recent years, evidence of associations between treatment-and clinical features and 

urinary symptoms has emerged, some of which will be presented in the succeeding 

chapters. The task of generating a simple rule for symptom prediction is not trivial and has 

been marred by the complexity of predictor-symptom associations and related 

methodological challenges. Along with multivariable logistic regression several more 

advanced statistical-learning strategies have been used and tested in the development of 

predictive models. A primary motivation for utilising more advanced strategies is the 

production of models with more predictive power. Strategies have included the use of 

regularized regression [51-53], neural networks [54-59], support vector machines [58, 60], 

decision trees [61], distance-based measures [62] and ensemble methods [63, 64] including 

random forests [65].  In most instances, the studies suggest that the more contemporary 

strategies show promising results and perform better. This is a potential avenue in 

improving the predictive power of the models. Nevertheless, except for the series of studies 

on radiotherapy-induced pneumonitis [60-63, 66], the statistical-learning strategies were 

rarely extensively compared side-by-side. 

 

In order for predictive models to be clinically useful, they need to be validated. In many 

instances, derived predictive models have been internally validated, usually through 

bootstrapping or cross-validation algorithms. This process helps to provide a more accurate 
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estimate of model performance if used prospectively [67]. Despite the assurance, internal 

validation is limited by similarities, such as in terms of treatment preferences and in the 

development cohort, which may result in overoptimism of model performance. Validation 

using datasets external to the one used in the development process would allow the 

reproducibility and exportability of the models to be evaluated. 

 

1.7 GOING BEYOND BLADDER DOSE-SURFACE HISTOGRAMS 

To estimate the risk of urinary symptoms and to quantitatively characterise the response of 

an organ to different dose distributions, dose-volume or dose-surface histograms are 

commonly utilised. An obvious limitation of analysis based on such histograms is the lack of 

information on the spatial distribution of the dose. To address this limitation, the 

association of spatial dose distributions to specific endpoints (especially rectal bleeding) 

has been widely studied through the use of dose-surface maps (e.g. [55, 68-71]). For hollow 

organs like the rectum and bladder, the maps are a two-dimensional representation of the 

dose planned to the organ surface, allowing dose-symptom associations in specific 

anatomical regions to be explicitly assessed. In the domain of urinary symptoms following 

radiotherapy for prostate cancer, the use of dose-surface maps has only recently received 

further attention. This probably results from the increasing focus on urinary symptoms as 

more conformal treatment techniques have lessened the incidence of rectal symptoms [18].  

 

Urinary symptoms have demonstrated symptom-specific associations to dose distribution. 

Global toxicities, like cystitis and contracture, are likely associated with the dose 

distribution across the whole bladder (i.e. mean dose) while associations with local 

toxicities, like fistula, were speculated to be more localised, dependent on the area of the 

bladder receiving high dose [72, 73]. For the former, consideration of the spatial dose 

distribution is potentially of little value and a dose-surface histogram is sufficient [72]. For 

the latter however, the spatial dose distribution may add significant additional information 

for predicting an increased complication risk for specific patients, allowing discernment 

between planned distributions that may have differing spatial distributions which yield 

similar histograms.  

 

A number of studies have investigated the relationships between localized anatomical 

structures of the bladder and the development of symptoms of urinary complications [14, 

15]. Heemsbergen et al. studied the spatial dose distribution focusing on the approximate 

location of the bladder trigone and the formation of urinary obstruction [14]. Ghadjar et al. 
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delineated the distal ends of both ureters in CT images to produce dose-volume histograms 

of the trigone and studied the associations to patient-reported International Prostate 

Symptom Score (IPSS) [15]. Both studies found the bladder trigone to be especially sensitive 

to radiation. The studies, however, either reduced the comparisons to a single point, 

probably to avoid multiple-comparison problems [14], or re-contoured an especially 

difficult structure to delineate [15]. Additionally, further confirmation in independent 

cohorts is needed to assess the repeatability of the observations and whether the impact of 

dose to specific subregions is observable for specific symptoms like dysuria, incontinence 

and haematuria.   

 

1.8 THE RADAR TRIAL 

The analyses in this thesis were performed for participants accrued to the Randomised 

Androgen Deprivation and Radiotherapy (RADAR, Trans-Tasman Radiation Oncology 

Group 03.04) trial, which examined the influence of the duration of androgen suppression 

(AS) therapy with or without bisphosphonate treatment, adjuvant with radiotherapy. The 

accrual was from 23 centres in Australia and New Zealand between 2003 and 2008.   

 

The RADAR trial is a phase 3 trial with a 2 × 2 factorial design in patients with non-

metastatic adenocarcinoma of the prostate (stage T2b–4 or T2a, Gleason score ≥7, and 

baseline prostate-specific antigen concentration [PSA] ≥10 μg/L) and without previous 

lymph node or systemic metastases or comorbidities that could reduce life expectancy to 

less than 5 years. The men were randomly to 6 months of neoadjuvant (short-term) 

androgen suppression (STAS) with leuprorelin (22·5 mg every 3 months, intramuscularly) 

or an additional 12 months (intermediate-term androgen suppression [ITAS]) of 

leuprorelin with or without 18 months of zoledronic acid (4 mg every 3 months, 

intravenously). Study drug administration commenced at randomisation after which 

radiotherapy started within the fifth month in all groups. This trial is registered with 

ClinicalTrials.gov, number NCT00193856 [74]. 

 

The radiation dose prescription was based on a regulated radiation dose-escalation 

programme. Participating centres were asked to select their preferred option from a 

predetermined range of doses and techniques. Dosing options were 66 Gy, 70 Gy, and 74 Gy 

to the International Commission on Radiation Units and Measurements (ICRU) point using 

external beam radiotherapy alone and 46 Gy to the ICRU point using external beams 
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followed by an HDRB boost dose of 19·5 Gy given in three fractions with a minimum of 6 

hours between fractions [74]. 

 

The participating centres were required to meet the predetermined accuracy of dose 

delivery criteria which were dose dependent in stringency, specified in the trial protocol for 

their selected dose. If successful, the centre would continue to use this dose. To escalate the 

dose to the next dose level, the centres were required to meet the more stringent treatment 

accuracy criteria specified for the next dose level [75]. The assessment of the consistency in 

external beam radiotherapy dose delivery was performed in a dosimetric audit and 

adherence to trial planning protocol by expert review of treatment plans using the SWAN 

system (version 1.4) [76]. 

 

Data collection, protocol requirements and QA have been summarised in multiple 

publications [74-84] including the main trial outcomes [74, 77, 79-82], QA-related studies 

[74-83] and technical-related outcome studies which also would be the focus of the current 

thesis [78, 83, 84]. All participants received centre-nominated radiotherapy where 813 had 

EBRT (without a brachytherapy boost) to either 66, 70 or 74 Gy delivered in up to 2 

treatment phases. Of these, 754 had sufficient dosimetric and clinical data available for 

inclusion in the analysis presented in this thesis, comprising;  

- Digital treatment plan export consisting of axial computed tomography (CT) slices at 

maximum 5 mm spacing.  

- Form-based information on patient clinical factors comprising physical 

characteristics, comorbidities, medication intake and lifestyle factors captured at 

randomisation.  

- Form-based information on the rectal and urinary symptoms from the follow-ups.  

More complete descriptions of the study protocol and treatment technique specifications 

can be found elsewhere [78] and will be provided in the succeeding chapters where 

appropriate.  

 

1.9 THESIS OUTLINE 

This thesis describes the investigation and improvement of the characterisation and 

modelling of post-radiotherapy dysfunction, especially urinary symptoms with regard to; 

treatment-related factors, dose information and clinical factors. Three specific themes in 

this area were explored.  
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Part A: Associating treatment, clinical and dose factors to outcome 

In Chapter 2, the associations between gastrointestinal symptoms and treatment-related 

factors were assessed. Potential underlying dosimetric explanations for the associations 

were investigated.  

In Chapter 3, the influence of bladder dose distribution, clinical factors and medication 

intake on urinary symptoms was quantified and subsequently modelled based on symptom 

incidence and prevalence.   

In Chapter 4, two novel methods accounting for longitudinal persistence of symptoms 

based on multiple-event and event-count models were studied to better understand the 

impact of dose distribution on urinary symptoms.  

 

Part B: Improving Predictive Modelling 

In Chapter 5, the urinary symptoms were modelled using six conventional and modern 

machine learning strategies using endpoints suggested in Chapter 4 to assess the 

improvement afforded by these strategies to increase predictive power.  

In Chapter 6, the urinary predictive models available in the literature were independently 

and externally validated and critically assessed.  

 

Part C: Going beyond bladder dose-surface histograms – novel methods of quantifying 

dose information 

In Chapter 7, novel features involving the estimation of urethral dose were developed and 

the association with urethral stricture incidence was modelled. 

In Chapter 8, we investigated the spatial dose-symptom relationships through the 

development of dose-surface maps.  

 

General discussion & future direction 

In Chapter 9, results are generally discussed and summarised including perspectives on the 

direction of future studies. 
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2 IMPACT OF TREATMENT PLANNING AND DELIVERY 

FACTORS TO GASTROINTESTINAL SYMPTOMS: AN ANALYSIS 

OF DATA FROM THE RADAR PROSTATE RADIOTHERAPY 

TRIAL 
 

Adapted from: Yahya N, Ebert MA, Bulsara M, Haworth A, Kearvell R, Foo K, Kennedy A, 

Richardson S, Krawiec M, Joseph DJ, Denham JW: Impact of treatment planning and 

delivery factors on gastrointestinal toxicity: an analysis of data from the RADAR 

prostate radiotherapy trial. Radiat Oncol 2014, 9:282. 
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2.1 ABSTRACT 

Background: To assess the impact of incremental modifications of treatment planning and 

delivery technique, as well as patient anatomical factors, on late gastrointestinal toxicity 

using data from the TROG 03.04 RADAR prostate radiotherapy trial. 

Methods: The RADAR trial accrued 813 external beam radiotherapy participants during 

2003-2008 from 23 centres. Following review and archive to a query-able database, digital 

treatment plans and data describing treatment technique for 754 patients were available 

for analysis. Treatment demographics, together with anatomical features, were assessed 

using uni- and multivariate regression models against late gastrointestinal toxicity at 18-, 

36- and 54-month follow-up. Regression analyses were reviewed in the context of dose-

volume data for the rectum and anal canal. 

Results: A multivariate analysis at 36-month follow-up shows that patients planned using 

a more rigorous dose calculation algorithm (DCA) was associated with a lower risk of stool 

frequency (OR: 0.435, CI: 0.242–0.783, corrected p=0.04). Patients using laxative as a 

method of bowel preparation had higher risk of having increased stool frequency compared 

to patients with no dietary intervention (OR: 3.639, CI: 1.502–8.818, corrected p=0.04). 

Despite higher risks of toxicities, the anorectum, anal canal and rectum dose-volume 

histograms (DVH) indicate patients using laxative had unremarkably different planned dose 

distributions. Patients planned with a more rigorous DCA had lower median DVH values 

between EQD23 = 15 Gy and EQD23 = 35 Gy. Planning target volume (PTV), conformity index, 

rectal width and prescription dose were not significant when adjusted for false discovery 

rate. Number of beams, beam energy, treatment beam definition, positioning orientation, 

rectum-PTV separation, rectal length and mean cross sectional area did not affect the risk 

of toxicities.  

Conclusions: The RADAR study dataset has allowed an assessment of technical 

modifications on gastrointestinal toxicity. A number of interesting associations were 

subsequently found and some factors, previously hypothesised to influence toxicity, did not 

demonstrate any significant impact. We recommend trial registries be encouraged to record 

technical modifications introduced during the trial in order for more powerful evidence to 

be gathered regarding the impact of the interventions. 
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2.2 Introduction 

Technical modifications in radiotherapy are often incremental, introduced into practice in 

institutions as evidence emerges and technological capability materializes. Planning studies 

are used widely to quantify the superiority of the modifications on the basis of planned dose 

distributions [24]. Such studies assume a relationship between dose precision and what is 

considered a ‘better’ dose distribution and the actual impact the modifications have on 

patients.  

 

For example, more rigorous dose calculation algorithms (DCA) are introduced because of 

their ability to correct for tissue heterogeneity [85] while more sophisticated beam 

modification devices allow for increased dose conformality around the target volume, 

resulting in a lower dose to surrounding healthy tissue. Although these treatment 

modifications are introduced into clinical practice after careful consideration of their 

dosimetric consequences, ambiguity can persist regarding their clinically relevant 

consequences. 

 

Due to the incremental and uncritical nature of technical changes, their clinical impacts are 

only occasionally assessed by way of hypothesis via randomised clinical study of the factors 

themselves [25-27]. More frequently, treatment-related morbidities have been examined 

via theoretical analysis using data collected during a study for which such factors comprise 

covariates [18, 28-30]. These studies were either single institutional [18, 25, 26, 28] or 

accruing from a small number of institutions [29]. Few, if any, have reported the benefits of 

these incremental advances in technique in the multicentre, randomised clinical trial 

setting. 

 

Randomised controlled trials are typically not powered to determine the effect of these 

technical modifications on toxicity. Secondary analysis does however offer an alternative 

way to acquire evidence of probable clinical consequences [86], taking full advantage of the 

availability of such data to understand how treatment decisions affect outcomes [87]. Long 

follow-up time associated with randomised clinical trials may be able to close the clinical 

evidence gap introduced by incremental evolution in radiotherapy, known to be rather 

rapid. Furthermore, through collaborative efforts, meta-analysis of similar high quality 

clinical trial data have the potential to provide additional evidence to support the gain in 

clinical efficacy with the introduction of new technology 
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The TROG 03.04 trial of Randomised Androgen Deprivation and RT (RADAR - 

NCT00193856) principally examined the impact of duration of androgen suppression (AS) 

therapy on intermediate and high-risk prostate cancer patients [74, 88]. All patients had 

adjuvant RT and, as part of an extensive technical quality assurance (QA) program [75, 78, 

89], considerable data was collected on treatment technique. With maturity of late toxicity 

information, these data have now been explored for any significant relationships between 

treatment planning and delivery factors and resulting gastrointestinal (GI) toxicity. 

 

2.3 METHODS AND MATERIALS 

2.3.1 Data Collection 

The RADAR trial examined the influence of duration of AS with or without bisphosphonate 

treatment, adjuvant with radiotherapy. Data collection, protocol requirements and QA have 

been summarised previously [74, 75, 77, 78]. This trial commenced accrual at a time when 

many participating centres were implementing conformal three-dimensional (3D) 

treatment technologies and was consequently undertaken under detailed scrutiny of 

patient safety and treatment quality. 

 

Of 1071 men accrued to the trial from 23 participating centres across Australia and New 

Zealand between 2003 and 2008, 813 had external beam radiotherapy (without a 

brachytherapy boost) and, of these, 754 had complete technical data available for the 

analysis presented here, comprising: 

- Digital treatment plan export consisting of axial computed tomography (CT) slices at 

maximum 5 mm spacing; delineated clinical target volume (CTV - the prostate for 

intermediate-risk patients, and prostate with proximal seminal-vesicles for high-

risk), planning target volume (PTV) for phase 1 treatment to 46 Gy (PTV1 – CTV + 1.0 

- 1.5 cm margin, 0.5 – 1.0 cm posterior margin) and phase 2 boost (PTV2 – CTV + 0.0 

– 1.0 cm margin, < 0.5 cm posterior margin) to 66, 70 or 74 Gy; delineated outer rectal 

wall; 3D dose matrix for each phase; information on number of beams, beam energies 

and collimation method; utilised DCA; conformity index (CI) [90] 

- Form-based information on patient, centre and treatment demographics, setup 

technique and dietary interventions. 

 

Due to the lack of dose distribution information from certain centres especially those 

treated earlier in the trial due to the 2-dimensional to 3-dimensional radiotherapy 
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transition, these patients cannot be included in this study which involves the comparisons 

of dose. This is unlikely to be a systematic exclusion of patients. 

 

Factors could be directly extracted, or derived, from the resulting archived data sets using 

the plan review software, ‘SWAN’ (Sir Charles Gairdner Hospital, Nedlands, WA, Australia) 

[76]. Several of these require a brief definition or description.  

- Dose calculation algorithm: these have been categorised as either ‘type-a’ or ‘type-

b’ according to the definitions of Fogliata et al [85]. Briefly, type-a algorithms do not 

account for changes in lateral electron transport due to inhomogeneity whereas type-

b algorithms do account of such changes. 

- Treatment beam definition: categorised as either ‘MLC’ (if defined by multileaf 

collimator), ‘collimator’ (if defined by secondary photon jaws only) or ‘blocks’ (if 

patient-specific custom-formed blocks were used).  

- Setup orientation: refers to the orientation (prone or supine) of the patient at the 

time of planning CT scan, consistent with that at treatment. 

- Rectal dietary intervention: refers to the intervention in each centre prior to 

planning CT and each treatment fraction, broadly categorised as ‘no intervention’, 

‘laxative prior to planning CT and at least first week of treatment’ and ‘bulking agent 

with or without dietary instructions’. In all groups, patients were required to empty 

their rectum before planning and treatment.  

- PTV-rectum separation: the distance between the anterior extent of the outer rectal 

wall and the PTV at the axial level of the centre-of-mass of the PTV which may be 

negative if the two definitions intersect at that level). 

- 95% isodoses volume: volume, in cm3, of the 95% isodose for combined physical 

phase 1 and 2 isodoses. 

- Conformity index (CI): Volume enclosed by 95% isodose surface/PTV [90]. 

- Rectal distension: the normal distance between the most anterior and most 

posterior coronal planes of the rectum containing points of the outer rectal wall at the 

level of the centre-of-mass of the gross tumour volume. 

- Mean rectal cross-sectional area (CSA): obtained by dividing the total delineated 

rectum volume by the number of CT slices defining the cranio-caudal length of the 

rectum (see [91]) 

 

2.3.2 Toxicity assessment 

After treatment, all patients were routinely followed up in clinic every 3 months for the first 

18 months, then every 6 months up to 5 years post randomisation and then annually for a 
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further 5 years. GI toxicities were assessed using two standard toxicity measurement 

apparatus; Common Toxicity Criteria v2.0 [92] for proctitis, and LENT-SOMA [93] for stool 

frequency, tenesmus, and rectal bleeding. Due to the low number of patients reporting high 

level toxicity, the grade cut-point was adjusted to include patients reporting low level 

toxicity as shown on Table 2-1. Patients with pre-treatment symptoms were excluded for 

that particular endpoint. As the cumulative incidence analysis may overestimate the actual 

toxicity burden and may have higher level of noise [44, 45], the prevalence was used in the 

current analysis. The toxicity prevalence at 18, 36 and 54 months after randomisation were 

presumed to be representative of the late toxicity. For the rest of this paper, proctitis at 18-

, 36- and 54-month follow-up are abbreviated as P-18, P-36 and P-54 respectively. Similar 

convention is used for stool frequency (SF), tenesmus (T), and rectal bleeding (RB). 

 

2.3.3 Statistical analysis 

The impact of treatment planning and delivery factors on the occurrence of GI toxicity was 

analysed by uni- and multivariate analysis. Univariate analysis was performed for endpoints 

to determine odds-ratio (OR). Unselected multivariate logistic regression analysis (with all 

factors included regardless of statistical significance in univariate analysis) was used to look 

for the relative contributions of the factors. Adjustments for potential confounders were 

made for age, risk category, body mass index (BMI) and the year of treatment. Because many 

variables were included in the analysis, the Benjamini & Hochberg false discovery rate 

(FDR) adjustment for multiple testing was performed [94] which is less conservative than 

the Bonferroni method. Specifically, we apply the Benjamini & Hochberg adjustment in R to 

map each p-value to a FDR-corrected p-value, which can be interpreted as the probability 

that the given factor is a false discovery [95]. FDR-adjusted p-values<0.05 were considered 

statistically significant. 
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Table 2-1: GI endpoints, baseline criteria for exclusion and the prevalence. Only patients fulfilling the baseline criteria were included in the analysis. The number of evaluable 
patients differs at 18-, 36- and 54-month follow-up due to the differences in available follow-up. 

 

Scoring system  
Selected endpoint  

Baseline criteria & 
grade cut–point 

Prevalence at 

18-month 36-month 54-month 

CTC v2.0 [92]     

Proctitis  >0 134/713 
(18.8%) 

116/639 
(18.2%) 

83/482 
(17.2%) 

LENT–SOMA [93]     

Stool frequency  >0 264/716 
(36.9%) 

220/639 
(34.4%) 

168/487 
(34.5%) 

Tenesmus  >0 198/716 
(27.7%) 

174/638 
(27.3%) 

116/487 
(25.9%) 

Rectal bleeding  >0 134/716 
(18.7%) 

140/639 
(21.9%) 

114/487 
(23.4%) 

CTC v.2.0, Common Toxicity Criteria (version 2); LENT/SOMA, Late Effects of Normal Tissues/Subjective, Objective, Management, Analytic.
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2.3.4 DVH analysis 

Each patient's anorectum was delineated prior to data submission and archive, and 

manually reviewed and re-defined by SR and MK according to the ‘anorectum’ definition 

from Peeters et al  (defined as outer rectal wall from the level of the ischial tuberosities until 

when the rectum turns horizontally to the sigmoid colon) from which the inferior 3 cm were 

defined separately as the ‘anal canal’ and the remaining as the ‘rectum’ [96].  Doses for 

individual treatment phases were combined as equivalent dose in EQD23 = 2 Gy [97], and 

an independent calculation undertaken in SWAN [76] of the anorectum relative cumulative 

dose-volume histogram (DVH). Dose/volume threshold indices (labelled as V1, V2 …) 

represent the relative proportions of anorectum/anal canal/rectum volume receiving more 

than a given dose in 1 Gy intervals. Median anorectum/anal canal/rectum DVH curves were 

derived for patient groups defined according to the significant variable categories or a 

dichotomisation of continuous variables about their median. The 95% confidence interval 

of the respective median volume at each EQD23 point was derived from 104 bootstrap 

samples. These DVH curves are not intended to be studied as one of the variables but rather 

to detect whether there are differences in dose distribution as a result of different treatment 

planning and delivery factors used. 

  

2.4 RESULTS  

2.4.1 Data and Toxicity Description 

Distributions of investigated parameters are shown in Table 2-2. CI (phase 2), 95% isodose 

volume, and rectal volume were excluded from analysis because of the strong correlation 

(Spearman R>0.8) to CI (phase 1), PTV and rectal CSA respectively. Table 2-1 shows the 

distribution of patients with and without toxicities for each endpoints at time points. 

 

2.4.2 Outcomes Analysis 

The results of univariate logistic analysis of treatment planning and delivery factors 

affecting late effects, with significant factors highlighted, are shown in Table 3. Some factors, 

including DCA, number of beams and beam energy found to be significantly associated with 

at least 3 endpoints but none of the factors remain significant after FDR adjustments. The 

multivariate results for significant factors are in Table 4. At 36-month follow-up post-

randomisation, patients planned with type-b DCA were associated with lower risk of having 

increased SF-36 (OR: 0.435, CI: 0.242-0.783, FDR-adjusted p=0.04). At 54-month, a similar 

association was found albeit weaker (unadjusted p-value<0.10). Similar trends towards 

significance were also found between the DCA and RB-36 and RB-54). Patients using 
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laxatives as a pre-treatment rectal preparation had higher risk of SF-36 compared to 

patients with no rectal dietary intervention (OR: 3.639, CI: 1.505-8.818, FDR-adjusted 

p=0.04). The effect of laxative as a pre-treatment rectal preparation was also found to show 

a trend toward significance for SF-18 and T-18. Planning target volume (PTV), conformity 

index, rectal width and prescription dose were not significant when adjusted for false 

discovery rate. However, special attention is given to PTV. Before adjustment for multiple 

comparisons [94], increasing PTV is significantly associated with increasing risk of SF at 18- 

and 54-month while at 36-month the association shows a suggestive trend (p=0.06). 

Number of beams, beam energy, treatment beam definition, positioning orientation, 

rectum-PTV separation, rectal length and mean cross sectional area did not affect the risk 

of toxicities in multivariate analysis. 

 

2.4.3 DVH comparisons 

Median anorectum, anal canal and rectum DVH curves for all patients in the study according 

to the treatment factors of interests are shown on Fig. 2-1 (i-ix). At lower doses, it was found 

that the difference of the median relative volume of the anorectum receiving between 

EQD23 = 15 Gy and EQD23 = 35 Gy is significant between plans using type-a and type-b with 

maximum difference of 8% at V25; lower for type-b. However, at higher doses the 

differences were unremarkable. The same is also seen for anal canal and rectum DVHs. For 

dietary intervention, median DVHs were found to be unremarkably different for patients 

administered with pre-simulation treatment laxative compared to those with no dietary 

intervention or prepared with a bulking agent. Consistently higher median volumes were 

found for patients with PTV≤ median compared to >median especially for anorectum and 

rectum DVHs. 
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Table 2-2: Distributions of investigated factors. Continuous factors are specified as mean ± standard 
deviation (range), categorical factors are specified as category (number of patients). Not all patients 
available for all assessments due to missing data, exclusions etc. 

Participants  
Age 69 ± 7(49-85) years 
BMI 27.98 ± 4.12(17.17-45.77) kg/m2 
Year commenced EBRT 2004(125); 2005(200); 2006(234);  

2007(181); 2008(12) 
Risk category Intermediate (467); High (290) 
Planning & Delivery factors  
Dose calculation algorithm [85] Type-a (401); Type-b (350) 
Patient orientation at set-up Prone (66); Supine (687) 
Prescription dose 66Gy (99); 70Gy (423); 74Gy (229) 
Treatment beam definition Block/collimator (259); MLC (484) 
Beam energy 6MV (96); 10MV (158); 15MV(5);  

18MV (493) 
Number of beams 3 (89); 4 (396); 5 (155);  

6 (110);7 (2) 
Rectal dietary intervention No intervention (280); laxatives (77);  

bulking agent (394) 
Anatomical/Dosimetric 
parameters 
PTV1 volume 
95% isodose volume 
Conformity index [90] 
Rectal cranio-caudal length  
Mean rectal CSA 
PTV-rectum separation  

 
 
192 ± 65 (30-704) cm3 
257 ± 104 (60-1425) cm3 
1.34 ± 0.26 (0.72 – 2.94) 
9.6 ± 1.3 (5.4 – 13.5) cm 
7.9 ± 3.4 (0.1 – 26.7) cm2 

0.12 ± 0.32 (-2.6 – 3.39) cm 
Abbreviations: BMI: body mass index; EBRT: external beam radiotherapy; PTV1: phase 1 

planning target volume (PTV); CSA: cross sectional area.   
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Table 2-3: Univariate analysis examining relationship between treatment factors to late gastrointestinal toxicities at 18-, 36- and 54-month follow-up. Factors with uncorrected 
p<0.05 were bold. None of the factors have adjusted p<0.05. Abbreviations: CSA- cross sectional area; PTV- planning target volume. 

 

 Proctitis Rectal bleeding Stool frequency Tenesmus 

 18 36 54 18 36 54 18 36 54 18 36 54 

Factors Odds ratio (OR) 

Prescription dose (/1 Gy) 1.01 1.02 0.96 1.01 0.94 0.97 0.96 0.97 0.97 1.00 0.99 0.99 
Orientation (prone vs supine) 1.49 1.43 1.70 1.08 1.03 1.15 1.47 0.79 0.60 0.42 0.66 0.91 

Conformity index (/1 unit) 0.91 2.31 1.76 0.82 1.45 0.89 0.83 0.64 0.69 0.61 0.96 0.78 

Beam energy (/1 MV) 1.02 0.97 1.00 1.03 1.02 1.04 1.01 1.03 1.06 1.07 1.04 1.08 

PTV-rectum separation (/1 cm) 1.15 0.60 0.87 1.41 0.88 0.62 1.36 0.83 1.09 1.22 0.92 1.42 

Rectal distension (/1 cm) 0.94 0.95 0.84 0.84 0.79 0.99 0.89 1.00 0.97 0.89 1.06 0.92 

Mean rectal cross sectional area (/1 cm2) 0.94 0.99 0.99 0.94 0.98 1.04 0.98 0.98 0.93 0.93 0.99 0.94 
Dose calculation algorithm (type-b vs type-
a) 0.88 1.00 0.68 0.84 0.72 0.56 0.72 0.61 0.54 1.11 0.83 0.82 
Laxative vs no intervention 0.90 0.74 0.89 1.39 0.73 0.96 1.01 1.65 0.98 2.75 1.53 2.01 
Bulking agent vs no intervention 1.14 0.96 0.85 1.61 1.07 0.98 0.63 0.84 0.75 1.78 1.39 2.12 

PTV1 (/1cm3) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

Number of beams (/1 beam ) 0.84 0.98 0.88 0.91 0.86 0.74 0.92 0.80 0.65 0.76 0.77 0.71 

Rectal length (/1 cm) 1.05 0.89 1.13 1.06 0.98 0.94 0.95 0.95 0.98 1.07 0.95 1.11 

Treatment beam definition (MLC vs block) 1.17 1.08 1.23 1.83 1.05 1.11 0.71 0.62 0.74 1.05 1.23 1.24 
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Table 2-4: Multivariate analysis examining relationship between treatment factors to late 
gastrointestinal toxicities: Abbreviations: P- p-value; P* - False-discovery-rate-adjusted p-value [94]; 
OR (CI)- odds ratio (95% confidence interval); CSA- cross sectional area; PTV- planning target volume. 
Only variables with uncorrected p-value <0.10 is shown. 
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Figure 2-1: Median anorectum, anal canal and rectum DVH curves by the treatment factors. Only 
significant factors, i-iii) dose calculation algorithm (DCA), iv-vi) rectal dietary intervention and vii-ix) 
PTV, were shown. The PTV is divided into two by its median. The dashed lines are the 95% confidence 
interval of the respective median derived from 104 bootstrap samples. 

 

 

 

 

 

 

 

i) DCA- anorectum ii) DCA – anal canal iii) DCA - rectum 

   

iv) rectal dietary intervention - anorectum v) rectal dietary intervention – anal canal vi) rectal dietary intervention - rectum 

   

vii) PTV- anorectum viii) PTV- anal canal ix) PTV - rectum 
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Figure 2-2 The significance of the difference (p<0.05) between the dose distribution for each factor found to be significantly associated to toxicity. For the estimated value of the difference and the 

direction, please refer to Fig 2.1. 

 

Rectal dietary intervention

Anal 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 1 0

Rectum 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0

Anorectum 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0

Dose calculation algorithms

Anal 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Rectum 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Anorectum 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Planning target volume

Anal 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0

Rectum 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Anorectum 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75

DOSE (Gy)

p-value≥0.05

p-value<0.05
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2.5 DISCUSSION  

In the current study, we report on the treatment planning, delivery and anatomical factors 

impacting late GI toxicities following external beam RT of the prostate.  

 

This study has several unique and interesting features including the large number of 

patients with full data collation and the diversity of treatment technique across 23 

institutions. Data was prospectively collected in a clinical trial setting, monitored by strict 

quality control and auditing requirements [78]. As the study was performed in the era of 

transition to fully 3-dimensional conformal radiotherapy (3DCRT), some modifications (e.g. 

DCA and beam-shaping devices) were captured as centres transitioned into newer 

technology. This unique opportunity allows the variations to be captured in a single study 

enabling analysis on a variety of treatment factors in the multivariate analysis setting. 

Additionally, toxicity-specific late endpoints were analysed to allow a more comprehensive 

analysis. This is unlike many other reports which focus on a single specific GI toxicity (e.g 

rectal bleeding [28, 69]) or use non-atomized symptoms grades (e.g. Radiation Therapy 

Oncology Group [RTOG] scale [25, 26, 98]).  

 

We found that in multivariate analysis, several factors were found to affect the toxicity 

outcome.  

 

1. Higher odds of stool frequency were found for patients administered with laxative 

compared to patients with no rectal preparatory intervention at 36-month follow-

up and potentially at 18-month. Patients administered with laxative had 

unremarkable difference of planned dose distribution compared to patients who did 

not receive any interventions indicating that the decreased toxicity risk did not 

originate from differences in the planned dose distribution.  

 

There are potentially two ways to look at this observation. First, compared to 

patients with no rectal intervention, laxative use helps to minimize the systematic 

error due to rectum motion during pelvic radiotherapy [99, 100] but this finding is 

not repeated in a randomized study [27]. This careful and more thorough emptying 

of rectum by laxative may also spare the rectal tissue from the benefit of the blurring 

effect due to the day-to-day spatial variations. Second, the intervention may have 

drug-radiation synergistic effect to increase damage to the intestinal villi caused by 
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radiotherapy. Lips et. al found a trend towards slightly more gastrointestinal 

toxicity in the laxative arm than in the placebo arm in a randomized study [27]. 

 

2. Association of type-a DCA used in planning to increased risks of stool frequency may 

be related to the dose distribution difference between the two DCAs. The 

disagreements between type-a and type-b has been proposed to be insignificant in 

prostate radiotherapy treatment because tissues in the pelvic region are generally 

homogeneous [101]. However, a treatment planning study comparing the effect of 

algorithm on the normal tissue complication probability (NTCP) model illustrated 

that the difference was not insignificant, with the use of type-b resulting in lower 

NTCP when the same monitor units were used [102].  

 

3. We found that patients with smaller PTV had less risk of gastrointestinal toxicity. 

This is similar to previous observations [30, 69, 98] and is potentially attributable 

to the more favourable dose distribution of the anorectum for patients with smaller 

PTV (Fig. 2-1 (iii). 

 

Several factors found to be significant in previous studies were not found to be significant 

in this study, including rectum CSA [28, 69] and rectal length [28] potentially because of the 

difference in endpoint definition used. Prevalence, rather than cumulative incidence, at 

three late time points were used in this study to better reflect the actual toxicity burden and 

to reduce noise [44, 45]. From the multivariate analysis shown here, it was found that 

several factors showed low p-values (p<0.05, uncorrected) at a specific time point but were 

not repeated at other time points raising the suspicion that it might be due to data 

fluctuation or random discovery rather than actual long term associations. The confidence 

to report the associations between dietary intervention and DCA to toxicity risks, however, 

was greater as these factors were also found to have trend towards significance in other 

time points. This suggests sustained long-term associations.  

 

It is acknowledged that the use of 3D-CRT is now considered ‘old-fashioned’ and intensity 

modulated radiotherapy (IMRT) is now commonplace. IMRT produces a more conformal 

dose distribution which enable higher dose to be prescribed while maintaining or 

decreasing the associated toxicities [18].  In the future, studies using higher prescription 

dose and newer treatment techniques should be compared to the current analysis. 

However, we expect the three main results in this study are still applicable irrespective of 

the prescription dose and technique used. In some respects, the use of 3D-CRT data to study 
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the questions posed here is advantageous as the inter-patient normal tissue dose variation 

and toxicity levels are more diverse compared to patients treated with IMRT. 

 

As an alternative to undertaking a randomised controlled trial of a specific technical 

modification, this study has demonstrated the benefit of careful archival of treatment 

demographics to reveal the clinical impact of treatment modifications. Even when datasets 

from clinical trials are not originally powered to assess the effects of these incremental 

technical modifications, such assessment may offer some valuable clinical insights [86]. 

With technical modifications typically introduced into practice incrementally and 

uncritically, derivation of Level III randomised trial evidence for the impact of such 

modifications is unlikely [103]. Consequently, little or no evidence is available regarding the 

existence or size of clinical impact of some of the technological modifications studied here. 

In most cases, the modifications were introduced with the immediate aim of improving 

treatment quality on the basis of prior successful planning dosimetric studies [24].  

 

The notion to supplement the evidence from dosimetric studies with secondary analysis of 

the data from clinical trials to determine the clinical consequence is not new. Clinical trials 

data is associated with rigorous scrutiny, consistent adherence to protocol, quality 

assurance procedures and potentially less noise compared to retrospective analysis of day-

to-day clinical cases making it an appropriate dataset for that purpose [78, 86, 103]. For 

example, the evidence of the benefit of the transition from 3DCRT to IMRT and image-

guided radiotherapy has been successfully complemented by secondary analyses of clinical 

trials [18, 29]. With more trial registries being encouraged to record the technical 

modifications introduced, the influence of technical treatment planning and delivery factors 

that may be clinically relevant can be studied more confidently [103]. 

 

The insights obtained in this study are hypothesis-generating and require independent 

validation. Specific limitations in our analysis should be highlighted. The factors are not 

independent of each other, with many factors grouping together due to the technique, 

experience and manufacturer-dominated profiles of participating centres. It should also be 

noted that the influencing factor of centre reporting bias cannot be excluded.  

 

2.6 CONCLUSION 

The RADAR study dataset has allowed an assessment of treatment and anatomical factors 

previously hypothesised to impact on treatment-related GI toxicity. A limited number of 
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significant associations were subsequently found which cannot always be explained by the 

underlying planned dosimetry. The ability to undertake this analysis was facilitated by 

careful collection of treatment and demographic data during the undertaking of the trial. 

Consequently, trial registries should be encouraged to record the technical modifications 

introduced. 
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3 DOSIMETRY, CLINICAL FACTORS AND MEDICATION INTAKE 

INFLUENCING URINARY SYMPTOMS AFTER PROSTATE 

RADIOTHERAPY: AN ANALYSIS OF DATA FROM THE 

RADAR PROSTATE RADIOTHERAPY TRIAL 
 

Adapted from: Yahya N, Ebert MA, Bulsara M, Haworth A, Kennedy A, Joseph DJ, Denham 

JW: Dosimetry, clinical factors and medication intake influencing urinary symptoms 

after prostate radiotherapy: An analysis of data from the RADAR prostate 

radiotherapy trial. Radiother Oncol 2015, 116:112-118. 
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3.1 ABSTRACT 

Purpose/Objective: To identify dosimetry, clinical factors and medication intake 

impacting urinary symptoms after prostate radiotherapy. 

Material and Methods: Data describing clinical factors and bladder dosimetry (reduced 

with principal component (PC) analysis) for 754 patients treated with external beam 

radiotherapy accrued by TROG 03.04 RADAR prostate radiotherapy trial were available for 

analysis. Urinary symptoms (frequency, incontinence, dysuria and haematuria) were 

prospectively assessed using LENT-SOMA to a median of 72 months. The endpoints 

assessed were prevalence (grade≥1) at the end of radiotherapy (representing acute 

symptoms), at 18-, 36- and 54-month follow-ups (representing late symptoms) and peak 

late incidence including only grade≥2. Impact of factors were assessed using multivariate 

logistic regression models with correction for over-optimism. 

Results: Baseline symptoms, non-insulin dependent diabetes mellitus, age and PC1 

(correlated to the mean dose) impact symptoms at >1 timepoints. Associations at a single 

timepoint were found for cerebrovascular condition, ECOG status and non-steroidal anti-

inflammatory drug intake. Peak incidence analysis shows the impact of baseline, bowel and 

cerebrovascular condition and smoking status. 

Conclusions: The prevalence and incidence analysis provide a complementary view for 

urinary symptom prediction. Sustained impacts across time points were found for several 

factors while some associations were not repeated at different time points suggesting 

weaker or transient impact.  
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3.2 INTRODUCTION 

Advances in prostate radiotherapy aimed at reducing complications call for accurate 

understanding of the relationship between clinical factors and the resultant complications. 

Urinary symptoms following external beam radiotherapy (EBRT) are gaining more 

importance as they affect more patients than rectal symptoms, especially with dose 

escalation, despite the use of more conformal treatment techniques [18]. There is currently 

a lack of rigorous evidence regarding urinary complications [20].  

 

Apart from the dosimetric factors [14, 32-34], urinary symptoms have been demonstrated 

to be influenced by other comorbidities, including hypertension [35, 36], diabetes [37, 38] 

and baseline urinary symptoms [23, 39]. There are suggestions that the intake of certain 

medications related has an impact on the interaction between radiation treatment and 

biological systems, which influences the expression of symptoms [38, 40]. Anti-

hypertensive medication [34] and anti-coagulants [38] were associated with a higher risk 

of acute and late urinary symptoms, respectively. The protective impact of angiotensin 

converting enzyme (ACE)-inhibitor (ACE) intake has been suggested in other organ systems 

[40].  

 

Considerable clinical and medication intake data were collected in the TROG-03.04 trial of 

Randomised Androgen Deprivation and Radiotherapy (RADAR-NCT00193856) [74, 88]. In 

this analysis, we sought to identify the dosimetric and clinical factors, including medication 

intake, impacting urinary symptoms after prostate radiotherapy.   

 

3.3 METHODS AND MATERIALS 

3.3.1 Patients and treatments 

The RADAR trial examined the influence of the duration of androgen suppression (AS) 

therapy with or without bisphosphonate treatment, adjuvant with radiotherapy. Data 

collection, protocol requirements and QA have been summarised previously [74, 75, 77, 78]. 

Accrual was from 23 centres in Australia and New Zealand between 2003 and 2008. All 

participants received centre-nominated radiotherapy where 813 had EBRT (without a 

brachytherapy boost) to either 66, 70 or 74 Gy delivered in up to 2 treatment phases. Of 

these, 754 had sufficient dosimetric and clinical data available for inclusion in the analysis 

presented here, comprising;  

- Digital treatment plan export consisting of axial computed tomography (CT) slices at 

maximum 5 mm spacing.  
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- Form-based information on patient clinical factors comprising physical 

characteristics, comorbidities, medication intake and lifestyle factors captured at 

randomisation.  

More complete descriptions of the study protocol and treatment technique specifications 

can be found elsewhere [78].  

 

3.3.2 Principal components of bladder dose-surface histogram 

The digital radiotherapy treatment plan for every patient, incorporating CT images, 

delineated anatomical structures, treatment plan parameters and 3-dimensional dose 

matrix, was independently reviewed using the SWAN [76] and archived. Delineation of the 

bladder was not mandatory for RADAR, thus, all plans were manually reviewed and bladder 

outlining either verified or manually added. No specific dose constraints were applied by 

RADAR for the bladder. Dose-surface histograms (DSH) of the bladder wall were calculated 

independently using SWAN to ensure consistency across datasets submitted from different 

centres [104]. Physical doses to each voxel in the dose matrix for each treatment phase were 

combined to generate EQD2 – the equivalent dose in 2 Gy fractions - using an α/β of 6 Gy 

[20, 97]. Dose bins of 0.1 Gy were used to calculate the dose received by the bladder wall 

surface using relative surface area of tissue receiving more than a threshold dose. Due to 

the high correlation between dose-area indices (Fig. 3-1), the use of such data in a 

multivariate analysis would result in multicollinearity problems. Thus, the DSH indices in 

multiples of 5 Gy were used to produce uncorrelated principal components which account 

for most of the variances in smaller dimensions. Applications of this dimensional reduction 

method has been shown in previous dose-response studies [105, 106]. 
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Figure 3-1: Correlation of dose-surface indices 

 

 

 

3.3.3 Symptom prevalence and incidence 

Urinary symptoms (dysuria, incontinence, frequency and haematuria) were assessed using 

LENT-SOMA [93]. Baseline were assessed at randomisation prior to any intervention. The 

patients were then followed up in clinic every 3 months for 18 months, then 6 monthly up 

to 5 years post randomisation and then annually. The median follow-up of 72 months is 

available. Schmid et al. demonstrates that the majority of urinary symptoms following EBRT 

are transient [45]. Reporting the incidence rate alone may overestimate the actual symptom 

burden and may have higher level of cumulative noise [44, 45], thus, both prevalence and 

incidence are reported in the current analysis. The symptom prevalence at the end of 

radiotherapy treatment represents the acute symptoms while the prevalence at 18-, 36- and 

54-month post randomisation follow-ups represent the late symptoms. Grade ≥1 are taken 

into account and not dichotomised to maximise data utilisation. Potential noise associated 

with low-grade symptoms is kept at a minimal level in the prevalence analysis as it is not 

accumulated across follow-up. Peak symptom grade at or beyond the 12-month follow-up 

(~5 month post-radiotherapy) was utilised in the incidence analysis. Grade ≥ 2 at any time 

as long as the follow-up is available is considered as an ‘event’.  For the rest of this paper, 

dysuria after the end of treatment will abbreviated as Dysacute while at 18-, 36- and 54-
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month post randomisation, and the peak event as Dys18, Dys36, Dys54 and DysPeak, 

respectively. Similar convention is used for haematuria (Haem), incontinence (Incont) and 

frequency (Freq). Follow-up data were frozen at November 2012. 

 

3.3.4 Statistical analysis 

The potential predictors include the reduced dosimetric variables (based on principal 

component analysis) and all clinical factors listed in Table 3-1. Logistic (for incidence) and 

ordinal logistic (for prevalence) regression methods were used to create logit prediction 

models for the associations between potential predictors and endpoints, first, by univariate 

analysis. Collinearity among the variables was assessed using correlation coefficients. When 

two or more variables are correlated (Spearman correlation coefficient, ρ>.5), only one 

variable which has been previously suggested to be associated to urinary symptoms was 

included in the multivariate variable selection. Clinical variables whose distributions are 

too narrow (i.e. prevalence <5%) were not included. Backward variable selection where the 

deletion or inclusion of variable is based on Bayesian information criterion (BIC) was 

performed to identify the main variables that explain the endpoints. BIC introduces a 

penalty term for the number of parameters in the model and the procedure stops when the 

model cannot be improved without overfitting the model. 

 

Internal validation and calibration were performed using resampling with replacement 

techniques (bootstrapping) that incorporated the variable selection process. The variable 

selection procedure was repeated for all 1000 re-samples and the resultant coefficient 

estimates of each bootstrap sample were calculated on the original data, and a calibration 

slope (CS) was estimated [107]. CS=1 indicates a perfectly fitted model. CS<1 indicates over-

fitting of the model reflecting the need for shrinkage to be applied to the coefficients by 

multiplying the estimates to the CS [107]. The performance of the prediction model was 

assessed using the area under the receiver operating characteristic curve (AUC). The AUCs 

were corrected for optimism by an internal validation procedure [108].  

 

To address the multiple comparisons problem, adjustment for false discovery rate (FDR) 

was performed using the Benjamini–Hochberg procedure [94]. The FDR-adjusted two-sided 

p-value of <0·05 was considered significant. Statistical analysis was performed using ‘R’ (R 

Development Core Team), mainly, the rms package [108].  
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Table 3-1: Distributions of investigated variables. Continuous distributions are specified as mean ± standard 

deviation (range), categorical variables are specified as number of patients (%). Not all patients available for all 

assessments due to missing data, exclusions etc. 

Factors  Missing  
Physical & Trial factors   
Age 69 ± 7(49-85) years 3 
BMI 27.98 ± 4.12  

(17.17-45.77) kg/m2 
22 

ECOG Performance Status (=1) 123 (16%) 1 
Arm A (191), B (187), C (192), D (184) 

(refer to [74, 77] 
0 

Bladder volume  219.4±89.9 (61.0-561.7) cm3 13 
Comorbidities   
Cardiovascular condition 217 (29) 0 
Peripheral vascular condition 44 (6) 0 
Cerebrovascular condition 37 (5) 0 
Hypertension 353 (49) 1 
Dyslipidaemia 248 (33) 2 
TYPE 2 DIABETES 92 (12) 2 
IDDM 14 (2) 0 
Respiratory disorder  99 (13) 0 
Bowel disorder 91 (12) 1 
Dermatological disorder 52 (7) 1 
Collagen disorder 15 (2) 1 
Bone or calcium metabolism disorder 66 (9) 1 
Haematological disorder 11 (1) 1 
Thyroid disorder 24 (3) 1 
Medication intake   
Insulin 14 (2) 6 
Hypoglycaemic agents 55 (7) 7 
ACE Inhibitor 240 (32.1) 8 
Statin 221 (29.6) 8 
Steroids 24 (3) 8 
NSAID 136 (18.2) 6 
Anti-coagulant 120 (16.0) 6 
Antioxidants, flavonoids, phyto-
oestrogens or selenium 

25 (3) 17 

Lifestyle factors   
Smoking status Never 274 (36);  

Previous 380 (50);  
Current 99 (13) 

1 

Alcohol intake  None 100 (13);  
Occasional 279 (37);  
Regular 370 (49) 

5 

 No. of patients with no missing 
information: 711 

 

Abbreviations; OR- Odds ratio; BMI - body mass index; ECOG - ECOG Performance Status; 
IDDM – insulin dependent diabetes mellitus; ACE - angiotensin-converting-enzyme; NSAID 
– non-steroidal anti-inflammatory drugs; PC- principal component. 
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3.4 RESULTS  

3.4.1 Data and Symptom Description 

Distributions of clinical variables including the medication intake status are shown in Table 

3-1. Table 3-2 shows the distribution of patients’ symptom grades at the end of treatment, 

18-month, 36-month and 54-month follow-up and the distribution of peak incidence. The 

rate of Grade ≥ 2 symptoms for RADAR participants trial is low as discussed in previous 

publications [74, 77]. The evolution of urinary symptoms for each patient is presented in 

Fig. 3-2. 
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Figure 3-2: Profile of patient-wise i) dysuria (ii) haematuria, (iii) incontinence and (iv) frequency after 
prostate cancer radiotherapy for 754 patients (distributed vertically) ordered by baseline symptoms at 
the end of radiotherapy (End), each follow-up visit (9-84-month follow-up) and the peak late grade 
(dys.max, haem.max, incont.max, freq.max). The colours indicate the grade. The colours indicate the 
grade of symptoms, white: no data.  
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Table 3-2: Number of patients in each grade of symptoms at the end of treatment and at 18-, 36- and 
54-month follow-ups and the peak late symptom. The LENT-SOMA grading system was used [93]. 
 

Symptom Grade End of 
RT 

Month 
18 

Month 
36 

Month 
54 

Peak late (Grade≥2, 
dichotomised) 

 Number (%) 

Dysuria 0 361 
(48.1) 

655 
(91.5) 

599 
(94.3) 

459 
(94.3) 

69 
(92.9) 

 1 252 
(33.6) 

45 
(6.3) 

31 
(4.9) 

20 
(4.1) 

53 
(7.1) 

 2 106 
(14.1) 

12 
(1.7) 

5 
(0.8) 

7 
(1.4) 

 

 3 32 
(4.3) 

4 
(0.6) 

0 
(0) 

1 
(0.2) 

 

Haematuria 0 734 
(97.6) 

702 
(98.0) 

620 
(97.3) 

469 
(96.7) 

729 
(97.7) 

 1 15 
(2.0) 

13 
(1.8) 

15 
(2.4) 

11 
(2.3) 

17 
(2.3) 

 2 3 
(0.4) 

1 
(0.1) 

2 
(0.3) 

4 
(0.8) 

 

 3 0 
(0) 

0 
(0) 

0 
(0) 

1 
(0.2) 

 

Incontinence 0 648 
(86.2) 

665 
(92.9) 

582 
(91.1) 

444 
(91.4) 

657 
(88.1) 

 1 59 
(7.8) 

37 
(5.2) 

41 
(6.4) 

29 
(6.0) 

89 
(11.9) 

 2 42 
(5.6) 

14 
(2.0) 

15 
(2.3) 

12 
(2.5) 

 

 3 3 
(0.4) 

0 
(0) 

1 
(0.2) 

1 
(0.2) 

 

Frequency 0 128 
(17.0) 

477 
(66.6) 

458 
(72.0) 

349 
(71.8) 

530 
(71) 

 1 316 
(42.0) 

186 
(26.0) 

154 
(24.2) 

110 
(22.6) 

216 
(29.0) 

 2 249 
(33.1) 

51 
(7.1) 

21 
(3.3) 

27 
(5.6) 

 

 3 59 
(7.8) 

2 
(0.3) 

3 
(0.5) 

0 
(0) 

 

 

3.4.2 Principal components 

About 89% of the variability of DSH is described by the first two principal components 

(PCs). Because the third PC explained less than 5% of variation, only the first two PCs (PC1 

and PC2) were retained. The correlation of PC1 and PC2 to dose-surface indices are 

illustrated in Fig. 3-3. Briefly, PC1 is correlated with relative bladder surface receiving low 

and intermediate dose and has high correlation to the mean dose (ρ=1) while PC2 correlates 

mostly to the high doses. The distribution of the principal component values are shown in 

Fig. 3-4. 
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Figure 3-3: Correlation, ρ of the first and second principal components (PC1 and PC2) to EQD2. Percent 
variance described by eigenvector is shown in parentheses. 
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Figure 3-4: The distribution of a) PC1 and b) PC2. 
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3.4.3 Univariate outcome analysis 

Odds ratios for factors studied to affect the symptom by univariate analysis are shown in 

Table 3-3. Baseline were found to be consistently predictive across most endpoints. Several 

clinical factors were found to have sustained impact (≥2 time points) on specific symptoms; 

BMI, type 2 diabetes and smoking status for dysuria, hypoglaecemic agent intake for 

haematuria, cerebrovascular condition and alcohol intake for incontinence and 

hypertension and bladder volume for frequency. For dosimetric factors only PC1 was found 

to be important.  
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Table 3-3: Univariate analysis of all clinical factors studied. Odds ratios with unadjusted p-values <0.05 are bold.  
Factor Dysacute Dys18 Dys36 Dys54 Haemacute Haem18 Haem36 Haem54 Incontacute Incont18 Incont36 Incont54 Freqacute Freq18 Freq36 Freq54 
Physical factors Odds ratio 
Age (per year) 0.97 0.99 0.98 0.96 0.95 0.95 0.97 0.99 1.04 1.01 1.02 1.01 1.00 1.01 1.01 1.02 
BMI (per 1kgm-2) 0.99 1.09 1.03 1.11 1.04 1.08 1.06 1.07 1.04 1.08 1.05 1.06 0.98 1.02 1.00 1.01 
ECOG (1 vs 0) 1.22 1.72 1.76 0.86 1.02 0.38 1.57 0.34 1.34 1.60 1.06 0.85 1.39 1.40 2.42 1.30 
Bladder volume (per 
10 cm3) 

1.00 0.99 1.01 1.00 1.02 0.95 1.02 1.03 0.99 0.98 0.99 0.99 0.98 0.98 0.97 0.97 

Comorbidities                 
Baseline 2.68 2.09 2.09 1.93 - 11.43 - - 3.45 3.19 3.76 3.03 1.93 2.12 2.27 2.42 
Cardiovascular 
condition 

1.04 1.16 0.96 1.34 1.23 0.41 1.37 0.94 0.99 0.76 0.78 0.53 0.89 0.85 0.96 0.97 

Peripheral vascular 
condition 

0.74 0.82 0.46 1.30 2.10  1.04 1.17 1.35 0.66 0.58 0.82 0.77 0.77 1.37 0.99 

Cerebrovascular 
condition 

0.87 2.39 2.23 4.41 1.13 1.46 1.37 1.27 2.23 3.74 1.69 2.30 1.42 1.80 1.88 3.08 

Hypertension 0.93 1.31 1.06 2.33 0.72 1.10 2.22 0.56 1.09 1.39 0.99 1.15 1.00 1.38 1.28 1.53 
Dyslipidaemia 1.06 1.24 1.35 1.14 1.64 2.01 1.33 0.94 1.53 1.26 1.60 1.42 1.23 1.24 1.21 1.27 
Diabetes – IDDM 0.28 0.97 1.66 - - - - - 1.16 - 1.01 - 0.72 0.18 0.25 3.04 
Type 2 diabetes 1.37 2.20 2.68 2.65 1.46 4.30 1.62 0.58 1.36 1.62 1.21 1.48 0.81 1.19 1.18 0.97 
Respiratory disorder 0.83 1.42 0.55 1.66 0.83 0.49 0.84 1.36 1.46 1.22 0.87 2.07 0.98 0.78 0.63 1.30 
Bowel disorder 1.36 1.39 1.85 0.87 0.90 1.24 0.98 2.59 1.28 1.21 1.63 1.00 1.29 0.92 1.20 1.14 
Dermatological 
disorder 

0.93 1.17 0.74 0.98 - - - 0.84 0.66 0.81 0.44 1.82 1.34 1.18 0.99 1.12 

Collagen disorder 1.04 2.80 3.35 5.22 - - - 4.19 1.65 - - 1.68 1.20 1.09 0.82 0.94 
Bone or calcium 
metabolism disorder 

1.29 0.92 1.08 1.33 0.60 1.71 - - 0.59 1.13 1.41 1.89 1.43 1.15 1.34 1.84 

Haematological 
disorder 

0.69 - - - - - - - 1.26 1.41 - 2.36 1.16 0.53 1.20 1.74 

Thyroid disorder 0.95 2.66 1.86 2.70 1.80 - 1.86 4.42 0.56 1.28 - - 1.21 1.12 0.58 1.37 
Medication intake                 
Insulin 0.26 0.87 1.50 - - - - - 1.64 - 0.90 - 0.71 0.34 0.49 2.06 
Hypoglycaemic agents 1.47 2.16 2.25 0.58 2.62 3.74 2.90 1.03 1.87 1.10 2.25 1.65 0.92 1.10 1.43 1.10 
ACE Inhibitor 0.98 1.59 2.05 1.99 0.60 0.85 1.99 0.76 1.10 1.87 1.31 1.61 0.77 1.09 0.80 1.40 
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Factor Dysacute Dys18 Dys36 Dys54 Haemacute Haem18 Haem36 Haem54 Incontacute Incont18 Incont36 Incont54 Freqacute Freq18 Freq36 Freq54 
Statin 1.12 1.01 0.97 0.90 0.91 1.77 2.02 1.04 1.36 1.20 1.30 1.42 1.00 1.15 1.08 1.06 
Steroids 0.70 0.49 1.66 3.29 1.78 - 0.78 1.62 1.81 1.40 1.73 2.17 1.25 0.58 0.76 1.44 
NSAID 1.17 1.06 1.33 2.97 0.89 0.33 1.42 1.42 0.97 1.20 1.07 1.00 1.23 1.22 1.26 1.32 
Anti-coagulant 1.13 1.44 1.29 1.61 0.65 0.84 1.60 1.35 1.15 1.09 0.82 0.77 1.16 1.14 0.86 0.69 
Antioxidants, 
flavanoids, phyto-
oestrogens or 
selenium 

1.13 - 0.73 5.05 1.69 - 1.66 1.70 0.53 - 1.02 - 0.98 1.04 1.18 2.08 

Lifestyle factors                 
Smoking status, 
(previous vs never) 

1.11 1.97 1.73 0.82 0.89 2.34 0.77 - 1.08 1.49 1.36 0.98 1.13 1.15 1.49 0.93 

(current vs never) 1.61 1.95 2.79 0.52 2.65 2.14 1.45 - 1.36 1.72 1.55 0.99 1.13 1.25 1.75 0.98 
Alcohol intake 
(occasional vs no) 

0.98 1.03 1.38 0.95 0.43 2.11 0.42 2.95 0.49 0.39 0.71 0.60 1.17 1.26 1.03 0.70 

(regular vs no) 1.07 1.63 1.86 1.49 0.59 1.80 0.51 1.81 0.60 0.70 0.81 0.60 1.02 1.05 1.15 0.82 
Dosimetric factors                 
PC1 (per unit) 1.01 1.02 1.07 1.02 0.99 1.26 0.92 0.92 1.02 1.05 1.04 1.01 1.07 1.03 1.03 1.05 
PC2 (per unit) 1.10 1.05 1.06 1.04 0.85 1.21 0.65 1.00 1.00 0.78 0.84 0.98 1.10 0.97 0.96 0.90 
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3.4.4 Variable selection and multivariate analysis 

Hypertension, dyslipidaemia, type 2 diabetes and bladder volume were correlated to the 

ACE intake (Spearman's rho, ρ=0.57), statin (ρ=0.78), hypoglycaemic agents (ρ=0.69) and 

PC1 (ρ=-0.71), respectively. Previous studies have suggested the association of 

hypertension to treatment-related symptoms may relate to the medication intake [36] 

while Wedlake et al. shown the reduction of treatment-related symptoms with the intake of 

statin and ACE [40] - therefore, the comorbidities were not included in the multivariate 

models. Type 2 diabetes, however, was included due to the impact previously shown [37, 

38]. The negative correlation between the bladder volume and the dosimetric factor PC1 is 

expected due to the inclusion of larger relative bladder volume in the high dose region in 

patients with smaller/empty bladder [109]. As post-treatment symptomology is more 

logically explained by the bladder dosimetry rather than the bladder size itself, only PC1 is 

included as a candidate. IDDM, collagen disorder, thyroid disorder and steroid intake were 

excluded not included due to the low prevalence (<5%).  

 

In the prevalence multivariate analysis, the most predictive parameters were found to be 

the baseline symptoms (Table 3-4). Even so, the strength of baseline symptoms to predict 

dysuria diminishes for longer follow-up; Dys54 and Incont54. Also, the baseline symptoms do 

not significantly affect Haemacute, Haem36, Haem54. Type 2 diabetes is the only factor 

consistently affecting dysuria across all time points. Type 2 diabetes significantly affects 

Dys36 (odds ratio (OR)=3.30) and Dys54 (OR=6.00), and included in the model for Dysacute 

(OR=1.51,p=0.107), Dys18 (OR=2.21,p=0.079). Type 2 diabetes is also selected for Haem18. 

Increasing age significantly associated with decreasing Dysacute (OR= 0.96/year) and Dys54 

(OR=0.91/year). Several factors were significantly associated with specific endpoints at 

specific time points; cerebrovascular condition increases the risk of Incont18 (OR=4.88) and 

Freq54 (OR=3.18), ECOG status of 1 is associated with a higher risk of Freq36 (OR=2.17), 

NSAIDs intake increase the risk of Dys54 (OR=4.25) and PC1 is associated with Freqacute 

(OR=1.07/unit). PC1 shows a trend toward significance for Freq54 (OR=1.08/unit, p=0.053). 

In the peak symptoms multivariate analysis (Table 3-5), similarly strong impacts of the 

baseline symptoms were found. In addition, smoking status (current vs never, OR=4.74) and 

bowel condition (OR=3.57) are significantly predictive of dysuria while cerebrovascular 

condition (OR=4.00) impacts the incontinence incidence.  

 

Adjustments for optimism were made to not exaggerate the ability of the model to predict 

the outcome for new, independent observations. The internally validated discriminative 
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ability yielded AUCs between 0.467 and 0.794, lower for endpoints without a significant 

predictor. Calibration slopes between 0.548 and 0.780 indicate that in case of replication of 

this analysis the resulting coefficients of the final model are on average smaller by that 

factor.  
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Table 3-4: Multivariate analysis examining relationship between the dosimetry, clinical factors and medication intake to the prevalence of urinary symptoms (Grade ≥ 1) at the 
end of treatment, 18-, 36- and 54-month follow-up post randomisation. Discriminative values measured by the optimism-corrected area under the receiver operating 
characteristic curve. The calibration slopes quantify the optimism of coefficients. 

 

 End of treatment   18 months    36 months    54 months    
Endpoint Variable Coef.* S.E P Variable Coef. S.E P Variable Coef. S.E P Variable Coef. S.E P 
Dysuria Baseline  0.999 0.179 0.002 Baseline  0.739 0.244 0.014 Type 2 diabetes   0.034 NSAIDs    1.447 0.465 0.014 
 Age -0.042 0.011 0.002 BMI 0.069 0.031 0.073 Baseline    0.042 Type 2 diabetes 1.791 0.592 0.015 
 Bowel cond.   0.425 0.219 0.104 Type 2 diabetes  0.793 0.354 0.079 Smoking status     Age -0.097 0.037 0.042 
 Type 2 

diabetes  
0.413 0.222 0.107 Cerebrovascular  0.924 0.485 0.104 prev. vs never 0.400 0.439 0.382 Cerebrovascular  1.533 0.664 0.073 

 PC2  0.115 0.062 0.108     current vs never 1.171 0.555 0.084 Baseline  0.796 0.365 0.081 

 ECOG  0.289 0.194 0.167     Cerebrovascular 1.064 0.694 0.159 ACE inhibitor   0.939 0.468 0.104 
 BMI -0.025 0.018 0.171     Arm    Statin   -1.109 0.556 0.104 
         B vs A -0.083 0.519 0.873 Respiratory 

cond.  
0.964 0.540 0.142 

         C vs A 0.369 0.462 0.430 Anticoagulant 0.898 0.591 0.167 
         D vs A -1.688 0.807 0.086     
 AUCa=0.631  

AUCo=0.594 
†Calibration slope=0.747 AUCa=0.643  

AUCo=0.556 
Calibration slope=0.625 AUCa= 0.767 

AUCo= 0.663 
Calibration slope = 0.567 AUCa=0.822  

AUCo=0.727 
Calibration slope=0.599 

Haematuria Age (/year) -0.053 0.035 0.176 Type 2 diabetes   1.630 0.648 0.073 PC2  -0.638 0.419 0.161 Bowel cond.  1.129 0.624 0.150 

     Baseline  2.487 0.964 0.104 PC1  -0.134 0.091 0.165     
     PC1   0.192 0.090 0.114         
 AUCa=0.608  

AUCo=0.467 
Calibration slope=0.427 AUCa=0.873  

AUCo=0.794 
Calibration slope=0.677 AUCa=0.669  

AUCo=0.532 
Calibration slope =0.458 AUCa=0.576  

AUCo=0.471 
Calibration slope=0.488 

Incontinenc
e 

Baseline  1.267 0.329 0.002 Baseline  1.069 0.390 0.010 Baseline  1.203 0.336 0.003 Baseline  1.075 0.430 0.050 

 Age (/year) 0.043 0.018 0.053 Cerebrovascular  1.586 0.493 0.036     ACE inhibitor   0.690 0.359 0.104 
 BMI (/kgm-2) 0.041 0.026 0.148 BMI  0.079 0.035 0.061     Cardiovascular  -0.910 0.484 0.104 
 Arm    ECOG  0.716 0.371 0.104     Respiratory 

cond. 
0.630 0.420 0.165 

 B vs A -0.278 0.319 0.400 PC2  -0.334 0.183 0.129         
 C vs A -0.527 0.329 0.148 Cardiovascular  -0.684 0.393 0.148         
 D vs A 0.240 0.288 0.418             
 AUCa=0.665 

AUCo=0.591 
Calibration slope = 0.636 AUCa=0.697  

AUCo=0.609 
Calibration slope=0.640 AUCa=0.568  

AUCo=0.475 
Calibration slope=0.596 AUCa=0.651  

AUCo=0.555 
Calibration slope=0.548 



78 

 

 End of treatment   18 months    36 months    54 months    
Endpoint Variable Coef.* S.E P Variable Coef. S.E P Variable Coef. S.E P Variable Coef. S.E P 
Frequency Baseline  0.645 0.114 <0.001 Baseline  0.815 0.130 <0.001 Baseline  0.773 0.145 <0.001 Baseline  0.893 0.163 <0.001 
 PC1  0.068 0.021 0.008 Arm    ECOG  0.731 0.238 0.012 Cerebrovascular  1.158 0.444 0.040 
 NSAIDs  0.376 0.184 0.094 B vs A -0.242 0.258 0.370 Smoking status     PC1  0.075 0.032 0.064 
 ACE 

inhibitor   
-0.247 0.151 0.148 C vs A 0.522 0.238 0.075 current vs never 0.416 0.316 0.208 Anticoagulant  -

0.694 
0.343 0.098 

 PC2  0.093 0.058 0.148 D vs A 0.670 0.235 0.020 prev. vs never 0.426 0.210 0.095 Bone/calcium 
metabolism 
disorder  

0.624 0.355 0.129 

 ECOG  0.289 0.191 0.161 BMI 0.035 0.020 0.129 NSAIDs    0.376 0.238 0.137     
                 
                 
 AUCa=0.633  

AUCo=0.602 
Calibration slope =0.780 AUCa= 0.663 

AUCo= 0.620 
Calibration slope = 0.755 AUCa=0.678  

AUCo=0.633 
Calibration slope=0.765 AUCa=0.682  

AUCo=0.630 
Calibration slope=0.743 

Note: Significant factors are bold, *the respective odds ratio can be calculated with the normal convention, ecoefficient and the 95% confidence interval=e(coefficient +/- 1.96*SE), †calibration slope 

describes the optimism of the coefficients, calibration slope<1 suggest overoptimism, to calculate for optimism-adjusted coefficients = coefficient × calibration slope; estimate is based on 1 

grade increase (Baseline), 1 vs 0 (ECOG), per unit (PC1, PC2), per kgm-2  (BMI), year (age), yes vs no (all others); abbreviations - S.E – standard error; P – false-discovery-rate-controlled p-value; 

ACE - angiotensin-converting-enzyme; BMI - body mass index; ECOG - ECOG Performance Status; NSAID – non-steroidal anti-inflammatory drugs;  PC- principal component; prev. – previous; 

cond. – condition; AUCa- Apparent area under the receiver operating characteristic curve (AUC); AUCo- Optimism-adjusted
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Table 3-5: Multivariate analysis examining relationship between the dosimetry, clinical factors and 
medication intake to the incidence of late urinary symptoms (Grade ≥ 2). 

 

 Peak incidence Grade >1 
Endpoint Variable Coef. S.E P 
Dysuria Smoking status    

 prev. vs never 0.330 0.384 0.430 
 current vs never 1.562 0.456 0.008 
 Bowel cond. 1.272 0.374 0.011 
 Baseline 0.841 0.285 0.048 
 BMI 0.069 0.036 0.104 
 Statin 0.504 0.327 0.164 
 Peripheral 

vascular 
condition 

-1.578 1.068 0.167 

 AUCa=0.738 
AUCo=0.656 

Calibration slope= 0.662 

Haematuria Bowel cond. 1.122 0.577 0.104 
 Statin 0.886 0.525 0.129 
 BMI 0.088 0.056 0.148 
 AUCa=0.718 

AUCo=0.592 
Calibration slope= 0.537 

Incontinence Baseline 1.341 0.367 0.003 
 Cerebrovascular  1.385 0.434 0.010 
 Anticoagulant -0.611 0.381 0.148 
 AUCa=0.608 

AUCo=0.532 
Calibration slope = 0.651 

Frequency Baseline 0.835 0.136 <0.001 
 Age 0.033 0.014 0.053 
 ECOG 0.491 0.229 0.081 
 PC1 0.049 0.026 0.104 
 Arm    

 B vs A -0.317 0.267 0.254 
 C vs A 0.442 0.245 0.116 
 D vs A 0.314 0.251 0.230 
 AUCa= 0.693 

AUCo= 0.647 
Calibration slope = 0.760 

 

 

Note: Refer Table 3.4 for abbreviations and notes. 

 

3.5 DISCUSSION  

There is increasing evidence that urinary symptoms affect more patients than rectal 

symptoms in patients treated with radiotherapy for prostate carcinoma [18]. 

Understanding the impact of dosimetric and clinical factors on urinary symptoms after 

radiotherapy is crucial to help the decision making process for a more tailored treatment 
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and patient care [20]. Data from RADAR, with a sufficiently large patient cohort and with 

long follow-up, is suitable for derivation of such evidence.  

 

We have reported on the impact of dosimetric and clinical factors including medication 

intake on the prevalence and incidence of urinary symptoms following prostate 

radiotherapy. An analysis of symptoms by prevalence, including the effects of trial arm and 

radiotherapy dose prescription group for the RADAR trial, has recently been presented [77]. 

Combination of different symptoms into grades (e.g. RTOG scale as in [23, 32, 37, 39]) has 

the potential to obscure relevant associations if individual symptoms have different 

pathophysiological origins, thus, symptoms were atomised. We indeed found several factors 

which were influencing a specific urinary symptom and not others, facilitating a more 

symptom-specific pathophysiological understanding.  

 

In assessing the effects following radiotherapy, there are some circumstances almost 

unique to urinary symptoms. The prevalence of lower urinary tract symptoms, sometimes 

indistinguishable from those related to treatment, is increasing with advancing age [20, 43]. 

Furthermore, the amelioration of the pre-treatment urinary symptoms after treatment is 

common and clinically relevant [46, 47]. The treatment-related urinary symptoms also 

show significant levels of reversibility [44, 45]. Given the circumstances surrounding the 

urinary symptoms, the use of cumulative or actuarial incidence alone may misrepresent and 

overestimate the actual burden [44, 45]. Thus, the current study used the prevalence at 

specific time points in addition to the peak incidence. 

 

Baseline symptoms were found to offer the strongest predictive value for incontinence and 

frequency across all time points and peak incidence, consistent with previous reports [23, 

39].  However, as seen via analysis of urinary symptoms in isolation, the effect of baseline is 

not uniformly strong across all symptom types. Dysuria and haematuria at baseline are less 

important factors to the respective long-term prevalence. The diminishing importance of 

baseline symptoms for certain endpoints is potentially related to the improvement of the 

symptoms after radiotherapy treatment shown here and similarly reported by others [44, 

46, 47, 110]. Related to this, increasing age is associated with lower risk for dysuria which 

might be associated to the shrinkage of benign hypertrophic prostate after radiotherapy 

treatment which is more prevalent in older patients [111]. 

 

Probably the most important advantage of the current study was the availability of 

prospectively collected data on comorbidities, medication intake and lifestyle factors. Only 
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diabetes is shown to have persistent effect on a specific symptom (i.e.; dysuria) across all 

time points. Diabetes has already been reported to increase the likelihood of delayed 

radiation-induced urinary morbidity [37, 38]. The impact, however, was not found by some 

others [35, 36]. The effect of diabetes to treatment-related urinary symptoms has been 

associated with the weakened ability to heal tissue damage because of microvascular 

changes related to the chronic pathological processes [37, 112]. This study adds two 

important points to the knowledge; first, with the analysis based on prevalence which 

reduces the accumulation of transient symptoms, we have established that the effect of  type 

2 diabetes is in fact persistent; second, the effect is strong for dysuria and potentially 

haematuria but not incontinence and frequency suggesting different pathological pathways.  

 

Significantly worse peak dysuria was found for current smokers compared to those who 

never smoked. Observations by Peeters et al. [39] of increasing late urinary symptoms in 

patients who smoke was dismissed as a random discovery, however, the current study 

made a similar finding suggesting that the relationship is potentially relevant. The impact 

of smoking has previously been found for rectal toxicity associated with amplified vascular 

damage, tissue hypoxia and fibrosis [113].  

 

PC1, which was significantly associated with urinary frequency, is correlated to the mean 

dose suggesting the importance of global dose distribution for this endpoint as opposed to 

maximum dose frequently suggested to play a bigger role in causation of urinary symptoms 

[32, 33].  Radiotherapy has been associated with reduction in bladder capacity and decrease 

in bladder volume at first sensation [114]. This study has put forward the potential of the 

physiological changes to be related to the bladder dose-surface information requiring a 

more detailed urodynamic study. Despite that, the relationships between PCs and other 

urinary symptoms were poor. There are several potential explanations; first, the PCs which 

summarise most of the DSH variances into two variables do limit the search space for 

potential correlations. Limiting the search space has the benefit of generating a general 

understanding of the overall impact of DSH features whilst preventing random discovery 

associated with searching for optimal cutpoints in the high dimensional space of the original 

DSHs. However, correlating symptoms to specific dose-surface cutpoints may provide 

specific and stronger dosimetry-symptom relationships. Second, due to generally open 

bladder filling protocol in the trial where centres may decide to use empty or full bladder, 

there were large variations of bladder volume. The relative surface of bladder receiving a 

particular dose threshold may be impacted by the bladder filling due to the expansion of the 
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bladder, known to be anisotropic, and this may influence the resultant dosimetric impact 

[115].   

 

We identified cerebrovascular condition, worse ECOG status and NSAIDs intake as factors 

increasing the risk of specific urinary symptoms by multivariate analysis at a specific time. 

These factors, however, do not show associations in other time points studied and only 

cerebrovascular condition shows association in the incidence analysis. There are several 

ways to view these observations; 

 

1. The impacts of these clinical factors may be temporally specific. Treatment-related 

radiotherapy injury is complex where the process of healing undergoes a series of 

events that are yet to be fully comprehended [112]. Conventionally, toxicity studies 

separate the events into two phases, acute and late, of which acute symptoms are 

defined as symptoms happening in the first 3 months after the end of treatment 

while late symptoms are defined as all symptoms occurring after that [39, 110]. It 

has been shown that the two phases do not share a similar set of predictors 

suggesting potentially different pathophysiological processes [39, 110]. However, in 

such analyses the late effects definition spans many years until the last follow-up 

which makes the understanding of the symptoms’ evolution challenging. Distinct 

predictors between late symptoms occurring in the first 3 years and those occurring 

later has been illustrated by Fellin et. al. [116] on rectal incontinence and bleeding. 

Few, if any, have attempted to study the important predictors of urinary symptoms 

across more refined phases. 

2. The reversibility of treatment-related urinary symptoms plays an important role 

[44, 45]. The improvements due to the natural healing process or successful 

management may introduce fluctuation of association at different time points. The 

increased risk of dysuria for younger patients, for example, was strong at the end of 

radiotherapy treatment but not repeated until at 54-month follow-up suggesting the 

fluctuation across follow-up time.  

3. The observations may also be fortuitous. As some of the observations are 

counterintuitive (e.g. higher risk for younger patients) or involving clinical factors 

rarely studied (e.g. cerebrovascular condition), there are needs for validation from 

other datasets. 

 

The impact of other comorbidities and medication intake, found to be significant in other 

studies, was not identified in this cohort. Examples include the protective effect of 



 

83 

 

hypertension which was suggested to be associated to antihypertensive medication intake 

[36], and exacerbation of haematuria with anticoagulant intake [20, 38].  

 

Despite several strengths, this study has several limitations. The clinical factors and 

medication intake were only acquired at randomization. It is likely that patients were 

diagnosed with other comorbidities and prescribed with different types of medication at 

any time after that. It is also acknowledged that a DSH derived from a single treatment plan 

is only a surrogate parameter for the actual dose distribution received by the patient [16].  

 

3.6 CONCLUSION 

Several parameters impacting specific urinary symptoms after prostate cancer 

radiotherapy were identified. Baseline symptoms and type 2 diabetes were found to have 

sustained impacts across all time points while age and PC1 were repeated in more than one 

time point. Other associations found to be significant are not repeated at different time 

points suggesting poorer or transient impacts. Different impacts of clinical factors from 

prevalence and incidence analysis providing a complementary view for urinary symptoms 

prediction. 
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4 URINARY SYMPTOMS FOLLOWING EXTERNAL BEAM 

RADIOTHERAPY OF THE PROSTATE: DOSE–SYMPTOM 

CORRELATES WITH MULTIPLE-EVENT AND EVENT-COUNT 

MODELS 
 

Adapted from: Yahya N, Ebert MA, Bulsara M, House MJ, Kennedy A, Joseph DJ, Denham JW: 

Urinary symptoms following external beam radiotherapy of the prostate: Dose-

symptom correlates with multiple-event and event-count models. Radiother Oncol 

2015, 117:277-282. 
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4.1 ABSTRACT 

Background and Purpose: This study aims to compare urinary dose-symptom correlates 

after external beam radiotherapy of the prostate using commonly utilised peak-symptom 

models to multiple-event and events-count models which account for repeated events. 

Materials/Methods: Urinary symptoms (dysuria, haematuria, incontinence and 

frequency) from 754 participants from TROG 03.04-RADAR trial were analysed. Relative 

(R1Gy-R75Gy) and absolute (A60Gy-A75Gy) bladder dose-surface area receiving more than 

a threshold dose and equivalent uniform dose using exponent a (range: a∊[1…100]) were 

derived. The dose-symptom correlates were analysed using; peak-symptom (logistic), 

multiple-event (generalised estimating equation) and event-count (negative binomial 

regression) models.  

Results: Stronger dose-symptom correlates were found for incontinence and frequency 

using multiple-event and/or event-count models. For dysuria and haematuria, similar or 

better relationships were found using peak-symptom models. Dysuria, haematuria and high 

grade (≥ 2) incontinence were associated to high dose (R61Gy-R71Gy). Frequency and low 

grade (≥ 1) incontinence were associated to low and intermediate dose-surface parameters 

(R13Gy-R41Gy). Frequency shows a parallel behaviour (a=1) while dysuria, haematuria 

and incontinence show a more serial behaviour (a=4 to a≥100). Relative dose-surface 

showed stronger dose-symptom associations.  

Conclusions: For certain endpoints, the multiple-event and event-count models provide 

stronger correlates over peak-symptom models. Accounting for multiple events may be 

advantageous for a more complete understanding of urinary dose-symptom relationships.    



86 

 

4.2 INTRODUCTION 

The seminal article by Viswanathan et al. in the Quantitative Analysis of Normal Tissue 

Effects in the Clinic (QUANTEC) report noted that the question of dose-response for urinary 

symptoms in prostate-cancer treatment has not been resolved [20]. Few studies assessing 

relevant dose-symptom correlates are available [14, 32-34, 38, 41, 42]. 

 

Commonly, cumulative incidence was utilised in dose-symptom studies where an event 

constitutes of any symptoms above a predetermined level. This might not be optimal given 

the natural propensity of urinary symptoms, sometimes similar to treatment-related 

symptoms, to occur in an aged population [20, 43] and significant reversibility either as the 

result of successful management or naturally [44, 45]. Improvement from baseline 

symptoms, linked with contraction of both benign hypertrophic and malignant tissues, is 

common and clinically relevant [46, 47]. These circumstances, some of which are unique to 

urinary symptoms, may introduce noise in the symptom incidence and shadow the potential 

dose-symptom relationships. Studies with longer follow-up may naturally accumulate more 

noise. These challenges in defining and appropriately analysing symptoms along with other 

potential methodological problems likely contribute to the elusiveness of a solid dose-

symptom relationship [20, 22]. 

 

In the realm of rectal dose-symptom studies, ‘longitudinal’ definition of toxicity has been 

proposed and found to be superior for certain endpoints [48, 49]. Gulliford et al. [49] and 

Fiorino et al. [48] graded symptoms according to their persistence using variations of 

measures. The resulting improved dose-symptom relationships may be partly explained by 

the reduced noise. Alternatively, complete symptom information can be analysed using the 

multiple-event models [44, 50] or the number of reported events can be analysed using the 

event-count models. To our knowledge, there are no previous urinary dose-symptom 

studies utilising these methods.  

 

In this study, the bladder dose information and urinary symptom relationships were 

addressed using multiple-event and event-count models in addition to the more commonly 

utilised peak-symptom model. Data from patients accrued to the Trans-Tasman Radiation 

Oncology Group (TROG) 03.04 trial of Randomised Androgen Deprivation and RT (RADAR-

NCT00193856) were utilised [79, 81].  
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4.3 MATERIALS AND METHODS 

4.3.1 Patients and treatments 

The RADAR trial examined the influence of the duration of androgen deprivation with or 

without bisphosphonate treatment, adjuvant with radiotherapy [79, 81]. Data collection, 

protocol requirements, treatment technique and quality assurance (QA) have been 

summarised previously [75, 78, 79, 81]. 754 participants received external beam 

radiotherapy (EBRT) (without a brachytherapy boost) to either 66, 70 or 74 Gy and had 

complete bladder dose data collected, comprising a digital treatment plan export including 

axial computed tomography (CT) and associated planned dose matrix.  

 

4.3.2 Bladder dose information 

The digital RT treatment plan for every patient was independently reviewed and archived 

[76]. Bladder constraints were not applied and delineation of the bladder was not 

mandatory, thus, plans were reviewed and bladder outlining either verified or manually 

added. Centres were free to prescribe different bladder filling protocols; 701 patients were 

prescribed to full bladder, 34 empty and 19 with no or missing protocol. Physical doses to 

each voxel in the dose matrix for the bladder for each treatment phase were combined to 

generate EQD2 (equivalent dose in 2 Gy fractions using α/β=6 Gy [20, 97]). Dose-surface 

information of the bladder wall (dose bin: 0.1 Gy) was calculated independently to ensure 

consistency across datasets submitted from different centres [104]. Cumulative bladder 

dose-surface histogram (DSH) data were derived from which the relative surface area of 

tissue receiving more than a threshold dose (R1Gy, R2Gy…R75Gy) were calculated. 

Absolute DSH data for bladder has been suggested to be more robust to the impact of 

variable bladder filling in the high dose region [117]. As such, the absolute DSH for doses 

between 60-75Gy (A60Gy, A61Gy…A75Gy) were derived. The DSHs were also summarised 

using equivalent uniform dose (EUD) with exponent a∊[1…100]) [118]. The EUDs were 

derived from dose-surface information using; 

 

EUD𝑎 = (∑𝑠𝑖
𝑖

𝐷𝑖
𝑎)

𝑎−1

 

where si is the fractional area of the dose bin corresponding to dose Di in the differential 

DSH of the bladder and the exponent a (range:a∊[1…100]) is a unitless parameter 

associated with the specific behaviour of the endpoint. a=1 denotes the mean dose where 
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associated endpoints are strongly dependent on dose received by the whole organ while 

large exponent a denotes a stronger maximum dose impact to a smaller portion of the organ. 

 

4.3.3 Symptom measurement 

Following treatment, patients were routinely followed up every three months for 18 

months, then six-monthly up to five years and then annually. Atomised symptoms (dysuria, 

incontinence, frequency and haematuria) were considered using grades from physician-

assessed LENT-SOMA [93] (Table 4-1). Focusing on the late effect, only follow-ups at least 

one year after randomisation (i.e. five months after the end of EBRT) were considered.  

 

Table 4-1: The LENT-SOMA grading system 

 

 Grade 0 Grade 1 Grade 2 Grade 3 
Dysuria Occasional and 

mild 
Intermittent 
and tolerable 

Persistent and 
intense 

Refractory and 
excruciating 

Haematuria None Microscopic, 
normal 
haemoglobin 

Intermittent 
macroscopic, 
<10% decrease 
in haemoglobin 

Persistent 
macroscopic, 10-
20% decrease in 
haemoglobin. 

Incontinence None With coughing 
and sneezing 

Spontaneous, 
some control 

No control 

Frequency Normal Increased 
frequency or up 
to 2× normal 

Increase >2× 
normal but < 
hourly 

Hourly or more 
with urgency or                  
catheterisation 

 

Different data structures of the symptoms were used for the models (peak-symptom: 

binary, event-count: count, multiple-event: multiple binary) (Table 4-2).  For the peak-

symptom models, an event was defined as the presence of symptoms at any time-point. For 

the event-count models, the total count of events accumulated was treated as the outcome. 

For the multiple-event model, observations were organised as one record per patient per 

follow-up creating multiple data points per patient. For the rest of this paper, abbreviations 

DP1, DEC1 and DME1 were used for peak-symptom, event-count and multiple-event models for 

grade ≥ 1 dysuria, respectively. The numbers were changed to 2 for grade ≥ 2. A similar 

convention was used for haematuria (H), incontinence (I) and frequency (F).  
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Table 4-2: Two patients as examples to demonstrate the data utilised in different models. Patient A with 10 follow-up time-points, was reported to have dysuria at the 24-, 30-, 
36- and 42-month follow-up time-points and to have recovered at the 48-month follow-up. Patient B has the same follow-up but with only one event at 24-month. In multiple-
event model, all data points were taken into account in the analysis in the form of (status, follow-up time). Status=0 for non-event, status=1 for event and status=NA for missing 
data point. Patient A and B are categorised as having symptom in peak-symptom models. Patient A has a count of 4 and patient B has a count of 1 for event-count model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Y- Yes, N-No, NA- not available 

  Follow-up (month) 
  12 15 18 24 30 36 42 48 54 60 72 
Symptom 
profile 

  

Patient A  N N N Y Y Y Y N N NA N 
Patient B  N N N Y N N N N N NA N 
Symptom 
utilisation 

            

Multiple-
event model 

            

Patient A  0,12 0,15 0,18 1,24 1,30 1,36 1,42 0,48 0,48 NA,48 0,72 
Patient B  0,12 0,15 0,18 1,24 0,30 0,36 0,42 0,48 0,48 NA,48 0,72 
Peak-
symptom 
model 

Event            

Patient A 1            

Patient B 1            

Event-count 
model 

Event 
count 

           

Patient A 4            

Patient B 1            
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4.3.4 Multiple-event and event-count models 

GEE, used in the multiple-event models, analyses longitudinal outcome data accounting all 

observations within a patient using a quasi-likelihood approach. The estimates from the 

GEE produce a measure of explanatory variables impacts over all follow-ups simultaneously 

reflecting the relationship to the longitudinal development of symptoms. Due to the 

existence of multiple observations per patient, robust standard errors and confidence 

intervals were estimated while accounting for the lack of independence [119]. To adjust for 

dependency of observations within-patient, unstructured correlation matrix was specified 

allowing correlations to differ across follow-ups. The principles behind GEE are well 

described in Hanley et al. [119]. 

 

For event-count models, negative binomial (NB) regression was implemented where the 

number of events was regressed against the dose indices. The NB regression is an extension 

of the Poisson regression where the outcome of interest is a count [120]. Both NB and 

Poisson regressions are very similar but NB is less restrictive where equal distribution of 

the mean and variance of the count distribution is not assumed [121]. An introduction to 

negative binomial and Poisson regression by Coxe et al. is recommended [120].  

 

4.3.5 Statistical analysis 

For peak-symptom models, associations were explored with logistic regression. Event-

count and peak-symptom models were constructed as implemented in MASS and multiple-

event models using geepack in R [95]. To obtain the least-biased estimate of the effect of 

dose on development of symptoms, adjustments were performed for clinical factors 

including baseline symptom and trial arm which have previously been found to impact 

urinary symptoms [77, 122]. To adjust for underestimation of peak symptoms and event 

counts for patients accrued at later dates, the number of available follow-ups was included 

as a covariate. Time from randomisation for each data point is inherent to multiple-event 

models. No robust common evaluation matrix is available for comparison across methods.  

Thus, the pattern of relationship between the dose indices and symptoms is discussed in 

terms of the odds ratios and p-values. For each endpoint-model combination, thresholds 

were derived from the most significant index, with the constraint that at least 10% of 

patients on either side of the threshold. P-values<0.05 were considered significant and p-

values<0.20 to indicate suggestive association. Because of the correlated dose-surface 

information and the nature of this study which intentionally performed multiple analysis in 
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a similar cohort, no correction for multiple comparison was applied. Reporting all 

comparisons and allowing readers to draw conclusions has been considered a more 

practical option to application of a correction [123].  

4.4 RESULTS  

The median number of late follow-up time-points was 10 (inter-quartile range; 7–11, 

median follow-up time; 60 months). For grade ≥ 1, 76 had dysuria at ≥ 1 time-point 

throughout the follow-up while 101, 218 and 568 had ≥ 1 event of haematuria, incontinence 

and frequency, respectively (Table 4-3; summarised in Table 4-4).  Among patients with at 

least an event of dysuria and haematuria, <50% have repeated events. Conversely, 77% of 

patients with a frequency event have repeated events. For grade ≥ 2, the median number of 

events was 1 for all endpoints with slightly higher mean and larger interquartile range for 

frequency.  
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Table 4-3: Distribution of patients and symptoms at each follow-up 

 

 Month 

Symptom Status 12 15 18 24 30 36 42 48 54 60 72 84 

Dysuria Grade≥1 70 60 61 48 33 36 32 24 28 29 13 2 
 Grade≥2 21 18 16 10 5 5 8 5 8 9 1 1 
 Grade=0 668 660 655 645 625 599 563 526 459 371 205 73 
Incontinence Grade≥1 51 47 51 66 49 57 57 40 42 35 20 9 
 Grade≥2 19 13 14 18 15 16 21 6 13 6 9 5 
 Grade=0 689 673 665 626 608 582 537 510 444 364 197 65 
Frequency Grade≥1 300 241 239 227 191 178 158 153 137 113 68 33 
 Grade≥2 69 59 53 43 36 24 39 24 27 26 14 13 
 Grade=0 441 479 477 466 468 458 439 397 349 286 148 41 
Haematuria Grade≥1 9 15 14 15 17 17 16 14 16 14 5 1 
 Grade=0 729 705 702 678 641 620 581 538 469 385 213 74 
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Table 4-4: Summary of symptom distribution.  

 

 

 

 

 

 

 

 

 

 

 

 

 Symptom type 
 Dysuria Haema

turia 
Incontinence Frequency 

 Grade≥
1 

Grade≥
2 

Grade≥
1 

Grade≥
1 

Grade≥
2 

Grade≥
1 

Grade≥
2 

Peak        
Yes 189 59 101 218 91 568 216 
No 557 687 645 528 655 178 530 
Number of 
events 

       

0 557 687 645 528 655 178 530 
1 92 39 75 101 55 134 122 
2 34 11 13 40 21 108 39 
3 25 3 7 31 8 82 23 
4 16 2 2 20 3 71 14 
5 9 1 3 6 2 54 13 
6 7 0 1 5 2 42 1 
7 2 1 0 11 0 30 1 
8 4 1 0 3 0 19 3 
9 0 1 0 1 0 13 0 
10 0 0 0 0 0 11 0 
11 0 0 0 0 0 2 0 
12 0 0 0 0 0 2 0 
for patients with 
number of events 
≥1 

       

Median number 
of event  
(interquartile 
range)  

2 
(1-3) 

1 
(1-2) 

1 
(1-2) 

2 
(1-3) 

1 
(1-2) 

3 
(2-5) 

1 
(1-3) 

Mean number of 
event (standard 
deviation)  

2.31 
(1.79) 

1.81 
(1.68) 

1.51 
(1.14) 

2.41 
(1.86) 

1.70 
(1.13) 

3.59 
(2.43) 

1.98 
(1.47) 
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Similar patterns of association were observed for haematuria and dysuria grade ≥ 1 using 

all three modelling methods with the most significant (p<0.05) DSH indices ranging from 

R61Gy to R68Gy (Fig.4-1). The same pattern can be observed for dysuria grade ≥ 2 but with 

smaller dose range showing significance and trends. The actual strength of the associations, 

judged from the p-value, were found to be stronger for peak-symptom models for these 

endpoints. Except for FP1, all other frequency models showed significant associations 

peaking at or around R40Gy with FCE1 and FCE2 showed the strongest associations (p=0.006 

and p=0.007). For incontinence grade ≥ 1, only IEC1 showed significant associations peaking 

at R20Gy while for grade ≥ 2 the trends were stronger for the high dose region (R70Gy) for 

IEC2 and IME2 but not for IP2. The thresholds were found to be concentrated in three regions; 

low dose (R13Gy to R19Gy, thresholds: 87-89%), intermediate (R39Gy to R41Gy, 

thresholds: 28-41%) and high dose (R61Gy to R71Gy, thresholds: 14-41%).  

 

The dose-symptom correlates for haematuria using absolute dose-surface displayed a 

similar pattern and stronger to that found using relative dose-surface (Fig.4-2). Dysuria was 

better explained by relative dose-surfaces. For incontinence and frequency, the dose-

symptom correlates were poorer using absolute dose-surfaces with some trending to 

negative associations (odds ratio < 1). Absolute-dose surface showed less negative 

association at high dose regions where the variances were small (A74Gy and A75Gy).  
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Figure 4-1: The relationship between RxGy (R1Gy, R2Gy…R75Gy) and symptoms grade≥1 (dysuria, haematuria, incontinence and frequency) and grade≥2 (dysuria, incontinence 
and frequency) obtained using the peak-symptom, multiple-event and event-count models. Only odds ratio with p<0.20 are displayed. Also, the optimal threshold derived from 
the strongest dose-symptom correlates. 

 

Note: The models were abbreviated based on symptom-model-grade convention, for example, dysuria (D) grade ≥ 1 using multiple-event (ME) model was 

abbreviated as DME1; Max- the strongest dose-surface indices for the particular model; Th- the optimal threshold derived from the   the strongest dose-

surface indices for the particular model; OR(SD)- odds ratio (standard deviation);  *per 10% increase; †> threshold vs. ≤ threshold; p- p-value
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Figure 4-2: Comparison of dose-symptom correlates using relative and absolute dose-surface indices for 
high dose region (60-75Gy). Only odds ratios with p-value<0.20 are shown. 

 

 

 

 

Note: The models were abbreviated based on symptom-model-grade convention, for 

example, dysuria (D) grade ≥ 1 using multiple-event (ME) model was abbreviated as DME1. 
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For dysuria in EUD analysis, the most important values for DEC1, DP1 and DME1 were at a=25 

(p=0.027), a=7 (p=0.013) and a=10 (p=0.062) respectively. For DEC2, DP2 and DME2, the 

associations showed a similar pattern (a= 15, 6, 10) with weaker p-values. For haematuria, 

HEC1, HP1 and HME1, the strongest associations were at a=9 (p=0.086), a=4 (p=0.137) and 

a=12 (p=0.039), respectively (Fig. 4-3). The maximum associations for incontinence were 

at a=100 and potentially beyond the range of exponent studied here. For all frequency 

models except FP1, the associations maximised at a=1 
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Figure 4-3: p-values for the relationship between EUD (range: a [1…100]) and dysuria, haematuria, incontinence and frequency grade≥1 and ≥2 obtained using the peak-symptom, 
multiple-event and event-count models. 
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4.5 DISCUSSION 

This study utilised the multiple-event and event-count models together with the commonly 

used peak-symptom models to analyse bladder dose-surface indices and atomised urinary 

symptoms after EBRT of the prostate. Principally, it was demonstrated that urinary 

frequency and incontinence have significant and stronger dose-symptom relationships to 

dose-surface indices using multiple-event and/or event-count models compared to peak-

symptom models. In dysuria and haematuria, the dose-symptom correlates were found to 

be generally stronger for peak-symptom models. 

 

The improved dose-symptom correlates for certain endpoints studied here may be 

explained by the dynamics of symptoms throughout the follow-up period. Especially for low 

grade urinary frequency, most patients who had a peak symptom were found to have 

repeated symptoms suggesting more longitudinal effects. Repeating the analysis of urinary 

frequency for higher grade showed an improved correlation to dose-surface indices using 

peak-symptom models proving the impact of noise in lower-grade symptoms. Urinary 

frequency and incontinence are also “noisy” endpoints, subject to considerable uncertainty 

which accumulates during the follow-up period which may benefit more from an analysis 

which integrates multiple events [124]. In contrast, dose-symptom correlates to haematuria 

and dysuria, obtained using multiple-event and event-count models, are either no different 

to or are weaker than those obtained using peak symptom assessment. Relative to urinary 

frequency and incontinence, haematuria and, to a lesser extent, dysuria, were transient - 

larger proportions of patients had symptoms only once throughout the follow-up window. 

Furthermore, patients discovering blood in the urine or having difficulty to pass urine are 

also more likely to seek/receive medical attention, minimising symptoms being reported 

across two or more time-points [125]. These factors may reduce the value of multiple-event 

and event-count analysis. Another point to take into account is that event-count and 

multiple-event models use dichotomised symptom scores for each follow up which may 

underrepresent a singular severe symptom relative to milder longitudinal symptoms. 

 

There are no previous urinary dose-symptom studies, using methods integrating the 

longitudinal aspect of symptoms events, to compare with this current study. However, in 

one previous report where symptoms were atomized, de Langhe et al. [41] have drawn dose 

associations for haematuria but not nocturia using peak-symptom models. The current 

study revealed comparable results, where dose-symptom correlates were found for 
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haematuria, but none or poorer for frequency-related symptoms using the peak-symptom 

models. Harsolia et al. [33] also used peak-symptom models and found bladder dose 

information to be predictive of urinary retention which most closely compares to dysuria in 

this study. Frequency, incontinence and haematuria, however, were not correlated to the 

dose indices studied [33]. The observation of urinary retention, frequency and incontinence 

is analogous to this study using the same peak-symptom analysis. In contrast to [41] and 

[33], the current study found significant dose-symptom correlates for frequency and 

incontinence using multiple-event and/or event-count models signifying the value of such 

models to evaluate certain endpoints potentially lost in peak-symptom analysis.  

 

In terms of the important dose-surface parameters, symptom-dependent correlates were 

observed. For frequency, the importance of low and intermediate dose was convincingly 

shown. This observation, however, should be subjected to further analysis in other cohorts 

due to the collinearity of parameters at different doses. Haematuria, dysuria and high grade 

incontinence were found to be most associated with the relative surface of the bladder 

tissue receiving high dose. Other studies have found comparable importance, of the volume 

or surface of the bladder receiving high dose, to non-atomized symptom grade [32, 38, 42], 

obstruction [14], retention [33] and haematuria [41]. Some of these studies did not 

analyse/report the dose-symptom associations for urinary frequency or incontinence. This 

may be due to the absence of data, the paucity of events, or perhaps an inability to find a 

dosimetric explanation for symptom development. Future reports should be encouraged to 

report such analysis and to account for the longitudinal aspects for a more complete 

understanding of the dose-symptom relationship. This is especially important due to the 

relation of specific endpoints like incontinence to quality of life [126]. 

 

The potential limitation of relative dose-surface, which may not be robust against day-to-

day bladder volume variations, especially for the high-dose region, has been shown in the 

literature with absolute dose-surface recommended instead [117]. In this study, comparing 

the use of relative and absolute dose-surface allowed several observations suggesting a few 

cautionary points;  

 

1. Except for haematuria, the relationship to symptoms development were found to 

be stronger using relative surfaces compared to absolute across all methods and 

grade levels. This might suggest that the expected bias associated with the use of 

bladder relative dose-surface in dose-response studies may be overstated, at least 

for the dose range studied here.  
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2. At the highest doses studied (R74Gy and R75Gy), negative associations were found 

to be more pronounced for relative dose-surfaces. This might be explained by 

unstable coefficients and uncertainty associated with the narrow range of values of 

those relative dose-surface parameters compared to absolute dose-surface. The 

relative dose-surface may also be impacted by the bladder filling due to the 

anisotropic expansion of the bladder.   

3. The associations were reversed (OR<1) for certain endpoints using absolute dose-

surface which suggest a lower risk for larger irradiated surface area. This might be 

explained by the bias associated with heterogeneity of total bladder surface area 

from patient to patient. To illustrate this point, consider a bladder with a small 

surface area wholly irradiated to a dose and a bladder with a large surface area 

only partially irradiated to the same dose. Despite the hypothetical higher risk of 

injury for the former where the whole bladder was irradiated, the latter may have 

higher absolute dose-surface index because of the large bladder size. As the 

homogeneity of bladder surface area cannot be assumed in large patient cohorts, 

the use of absolute dose-surface would potentially obscure the dose-symptom 

correlates especially for low and intermediate doses.  

 

Given previous suggestions that bladder symptoms have both local and global origins [33, 

73], and the potential biases associated with both methods, it is suggested for future 

studies seeking to understand the impact of the dose distribution to consider both relative 

and absolute dose-surface.  

 

Reducing the DSH of the bladder to an EUD showed differing optimal values for the 

exponent, a, depending on the method and symptoms studied. Exponent a=1, which is 

equivalent to the mean dose, was the most optimal for all urinary frequency endpoints 

except FP1 suggesting a parallel architecture. The Emami-Burman study with symptomatic 

bladder contracture and volume loss as an endpoint, a more severe endpoint compared to 

that considered here, suggested the exponent to be 2 [127, 128]. Both, however, are global 

bladder dysfunctions, potentially related to global morphological urothelial changes 

following irradiation of the bladder wall [73]. The optimal values of a are higher for 

haematuria, dysuria and incontinence suggesting a more serial behaviour where maximum 

dose to a smaller portion of tissue or “a lot to a little” are relatively more significant.  Similar 

seriality was also suggested by Cheung et al (a=100) for grade ≥ 1 urinary toxicity using a 

modified Radiation Therapy Oncology Group [RTOG] scale which is somewhat more 

generalised than the endpoints considered here [32].  
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Patients examined in this study were treated with a 3D-conformal radiotherapy technique 

with no standard dose constraints applied to the bladder. The diversity in the DSH values at 

each dose, due to relatively shallow dose gradients and a larger range of doses than likely 

in constrained and highly-conformal cohorts, is advantageous in assessing the impact of 

dose indices on urinary bladder reactions. This may partially explain the strong dose-

symptom correlates found despite using only bladder surface defined on the simulation CT 

images, which provides only a surrogate of the actual dose received by the bladder [16]. The 

relevance of associations obtained in the context of 3DCRT, to a highly conformal 

radiotherapy technique (e.g. IMRT), might be queried. However, the dose-symptom 

relationships are theoretically similar regardless of the delivery method. 

 

4.6 CONCLUSION 

For certain endpoints, the multiple-event and event-count models provide evidence of dose-

symptom correlates for certain urinary symptoms which was not revealed with a peak-

symptom analysis. With the relationship between dose and urinary symptoms potentially 

obscured by noise for certain endpoints, future studies should be encouraged to undertake 

such supplementary analysis to account for multiple events per patient. 
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Part B: Improving Predictive 
Modelling 
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5 STATISTICAL-LEARNING STRATEGIES GENERATE ONLY 

MODESTLY-PERFORMING PREDICTIVE MODELS FOR 

URINARY SYMPTOMS FOLLOWING EXTERNAL BEAM 

RADIOTHERAPY OF THE PROSTATE: A COMPARISON OF 

CONVENTIONAL AND MACHINE-LEARNING METHODS 
 

Adapted from: Yahya N, Ebert MA, Bulsara M, House MJ, Kennedy A, Joseph DJ, Denham JW: 

Statistical-learning strategies generate only modestly-performing predictive models 

for urinary symptoms following external beam radiotherapy of the prostate: a 

comparison of conventional and machine-learning methods, Medical Physics, 2016, 

43:2040-52 
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5.1 ABSTRACT 

Introduction Given the paucity of available data concerning radiotherapy-induced urinary 

toxicity, it is important to ensure derivation of the most robust models with superior 

predictive performance. This work explores multiple statistical-learning strategies for 

prediction of urinary symptoms following external beam radiotherapy of the prostate. 

Method The performance of logistic regression, elastic-net, support-vector machine, 

random forest, neural network and multivariate adaptive regression splines (MARS) to 

predict urinary symptoms were analysed using data from 754 participants accrued by 

TROG03.04-RADAR. Predictive features included dose-surface data, comorbidities and 

medication intake. Four symptoms were analysed; dysuria, haematuria, incontinence and 

frequency, each with three definitions (grade≥1, grade≥2 and longitudinal) with event rate 

between 2.3-76.1%. Repeated cross-validations producing matched models were 

implemented. A synthetic minority over-sampling technique was utilized in endpoints with 

rare events. Parameter optimization was performed on the training data. Area under the 

receiver operating characteristic curve (AUROC) was used to compare performance using 

sample size to detect differences of ≥0.05 at the 95% confidence level. 

Results Logistic regression, elastic-net, random forest, MARS and support-vector machine 

were the highest-performing statistical-learning strategies in 3, 3, 3, 2 and 1 endpoints, 

respectively. Logistic regression, MARS, elastic-net, random forest, neural network and 

support-vector machine were the best, or were not significantly-worse than the best, in 7, 

7, 5, 5, 3 and 1 endpoints. The best-performing statistical model was for dysuria grade≥1 

with AUROC ± standard deviation of 0.649 ± 0.074 using MARS. For longitudinal frequency 

and dysuria grade≥1, all strategies produced AUROC>0.6 while all haematuria endpoints 

and longitudinal incontinence models produced AUROC<0.6. 

Conclusion Logistic regression and MARS were most likely to be the best performing 

strategy for the prediction of urinary symptoms with elastic-net and random forest 

producing competitive results. The predictive power of the models was modest and 

endpoint-dependent. New features, including spatial dose maps, may be necessary to 

achieve better models.   
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5.2 INTRODUCTION 

The prediction of radiotherapy treatment-related toxicity has been of significant interest 

[51, 52, 54-66, 129]. Toxicity prediction involves relating the dosimetric factors to the 

toxicity in question in a model, potentially in combination with clinical information. For 

urinary symptoms, the availability of such models is limited compared to rectal symptoms 

following prostate radiotherapy. This is despite the observation that urinary toxicity will 

likely represent the principal dose-limiting factor, due to the decreasing prevalence of rectal 

symptoms, in the era of dose-escalated radiotherapy for prostate cancer [18]. The focus of 

model derivation should mirror this transitioning prevalence[130].  

 

Along with multivariable logistic regression several more advanced statistical-learning 

strategies have been used and tested in the development of predictive models. A primary 

motivation for utilising more advanced strategies is the production of models with more 

predictive power. Strategies have included the use of regularized regression [51-53], neural 

networks [54-59], support vector machines [58, 60], decision trees [61], distance-based 

measures [62] and ensemble methods [63, 64] including random forests [65].  In most 

instances, the studies suggest that the more contemporary strategies show promising 

results and perform better. Nevertheless, except for the series of studies on radiotherapy-

induced pneumonitis[60-63, 66], the statistical-learning strategies were rarely extensively 

compared side-by-side. Furthermore, comparisons in the context of toxicity prediction were 

mostly performed using only one endpoint, probably chosen based on the clinical relevance. 

Concluding the superiority of a strategy based on only one endpoint may not be optimal for 

deriving a solid conclusion; findings have less chance of being fortuitous if they are repeated 

across endpoints/datasets [131]. Also, to our knowledge, there is no study in the literature 

comparing different learning strategies using urinary-symptom endpoints. Given the 

paucity of available urinary toxicity data, it is important to ensure derivation of the most 

robust statistical model. 

 

The aim of this study was to develop the most accurate predictive model for urinary-

symptoms following external beam radiotherapy of the prostate by exploring different 

statistical-learning strategies. This was achieved by modelling 12 urinary-symptom 

endpoints from the data of patients treated with external beam radiotherapy in the Trans-

Tasman Radiation Oncology Group (TROG) 03.04 trial of Randomised Androgen 

Deprivation and RT (RADAR-NCT00193856) [74, 79, 81] using six different strategies - 

logistic regression, elastic net, support-vector machine, random forest, neural network and 
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multivariate adaptive regression splines (also known as enhanced adaptive regression 

through hinges). The models were optimized with a robust cross-validation method and 

subsequently compared in term of their predictive capabilities.  

 

5.3 METHODS AND MATERIALS 

5.3.1 Patients and treatment 

The RADAR trial [74, 79, 81] database, consisting of data for 754 patients who had received 

external beam radiotherapy (EBRT) of the prostate to either 66, 70 or 74 Gy, was utilized.  

Data collection, protocol requirements, treatment technique and quality assurance (QA) 

have been summarized previously[74, 75, 77, 78]. Patients were routinely followed up in 

the clinic every 3 months for 18 months, then 6 monthly up to 5 years and then annually. 

Urinary symptoms reported here were assessed using LENT-SOMA [93]. Focusing on late 

effects, only follow-ups at least 1 year after randomization (i.e., 5 months after the end of 

EBRT) were considered.  

 

5.3.2 Dosimetric candidate features  

During the RADAR trial, digital treatment plans were independently reviewed and archived 

to ensure consistency across datasets submitted from different centres[76]. Physical doses 

to each voxel in the dose matrix for the bladder for each treatment phase were combined to 

generate EQD2 (equivalent dose in 2 Gy fractions using α/β=6 Gy [20, 97]). The relative 

surface area of tissue receiving more than threshold doses (A1Gy, A2Gy…A75Gy) were 

calculated from (EQD2) bladder dose-surface histogram (DSH) data. Also, the equivalent 

uniform doses (EUDs) were derived from the DSHs using the standard formulation [118].  

 

EUD𝑎 = (∑𝑠𝑖
𝑖

𝐷𝑖
𝑎)

𝑎−1

 

where si is the fractional area of the dose bin (dose bin =0.1 Gy) corresponding to dose Di in 

the differential DSH of the bladder and the exponent a (range:a∊[1…100]) is a unitless 

parameter associated with the specific behaviour of the endpoint. a=1 denotes the mean 

dose where associated endpoints are strongly dependent on dose received by the whole 

organ while large exponent a denotes a stronger maximum dose impact to a smaller portion 

of the organ. 

 

Due to the high correlation among dose thresholds and EUDs, an unsupervised feature 

clustering process, which assesses the collinearity of the features and separates them into 
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clusters, was performed. A similarity measure based on Spearman correlations (cut-point 

for clustering at ρ= 0.8) was utilized where only one feature with the largest variance from 

each cluster was selected. Further analysis was therefore limited to 5 dosimetric features; 

EUD1 (EUD using a=1), EUD4, EUD8, EUD16 and A75 (Fig. 5-1, Table 5-1). 
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Figure 5-1: Variable clustering is used for assessing collinearity, redundancy, and for separating variables into clusters that can be scored as a single variable, thus resulting in 
data reduction. Similarity measure based on Spearman correlations (ρ= 0.8). 
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Table 5-1: Representative EUD selected using variable clustering.  

 

Cluster EUD Representative EUD 
1 1-3 1 
2 4-7 4 
3 8-15 8 
4 16-23 16 
5 24-100 24 
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5.3.3 Clinical candidate features 

Besides the dosimetric information, 23 other features, collected at randomization, were also 

introduced to improve the predictive power of the models: 

 The physical characteristics of the patients (age, body mass index (BMI) and ECOG 

performance status). 

 Clinical co-morbidities (cardiovascular condition, peripheral vascular condition, 

cerebrovascular condition, hypertension, dyslipidaemia, type 2 diabetes, 

respiratory disorder, bowel disorder, dermatological disorder, bone or calcium 

metabolism disorder, haematological disorder and thyroid disorder). 

 Medication intake (insulin, hypoglycaemic agents, ACE inhibitor, statin, 

nonsteroidal anti-inflammatory drug and anti-coagulant). 

 Lifestyle factors (smoking status and alcohol intake). 

 

The immediate aim in this study was not to study the impact of each feature, but rather to 

investigate the impact of statistical-learning choices on the predictive power of resulting 

models.  More complete descriptions of the influence of dosimetry, clinical factors and 

medication intake based on this dataset have been presented previously[72, 122]. 

 

5.3.4 Endpoints  

Four atomized symptoms were analysed; dysuria, haematuria, urinary incontinence and 

frequency. To quantify the urinary symptom events, different definitions have been 

suggested in the literature. For a complete overview of the symptoms, three endpoint 

definitions were utilized in the current study. The first two endpoints were peak grade ≥1 

and grade ≥2 which take into account any symptom event at and above the grade cut-point 

throughout the follow-up period. The third was a longitudinal definition where patients 

were only considered to have an event when individual symptoms of grade ≥1 were 

reported ≥2 times throughout follow-up. 

 

5.3.5 Data pre-processing 

Due to the low rate of missing data on most features, simple imputation was performed 

where the empty data points in continuous and categorical features were replaced by the 

median and mode of the particular feature, respectively. All continuous candidate features 

were pre-processed by standardizing to zero mean and unit variance.  
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5.3.6 Statistical-learning strategies 

In this section, the six statistical-learning strategies used to develop the predictive models 

will be described. The following strategies were considered; logistic regression, elastic net, 

support-vector machine, random forest, neural network and multivariate adaptive 

regression splines (also known as enhanced adaptive regression through hinges) (MARS).  

 

5.3.6.1 Logistic regression 

Logistic regression is used in many applications. In this analysis, conventional logistic 

regression with backward stepwise elimination of the candidate features was applied. The 

Akaike information criterion (AIC)-based stopping rule was applied where a feature was 

removed if the chi-square increase was lower than two times the degrees of freedom.  

 

5.3.6.2 Elastic net 

Elastic net is type of penalized multivariate regression method that linearly combines the 

penalties used in lasso (least absolute shrinkage and selection operator) and ridge 

regression approaches [132]. The lasso favours sparse models, removing all features except 

one in instances of correlated variables. The ridge-regression approach keeps all features 

as non-zero but shrinks the estimates of correlated features towards each other producing 

approximately the same value (known as the grouping effect). Compared to pure lasso and 

ridge regression, elastic-net provides a compromise between the two approaches. This 

leads to simultaneous model parameter estimation and variable selection by suppressing 

the estimates for features with no discriminatory power to be exactly zero due to the lasso 

properties, thus, producing a sparse model. Also, due to the ridge-regression approach, it is 

able to robustly model correlated variables by encouraging strongly-correlated predictors 

to be in or out of the model together [132]. That is an attractive advantage, suitable for 

datasets with correlated dosimetric information. Thus, elastic-net was selected from the 

family of regularized logistic approaches. The final values of alpha (between 0 to 1, alpha=1 

leads to application of the lasso penalty and alpha=0 the ridge penalty) and the 

regularization parameter, lambda, were optimized using cross-validation of the training 

data. 

 

5.3.6.3 Random forest 

Random forest is an ensemble-learning strategy which fuses the ‘votes’ submitted from 

many low-correlated decision trees to estimate the probability of events [133]. Randomness 

is incorporated in the construction of the decision trees by two means. Firstly, for a dataset 

(S) with N samples and M features, N equivalently-sized samples are taken (by random 
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sampling with replacement) from S to produce a single decision tree.  Secondly, for each 

split, m feature/s (m is a positive integer << M) is randomly selected from M candidate 

features to optimally produce a binary partitioning. The process of randomly selecting m 

features and creating splits are repeated until the trees are fully grown without any pruning. 

The process is repeated for all trees. The random selection of features for the split decision 

ensures low correlation between trees. For each tree, m is kept constant. Combining votes 

from many independently-grown trees correct for overfitting associated with a single 

unpruned decision tree. In this analysis, the number of trees grown was fixed at 1000 based 

on the suggestion of Breiman [133] while m was optimized using cross-validation of the 

training data.  

 

5.3.6.4 Neural network 

Neural network models can deduce potentially non-linear patterns in the data after 

executing the process of learning. The neural network architecture consists of three 

neuronal layers: input, hidden, and output. An input layer contains neurons which 

correspond to the number of input features; a hidden layer provides a relationship or 

pattern between the input and output; and an output layer contains an output neuron (in 

this instance, urinary symptom event). In the hidden layer, the network produces an 

associated output pattern based on transfer functions which correlate inputs with outputs 

in various ways so complex decisions can be modelled. In this current analysis, a feed-

forward single-hidden-layer network method optimized by the BFGS algorithm was utilized 

[134]. The number of hidden nodes and weight decay were optimised with cross validation.  

 

5.3.6.5 Support-vector machine 

Support-vector machine searches for the linear hyperplane optimally separating binary 

classes. The optimal hyperplane (or decision boundary) is the one that produces the 

maximal margin between the two classes. The support-vector machine can be applied to 

both linearly and non-linearly separable data. For non-linearly separable data, the support-

vector machine first maps the data into a high-dimensional feature space by using non-

linear mapping or using a kernel function and then searches for a linear optimally-

separating hyperplane in the new space. Prediction is based on which side of the hyperplane 

the subject lies on. In this current analysis, the support-vector machine was implemented 

with a radial basis-function kernel, as widely used in many fields including radiotherapy 

[60]. Two parameters were required and optimized using cross-validation of the training 

data; the penalty parameter, C, also called the cost or soft margin which controls model 

overfitting, and sigma which controls the degrees of non-linearity.  
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5.3.6.6 Multivariate adaptive regression splines 

Multivariate adaptive regression splines (MARS) (or enhanced adaptive regression through 

hinges) is an extension of a linear model that includes nonlinearities, as developed by 

Friedman [135]. MARS is capable of automatically producing local models by partitioning 

the hyperspace of candidate features into separate regions. In each region, a linear 

relationship is used to characterize the impact of features on the response producing a 

locally-linear model. The points at which the local model changes are called ‘hinges’ which 

indicate the end of one region of the space and the start of another with its own distinct local 

model. To prevent the model from overfitting the data, a pruning process is implemented 

which involves searching for the trade-off between complexity and error based on a 

backwards elimination feature selection procedure that looks at reductions in the cross-

validation estimate of error.  

 

5.3.7 Model building 

5.3.7.1 100 iterations of 10-fold cross-validation 

To evaluate the power of the predictive models, stratified ten-fold cross-validation was 

utilized (Fig. 5-2). Briefly, the patients were randomly divided into ten folds with the 

number of patients with an event approximately equal in all folds. The development of the 

model was performed by using 9 folds and validation on the tenth. The development-

validation was executed in ten rounds. Each fold was used exactly once as the validation 

data. Setting aside one fold for validation produced an unbiased estimate of model 

predictive power as the patients in the validation fold were not used to develop the model. 

This experiment of partitioning the data into ten and performing ten-fold cross-validation 

was repeated for a total of 100 iterations using different random seeds. Large iterations 

prevent selection bias that could occur if only one 10-fold cross-validation was performed 

and to obtain a representative set of models [136]. The process was performed for all six 

statistical-learning strategies using exactly-matched random seeds resulting in 1000 

models based on unique development-validation combinations. 

 

5.3.7.2 Synthetic minority over-sampling technique (SMOTE) 

The event rates for grade 2 and longitudinal haematuria, and grade 2 dysuria, were small 

(<10%) requiring a different modelling approach. First, the data were divided into 3 folds 

maintaining approximately equal number of events in each fold. For each fold separately, 

the synthetic minority over-sampling technique (SMOTE) introduced by Chawla et al. [137] 

was utilized to generate new instances of the minority class based on 5 randomly chosen 
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nearest neighbours. The generation of synthetic instances were balanced by under-

sampling of negative instances to produce a ratio of 1 positive instance to 9 negative 

instances. 10% positive instances were considered reasonable to raise the weight of the 

minority class without excessive generation of synthetic instances. 3-fold cross-validation 

was performed with two folds for development and the third for validation in each run. The 

process was repeated 333 times to produce 999 models for each endpoint-strategy 

combination.  
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Figure 5-2: Model building process using 100 iterations of 10-fold cross-validation. For endpoints with 
event rate <10%, a synthetic minority over-sampling technique was also implemented. Please refer to 
text for details. 
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5.3.7.3 Parameter optimization 

Each of the statistical-learning strategies requires several parameters to be set up to 

optimally construct the model (Table 5-2). Where required, the optimal parameters were 

estimated via 3 iterations of 10-fold cross-validation, performed using only data from the 

development fold, through an exhaustive grid search of a predefined parameter search 

space (Table 5-2). The optimum parameters were selected based on oneSE method [138]. 

The model building was performed and streamlined using caret [139] in R [95] based on 

these packages; MASS [134], glmnet [140], nnet [134], kernlab [141], randomForest [142] 

and earth (http://cran.r-project.org/package=earth). 

 

Table 5-2: Modelling parameters  

 

Method Modelling 
parameter 

Note 

Logistic regression none  
Support Vector Machines  sigma  controls the degrees of non-

linearity  
C  cost, controls model overfitting  

C =  
Neural Network size  number of hidden units 

size = [1,2…5] 
 weight decay  regularization parameter  

weight decay = [0, 10-4, 10-1] 
Random forest number of 

trees  
fixed to 1000 

 m  number of randomly selected 
features  
m = [1, 2…16, 33] 

Elastic-net alpha  mixing percentage  
alpha = [0.1, 0.2… 1] 

 lambda  regularization parameter  
lambda = [0.1, 0.2…1] 

Multivariate adaptive 
regression splines 

degree  interaction terms – fixed to 1 

 

5.3.7.4 Feature selection and feature importance 

Logistic regression, elastic-net, MARS and random forest models do not necessarily utilize 

all predictors and can thus be described as having built-in feature selection. For neural 

network and support-vector machine feature selection based on recursive feature 

elimination, a wrapper method which adds and/or removes predictors to find the optimal 

combination that maximizes the AUROC, was performed. For each model, the top five 

features (or less in instances where <5 features were included in the final model) were 
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determined using model-based technique for measuring variable importance; random 

forest using permutation method in randomForest package[133], logistic regression and 

elastic-net using the coefficients, MARS using generalized cross-validation estimate of error 

reduction when each a feature is added to the model. For neural network and support vector 

machine with feature selection external to the modelling process, the ranking method used 

in recursive feature elimination was used to determine feature importance.  

 

5.3.8 Model comparison 

To compare the power of the statistical-learning strategies outlined above, the area under 

the receiver operating characteristic curve (AUROC) was evaluated. The AUROC is a 

common method to assess the power of a binary statistical-learning strategy as its 

discrimination threshold is varied across all cut-off values. AUROC can take a value between 

0 and 1; an AUROC of 1 represents a perfect classification prediction; 0.5 represents a 

classification with discrimination no better than random; 0 represents a model with all 

validation instances predicted with a wrong label. In total, 1000/999 models were derived 

for each learning strategy with a matching subset of patients for both model development 

and validation. However, the utilization of all matched models in a two-tailed matched-pair 

t-test would provide the power to resolve a very small difference between strategies 

producing statistical significance even for small differences. Therefore, based on the 

distributions of the resultant models (population mean and standard deviation), α error 

probability of 0.05, power of 0.95 and correlation between models, the appropriate sample 

size for each comparison was calculated to detect a mean AUROC difference between 

models of 0.05 (arbitrarily chosen as a threshold point for a meaningful difference). The 

first required model pairs were sampled for comparisons. Correlations between the 

predictive powers of the models using different statistical-learning strategies were 

calculated using Spearman correlation.   

 

5.4 RESULTS  

5.4.1 Description of study sample 

A statistical summary of the features, including the standard deviation and number of 

missing data for each feature, is available in Table 5-3. Event rates for the twelve endpoints 

range from 2.3% for haematuria grade ≥2 to 76.1% urinary frequency grade≥1 (Table 5-4). 

Longitudinal haematuria and dysuria grade≥2 have low event-prevalence (<10%).  
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Table 5-3: Distribution of clinical features. Continuous distributions are specified as mean ± standard 
deviation (range), categorical variables are specified as number of patients (%). Missing data were 
replaced with the median for continuous and mod for categorical features.  

 

Factors  Missing  
Physical & Trial factors   
Age 69 ± 7(49-85) years 3 
BMI 27.98 ± 4.12  

(17.17-45.77) kg/m2 
22 

ECOG Performance Status (=1) 123 (16%) 1 
Comorbidities   
Cardiovascular condition 217 (29) 0 
Peripheral vascular condition 44 (6) 0 
Cerebrovascular condition 37 (5) 0 
Hypertension 353 (49) 1 
Dyslipidaemia 248 (33) 2 
Type 2 diabetes 92 (12) 2 
IDDM 14 (2) 0 
Respiratory disorder  99 (13) 0 
Bowel disorder 91 (12) 1 
Dermatological disorder 52 (7) 1 
Collagen disorder 15 (2) 1 
Bone or calcium metabolism disorder 66 (9) 1 
Haematological disorder 11 (1) 1 
Thyroid disorder 24 (3) 1 
Medication intake   
Insulin 14 (2) 6 
Hypoglycaemic agents 55 (7) 7 
ACE Inhibitor 240 (32.1) 8 
Statin 221 (29.6) 8 
Steroids 24 (3) 8 
NSAID 136 (18.2) 6 
Anti-coagulant 120 (16.0) 6 
Antioxidants, flavonoids, phyto-
oestrogens or selenium 

25 (3) 17 

Lifestyle factors   
Smoking status Never 274 (36) ;  

Previous 380 (50) ;  
Current 99 (13) 

1 

Alcohol intake  None 100 (13) ;  
Occasional 279 (37) ;  
Regular 370 (49) 

5 

Abbreviations; OR- Odds ratio; BMI - body mass index; ECOG - ECOG Performance Status; 

IDDM – insulin dependent diabetes mellitus; ACE - angiotensin-converting-enzyme; NSAID 

– non-steroidal anti-inflammatory drugs;  PC- principal component. 
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Table 5-4: The distribution of events for atomized symptoms (dysuria, haematuria, incontinence and 
frequency) based on three definitions (peak grade≥1, peak grade≥2 and longitudinal). 

 Event Non-event % of event 
Dysuria    
Peak grade≥1 153 592 20.5 
Peak grade≥2 53 693 7.1 
Longitudinal 97 649 13.0 
Haematuria    
Peak grade≥1 101 645 13.5 
Peak grade≥2 17 729 2.3 
Longitudinal 26 720 3.5 
Incontinence    
Peak grade≥1 218 528 29.2 
Peak grade≥2 91 655 12.2 
Longitudinal 117 629 15.7 
Frequency    
Peak grade≥1 568 178 76.1 
Peak grade≥2 216 530 29.0 
Longitudinal 434 312 58.2 

 

5.4.2 Comparison of predictive power 

Logistic regression, elastic-net, random forest, MARS and SVM were the highest-performing 

statistical-learning strategies in 3, 3, 3, 2 and 1 endpoints, respectively (Fig. 5-3). In 7 

endpoints, the differences relative to one or more other strategies were not statistically 

significant. Logistic regression, MARS, elastic-net, random forest, neural network and 

support-vector machine were the best, or were not significantly-worse than the best, in 7, 

7, 5, 5, 3 and 1 endpoints, respectively. The best-performing statistical model was for 

dysuria grade≥1 with AUROC ± standard deviation of 0.649 ± 0.074 using MARS, followed 

by longitudinal frequency using logistic regression (0.647 ± 0.057) and dysuria grade≥1 

using logistic regression (0.644 ± 0.080). 

 

The predictive power of the statistical models was dependent on the endpoint in question. 

Two endpoints with the highest average AUROC across all statistical-learning strategies 

were grade≥1 dysuria (0.634 ± 0.081) and longitudinal frequency (0.624 ± 0.069). 

Endpoints with the lowest average AUROC were haematuria longitudinal and grade≥2 

(0.493 ± 0.110 and 0.479 ± 0.097). Dysuria (grade ≥1), incontinence (grade ≥1 and 

longitudinal) and all frequency endpoints were less dependent on the model used (i.e. no 

significant difference between at least 3 models). For longitudinal frequency and dysuria 

grade≥1, all strategies produced AUROC>0.6 while all haematuria endpoints and 

longitudinal incontinence models produced AUROC<0.6.   
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Figure 5-3: Predictive performance for the statistical-learning strategies for urinary symptom endpoints 
and the standard deviations based on 1000 models.  

 

 

 

Note: AUROC – area under the receiver operating curve; ^ model with the highest, * not 

significant worse than the highest AUROC for the endpoint. G1: grade ≥1; G2: grade ≥2; 

Long: longitudinal.   
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5.4.3 Correlations of predictive power 

The correlation between the predictive power of the models using different statistical-

learning strategies revealed a pattern. The correlation was highest between elastic-net and 

logistic regression; both of which are variations of generalised linear models (Fig. 5-4). The 

correlations were dependent on the endpoints, generally higher for dysuria grade≥1, 

frequency grade≥2, and longitudinal frequency. These were also the endpoints that resulted 

in better predictive power overall (average>0.6) and smaller standard deviation.  

 

Figure 5-4: Correlation between predictive performance using different statistical-learning strategies 
(Spearman rho, ρ) 
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5.4.4 Feature importance 

The important features for endpoints were found to share many similarities between 

different learning strategies Table 5-5. Common predictors were found to be less 

substantial for haematuria endpoints. 
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Table 5-5: Feature importance based on statistical learning strategies.  
       

 Logistic MARS Elastic-
net 

Neural 
network 

Random 
forest 

Support 
vector 
machine 

Dysuria 
Grade 1 

      

1 Bowel dis. Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

2 Smoking 
status 

Bowel dis. Bowel dis. EUD4 Bowel dis. EUD4 

3 BMI BMI NSAIDs EUD8 ECOG EUD8 
4 Pre-treat. 

symp. 
NSAIDs ECOG Bowel dis. EUD1 Bowel dis. 

5 NSAIDs Smoking 
status 

EUD4 BMI NSAIDs BMI 

Grade 2       

1 Pre-treat. 
symp. 

Pre-treat. 
symp. 

Bowel dis. Pre-treat. 
symp. 

BMI Pre-treat. 
symp. 

2 dyslipidae
mia 

Smoking 
status 

Pre-treat. 
symp. 

Bowel dis. Age dyslipidae
mia 

3 Bowel dis. Bowel dis. Smoking 
status 

Smoking 
status 

EUD1 BMI 

4 BMI BMI dyslipidae
mia 

D75 Gy PTV Bowel dis. 

5 Smoking 
status 

EUD1 BMI BMI EUD4 Smoking 
status 

Longitudi
nal 

      

1 Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

2 BMI Cerebrova
s. cond 

Cerebrova
s. cond. 

BMI Cerebrovas. 
cond. 

BMI 

3 ACE-
inhibitor 

EUD4 Bowel dis. Cerebrovas. 
cond. 

EUD1 EUD8 

4 EUD8 EUD1 Smoking 
status 

Smoking 
status 

EUD16 EUD16 

5 EUD16 Bowel dis. ACE-
inhibitor 

Cardiovas. 
cond. 

EUD8 ACE-
inhibitor 

Haematur
ia 
Grade 1 

      

1 PTV EUD1 Bowel dis. Age EUD4 PTV 
2 Statin 

intake 
Bowel dis. Statin 

intake 
Bowel dis. EUD1 Statin 

intake 
3 BMI Statin 

intake 
EUD4 medcoag EUD8 Age 

4 EUD1 Age EUD1 Cerebrovas. 
cond. 

EUD16 BMI 

5 Age EUD24 PTV PTV Type 2 
diabetes 

dyslipidae
mia 

Grade 2       

1 EUD24 EUD24 BMI BMI BMI EUD24 
2 BMI EUD16 PTV PTV PTV BMI 
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3 PTV EUD8 Statin 
intake 

Statin 
intake 

EUD24 Statin 
intake 

4 Statin 
intake 

EUD4 Bowel dis. Age EUD16 PTV 

5 EUD16 BMI periyn EUD24 EUD4 EUD16 
Longitudi
nal 

      

1 dyslipidae
mia 

EUD16 dyslipidae
mia 

D75 Gy BMI dyslipidae
mia 

2 Statin 
intake 

EUD24 BMI Smoking 
status 

EUD24 Statin 
intake 

3 BMI BMI Statin 
intake 

dyslipidae
mia 

Age BMI 

4 EUD16 dyslipidae
mia 

Respirat. 
cond. 

Hypertensi
on 

EUD16 Age 

5 Age EUD8 Smoking 
status 

ECOG PTV EUD16 

Incontine
nce 
Grade 1 

      

1 Age Age Pre-treat. 
symp. 

Pre-treat. 
symp. 

Age ECOG 

2 ECOG Pre-treat. 
symp. 

Cerebrova
s. cond. 

Cardiovas. 
cond. 

Pre-treat. 
symp. 

Age 

3 BMI Cerebrova
s. cond. 

ECOG Cerebrovas. 
cond. 

Cerebrovas. 
cond. 

BMI 

4 Pre-treat. 
symp. 

Hypertens
ion 

BMI EUD1 Hypertensi
on 

Pre-treat. 
symp. 

5 dyslipidae
mia 

ACE-
inhibitor 

Age BMI BMI dyslipidae
mia 

Grade 2       

1 Age Pre-treat. 
symp. 

Pre-treat. 
symp. 

Cerebrova
s. cond. 

Pre-treat. 
symp. 

Age 

2 Pre-treat. 
symp. 

Cerebrov
as. cond. 

Cerebrov
as. cond. 

Pre-treat. 
symp. 

EUD24 Pre-treat. 
symp. 

3 Cerebrov
as. cond. 

EUD24 Alcohol 
intake 

EUD24 Cerebrova
s. cond. 

Cerebrov
as. cond. 

4 Hypertens
ion 

Age Age Age EUD16 Hypertens
ion 

5 ACE-
inhibitor 

EUD1 Hypertens
ion 

D75 Gy PTV ACE-
inhibitor 

Longitudi
nal 

      

1 Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

BMI 

2 BMI BMI BMI Cerebrovas. 
cond. 

EUD8 Pre-treat. 
symp. 

3 Age Age Bone dis. Age BMI Age 
4 ACE-

inhibitor 
EUD8 Cerebrova

s. cond. 
BMI Cerebrovas. 

cond. 
ACE-
inhibitor 

5 Respirat. 
cond. 

Cerebrova
s. cond. 

ACE-
inhibitor 

EUD1 EUD1 Respirat. 
cond. 
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Frequenc
y 
Grade 1 

      

1 Risk 
category 

Age Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

2 Age Pre-treat. 
symp. 

Age Age ECOG Age 

3 Pre-treat. 
symp. 

EUD4 Risk 
category 

Risk 
category 

Age Risk 
category 

4 Bone dis. EUD8 Dermat. 
dis. 

Bone dis. Risk 
category 

PTV 

5 Statin 
intake 

EUD1 Bone dis. Statin 
intake 

EUD1 NSAIDs 

Grade 2       

1 Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

2 Age Age ECOG Age Age Age 
3 EUD4 BMI Age ECOG BMI EUD4 
4 EUD1 EUD1 EUD4 EUD1 ECOG EUD1 
5 EUD8 EUD16 EUD1 Hypoglycae

mic agents 
Hypoglycae
mic agents 

EUD8 

Longitudi
nal 

      

1 Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

Pre-treat. 
symp. 

2 EUD1 Age Risk 
category 

Risk 
category 

EUD4 EUD1 

3 EUD4 EUD4 Age Age EUD1 Age 
4 Age EUD1 EUD1 EUD4 PTV Risk 

category 
5 Risk 

category 
EUD8 ECOG dyslipidae

mia 
Age EUD4 

 

5.5 DISCUSSION 

 

The prediction of urinary symptoms is uniquely challenging; patients treated for prostate 

carcinoma tend to from older portions of the population and subject to myriads of urinary 

symptoms which may or may not be related to the treatment. This introduces noise to post-

treatment urinary assessment. Together with the paucity of available urinary toxicity data, 

this makes the availability of an optimal learning strategy to improve prediction crucial. 

This study builds upon a developing body of literature suggesting the improvement of 

prediction capabilities of different statistical-learning strategies which may be an avenue 

for improvement in the prediction and alleviation of post-treatment urinary-symptoms.  

 

Compared to most studies related to the use of statistical-learning strategies in the 

prediction of toxicity outcome in radiotherapy, this work considered a wider range of 
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endpoints. The advantages of using more than one endpoint are at least twofold; first, to 

provide a selection of datasets that represent the full urinary-symptom modelling problem 

domain. Readers may appreciate the differences between learning strategies through the 

use of atomized symptom types and diverse definitions of symptom grade (peak grade≥1, 

peak grade≥2 and multiple grade≥1). Peak grade≥1 provides a larger number of events 

while subjected to more noise while peak grade≥2 provides a significantly-smaller number 

of events and potentially less noise. The longitudinal grade≥1 tries to compensate for the 

large potential of noise associated with grade 1 symptoms by incorporating the persistence 

of symptoms. Second, hypothetically, if only one of the twelve endpoints was reported, the 

superiority of one learning strategy can be spuriously concluded. Having more 

endpoints/datasets provides a stronger base for a reasonable conclusion [131]. Utilization 

of more than one endpoint in studies assessing/implementing different learning strategies 

in the field of radiotherapy is rare. 

 

It was shown that logistic regression and MARS are most likely to be the best-performing 

learning strategies for the prediction of urinary symptoms. The conclusion was based on 

model fitting to a data set comprised of a large number of patients with different event rates 

for the three definitions of dysuria, haematuria, urinary incontinence and frequency. The 

superiority of a relatively simple and widely used method like logistic regression is in 

contrast to many observations from other studies in radiotherapy outcome modelling. 

There are also other instances where more recently-developed statistical-learning 

strategies failed to substantially improve prediction accuracy over simpler methods [143, 

144]. Logistic regression and MARS along with elastic-net provide clear and reasonably 

unambiguous models. They use well-established probabilistic frameworks. Estimates 

describing each of the factors included in the final model provide high interpretability and 

straightforward inference for the important features which may be used as the basis for 

decision making. 

 

Random forest, which have been shown in many occasions to be a superior classification 

strategy [145, 146] including in the context of predictive modelling in radiotherapy,[65] 

only performed modestly in this analysis. One of the most recent examples was the use of 

random forest in the prediction of rectal bleeding. The authors reported significant 

improvement of random forest model over Lyman-Kutcher-Burman (LKB) model and 

logistic regression despite a modest cross-validated AUROC difference (validation AUROC: 

0.68 vs 0.64 and 0.65, respectively) [65]. Due to the relatively small difference between a 

random forest model and logistic regression, it might be argued that the superiority of 
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random forest could be endpoint-specific or found by chance. Both support-vector machine 

and neural network are more commonly used learning strategies in the prediction of 

radiotherapy toxicity outcome. Neural network is probably one of the first contemporary 

learning strategy explored for its potential in radiotherapy toxicity-prediction models [56]. 

Since then, many studies have successfully utilized both neural network and support-vector 

machine in other toxicity-prediction problems [54, 55, 57, 58, 60]. Despite the significantly-

lower predictive-power for support-vector machine and neural network, it is acknowledged 

that only the ‘vanilla’ variants were implemented in this study. There are improvements of 

the methods suggested in the literature that were not implemented here which may have 

negatively impacted the result, unfairly discrediting the strategies [147]. Thus, it may not 

be appropriate to conclude the overall inferiority of the strategies but rather only the 

specific variants used in this study. However, the decision to not include many variants of 

support-vector machine and neural network was based on the assumption that the basic 

algorithms should suffice to show improvements, if any, to a more conventional strategy 

like logistic regression. 

 

Comparisons of different learning strategies have previously been conducted by others 

using field-specific datasets, many of which have shown significantly-better predictive 

power than the more conventional alternatives. Boulesteix et al. [148] have argued that 

researchers were inclined to be over-optimistic with respect to the advantages of the new 

strategies they are reporting. This can be in the form of over-optimization of the reported 

strategy’s parameters. Thus, the superiority of contemporary learning-strategies should be 

considered with caution. As there are hundreds of different strategies available for 

researchers’ use, either conceptually-unique or variants of established learning-strategies, 

the use of these strategies without a reasonable justification may potentially cause over-

fitting where the strategy in question may perform well in the specific dataset at hand while 

it may not be generalizable to other datasets.  

 

From the above results, there is a compulsion to discourage the use of more complex 

modelling strategies. However, specific problems may benefit from specific statistical-

learning strategies on the basis of the properties of the associated information – such as 

better treatment of missing data, computational efficiency, and the presence of sparse 

events or sparse features which may benefit from one specific strategy. For example, 

compared to logistic regression, random forest does not require feature selection and 

requires very minimal tuning/optimization.  
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Even though the improvements afforded from the implementation of different statistical-

learning strategies were seen in certain endpoints, the overall predictive power remained 

modest which may limit the applicability of the models. Several endpoints studied in this 

analysis showed a substantially better model performance regardless of the statistical 

learning strategies used. These endpoints have higher performance correlation between 

models and more common important features suggesting that these endpoints have less 

complex relationships with strong features in the feature pools. These common important 

features may be used as a basis for integration into clinical decisions. Some endpoints have 

poor performance regardless of the strategy used suggesting that features included in the 

feature pools did not produce satisfactory predictive power even with extensive dosimetric, 

comorbidities and medication-intake information available. There are several explanations 

for the low predictive-power achieved for the derived models; first, predictors for urinary 

toxicity following radiotherapy are known to be elusive partially due to bladder volume 

variability and other unresolved issues [22]. In addition to the difficulty in assessing urinary 

symptoms specifically related to radiotherapy in the context of elderly patients with 

otherwise-increasing rates of urinary symptoms and symptoms related to prostatic 

hyperplasia, the pathophysiological processes involved are still not well understood. 

Second, despite the attempt to generate synthetic instances in this analysis, the paucity of 

events for certain endpoints may require a more specific learning strategy specifically 

designed for that purpose including RUSboost [149]. 

 

The challenge to improve predictive models for urinary symptoms remains open. The 

availability of strong features is key in the construction of a predictive model. There are 

suggestions that specific dose-surface maps, which take into consideration the spatial 

information of the dose, have stronger relationships to post-treatment effects than 

dosimetric indices derived from the dose-surface histogram alone [150]. The inclusion of 

the maps in the potential predictor pool may provide the predictive power necessary for a 

clinically-useful model.  

 

5.6 CONCLUSION 

In the context of urinary-symptom predictions, logistic regression and MARS were most 

likely to be the best-performing strategies for the prediction of urinary symptoms. The 

predictive power was modest – models are in need of new features including spatial 

descriptions of the dose distribution to achieve better predictive capability.  
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6 INDEPENDENT EXTERNAL VALIDATION OF PREDICTIVE 

MODELS FOR URINARY DYSFUNCTION FOLLOWING 

EXTERNAL BEAM RADIOTHERAPY OF THE PROSTATE: 
ISSUES IN MODEL DEVELOPMENT AND REPORTING 

 

Yahya N, Ebert MA, Bulsara M, Kennedy A, Joseph DJ, Denham JW:  Independent external 

validation of predictive urinary symptoms models following external beam 

radiotherapy of the prostate: issues in model development and reporting – in press, 

Radiotherapy & Oncology.  
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6.1 ABSTRACT 

 

Background and Purpose: Most predictive models are not sufficiently validated for 

prospective use. We performed independent external validation of published predictive 

models for urinary dysfunctions following radiotherapy of the prostate. 

 

Materials/Methods: Multivariable models developed to predict atomised and generalised 

urinary symptoms, both acute and late, were considered for validation using a dataset 

representing 754 participants from the TROG 03.04-RADAR trial. Endpoints and features 

were harmonised to match the predictive models. The overall performance, calibration and 

discrimination were assessed. 

 

Results: 14 models from four publications were validated. The discrimination of the 

predictive models in an independent external validation cohort, measured using the area 

under the receiver operating characteristic (ROC) curve, ranged from 0.473 to 0.695, 

generally lower than in internal validation. 4 models had ROC >0.6. Shrinkage was required 

for all predictive models’ coefficients ranging from −0.309 (prediction probability was 

inverse to observed proportion) to 0.823. Predictive models which include baseline 

symptoms as a feature produced the highest discrimination. Two models produced a 

predicted probability of 0 and 1 for all patients. 

 

Conclusions: Predictive models vary in performance and transferability illustrating the 

need for improvements in model development and reporting. Several models showed 

reasonable potential but efforts should be increased to improve performance. Baseline 

symptoms should always be considered as potential features for predictive models. 

  



 

133 

 

6.2 INTRODUCTION 

 

Predictive models can be useful guides in clinical decision making, either diagnostic or 

prognostic, and have been utilised in many medical domains. For radiotherapy treatment, 

predictive models can estimate the risk of developing a particular dysfunction. On the basis 

of such predictions, adjustments can be made to treatment plans to minimise risk, 

preventive strategies can be optimally selected and patients may have the ability to 

participate in the decision making process. Recently, there has been a transition from 

traditional explanatory research to predictive modelling research. Such a transition can 

provide a clearer route to clinical adaptation including through multifactorial decision 

support systems [151, 152]. Viswanathan et al. in the Quantitative Analysis of Normal 

Tissue Effects in the Clinic (QUANTEC) report relevant to urinary dysfunction, have noted a 

paucity of quantitative models [20]. Since the report in 2010, several predictive models have 

been developed. 

 

In many instances, derived models have been internally validated, usually through 

bootstrapping or cross-validation algorithms. This process helps to provide a more accurate 

estimate of model performance if used prospectively [67]. Despite the assurance, internal 

validation is limited by similarities, such as in terms of treatment preferences, in the 

development cohort which may result in overoptimism of model performance. 

 

Validation using datasets external to the one used in the development process would allow 

the reproducibility and exportability of the models to be evaluated. Quite frequently, the 

external validation was performed by the same group who developed the models and 

usually the models were developed and externally validated in the same study (e.g. [153]). 

This development-validation sequence has a major advantage in providing a more accurate 

estimate of the actual performance of the models than by internal validation and in ensuring 

both the development and validation cohorts are completely harmonised. However, this 

sequence suggests that the modellers were not blinded to the validation datasets which may 

lead to certain biases. For example, it is possible for the modellers to overfit the feature 

selection process by cross-checking the resultant external validation performance. To 

reduce this bias, an independent external validation is needed.  

 

In this analysis, we performed an independent external validation of predictive models 

available in the literature focusing on urinary symptoms following external beam 
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radiotherapy of the prostate. Data from patients accrued to the Trans-Tasman Radiation 

Oncology Group (TROG) 03.04 trial of Randomised Androgen Deprivation and Radiotherapy 

(RADAR-NCT00193856) were utilised [79, 81]. The potential improvements to be made in 

predictive model development and validation were then discussed based on this exercise.  

 

6.3 MATERIALS AND METHODS 

6.3.1 Urinary symptoms predictive models 

The Scopus database was searched by use of the text words in the article title, abstract and 

keywords: bladder AND *urinary AND prostate AND radiotherapy AND predict* AND 

(toxicity OR symptom) on 5 Feb 2016. The search results were then limited to article only 

and in the field of medicine. The abstracts were reviewed by NY and MAE to search for 

predictive models for urinary symptoms following external beam radiotherapy of for 

prostate cancer.  

 

The predictive models were used to assign the probability of symptoms in the validation 

cohort through the coefficient estimates provided in the publications. If the estimates were 

not provided, authors were contacted or the provided nomograms used. Due to potential 

errors associated with translating graphical representation of the models, i.e. nomograms, 

into numbers, coefficient estimates were preferred. In a potentially erroneous report of 

coefficients, authors were contacted for confirmation.  
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Table 6-1: List of considered predictive models for urinary symptoms following external beam 
radiotherapy of the prostate, the event rate in the development cohort and the corresponding event rate 
in the validation cohort. 

 

Publication Model Event rate 
  Development Validation 
Matheiu et al.  [38]    
 A. Global late urinary toxicity 

grade ≥2 
183/965  272/746  

 B. Late urinary frequency 
grade ≥2 

92/965 216/746 

 C. Late dysuria grade ≥2 36/965 53/746 
De Langhe et al. [41]    
 D. Late haematuria 2+* 36/262 17/746† 
 E. Late nocturia grade 2+* 29/264 166/748‡ 

Cozzarini et al. [154] §    

 F. Acute feeling of incomplete 
bladder emptying 

18/231 104/678 

 G. Acute frequency 35/220 204/653 
 H. Acute intermittency 22/260 114/660 
 I. Acute urgency 32/219 184/652 
 J. Acute weak stream 44/221 157/614 
 K. Acute straining 19/248 79/695 
 L. Acute nocturia 42/229 260/643 

Palorini et al. [155] ¶    

 M. Acute increase of IPSS 
score ≥10 

77/380 255/718 

 N. Acute increase of IPSS 
score ≥15 

28/380 131/718 

 

Note: * - ≥2 increase of grade, † - based on LENT-SOMA, ‡ - derived from IPSS questionnaire 

Question 7, § - patients with baseline ≥4 were removed from analysis, ¶ - patients with 

baseline ≥20 were removed from analysis 

 

6.3.2 Patients and treatments for validation cohort 

754 participants received 3-dimensional conformal external beam radiotherapy (without a 

brachytherapy boost) to either 66, 70 or 74 Gy and had complete bladder dose data 

collected, comprising a digital treatment plan export including axial computed tomography 

(CT) images and associated planned dose matrix [79, 81]. RADAR collected extensive dose 

features, clinical and treatment-related factors. Associations of these factors to specific post-

treatment symptoms of complications have been reported in previous publications [72, 84, 

122, 156]. Specific to urinary symptoms, predictors for atomised urinary symptoms using 

dose, clinical and medication intake features have been previously discussed [72, 122].  

 



136 

 

6.3.3 Harmonisation of endpoints 

Patients accrued by RADAR used as the validation cohort were assessed for urinary problem 

at baseline and at the end of radiotherapy using physician-assessed LENT-SOMA [93] and 

the International Prostate Symptom Score (IPSS) questionnaire.  Patients were routinely 

followed up every three months for 18 months, then six-monthly up to five years and then 

annually where urinary symptoms were assessed using LENT-SOMA [93]. Patients were 

asked to complete the International Prostate Symptom Score (IPSS) questionnaire at 12, 18, 

24, 36 and 60-month follow-up post-randomisation. The median follow-up for RADAR is 72 

months. Urinary symptom endpoints were extracted from the RADAR database matching 

the definition of endpoints found in the report of the predictive models. In instances where 

there were no similar endpoints collected from RADAR, equivalent endpoints were derived. 

 

6.3.4 Harmonisation of features 

The features used in each of the predictive models were matched to fields from the RADAR 

database. If similar features were not available, the closest equivalent features were 

selected. In instances where equivalent features were not available, alternative models 

reported in the studies were used. Only relevant features matching the ones used in the 

predictive models validated in this study will be reported.  
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Table 6-2: Comparison of distribution of features between the model development cohort and model 
validation cohort. Categorical features are specified as percentage; continuous features are specified to 
match the summary statistics used in the model development report.  
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Model Feature Symbol Development Validation 
A Anti-coagulant 

treatment 
x1 21% 16% 

A, B, C Total dose (Gy) x2 65 Gy – 15%; 
70 Gy – 44%; 
80 Gy – 41% 

66 Gy – 13%;  
70 Gy – 56%;  
74 Gy – 30% 

B Diabetes x3 7% 13% 
D Bladder volume 

receiving ≥ 70 Gy (cc) † 
x4 No haematuria 

–  
5 (0-22) 

0 (0-63) 

   Haematuria – 
8 (1-22) 

0 (0-0) 

D Prior TURP x5 14.9% 11.5% 
E Clinical target volume 

(cc) † 
x6 No nocturia –  

41 (7-129) 
49 (15-199) * 

   Nocturia –  
54 (17-127) 

46 (20-147) * 

E Min dose to clinical 
target volume (Gy) † 

x7 No nocturia –  
72 (64-79) 

67 (4-82) * 

   Nocturia –  
73(67-78) 

67 (52-73) * 

F, G, H, I, K Smoke x8 16.4% 13% 
G Age† x9 71 (46-82) 70 (49-85) 
H Neoadjuvant hormonal 

therapy 
x10 51.9% 100% 

J Anti-hypertensives  x11 47.3% 49%* 
J Irradiation of seminal 

vesicle 
x12 61.5% 38% 

G, H Absolute weekly DSH at 
12.5 Gy (cm2) ‡ 

x13 NA 0 

I Absolute weekly DSH at 5 
Gy (cm2) ‡ 

x14 NA 97 (77-120) 

L Absolute weekly DSH at 
11.5 Gy (cm2) ‡ 

x15 NA 0 

F Baseline Q1 x16 NA 0 – 57%; 1 – 
26%;  
2 – 10%; 3 – 
8%  

G Baseline Q2 x17 NA 0 – 30%; 1 – 
40%;  
2 – 17%; 3 – 
13% 

I Baseline Q4 x18 NA 0 – 58%; 1 – 
27%;  
2 – 10%; 3 – 
5% 

J Baseline Q5 x19 NA 0 – 50%; 1 – 
28%;  
2 – 13%; 3 – 
10% 
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K Baseline Q6 x20 NA 0 – 76%; 1 – 
17%;  
2 – 5%; 3 – 
2% 

L Baseline Q7 x21 NA 0 – 12%; 1 – 
45%;  
2 – 27%; 3 – 
16% 

M, N Neoadjuvant hormonal 
therapy 

x22 56% 100% 

M Planning target volume‡ x23 129 (95-169) 183 (152-
225) 

M Absolute weekly DSH at 
8.5 Gy (cm2) ‡ 

x24 56 (41-81) 54 (43-67) 

M Age (years) ‡ x25 71 (67-75) 70 (64-74) 
M Hypertension x26 54% 49% 
M, N Use of cardiovascular 

drug 
x27 34% 29%* 

M Body mass index (kg/m2) 

‡ 
x28 26 (24-29) 28 (25-30) 

N Use of 
hypercholesterolemia 
drugs  

x29   16% 
 

30%* 

N Absolute weekly DSH at 
12 Gy 

x30 10 (0-30) 0 

 

*Definition varied from the development cohort, refer text for details; † - median (range); ‡ 

- median (interquartile range). Abbreviations: TURP - transurethral resection of the 

prostate; DSH - dose-surface histogram.   

 

6.3.5 Performance assessment 

The overall performance of the predictive models was measured using the Brier score.  The 

Brier score is the mean squared difference between actual and predicted outcome, which 

captures both discrimination and calibration aspects. The concordance statistic, which is 

identical to the area under the receiver operating characteristics (ROC) curve in a binary 

prediction problem, was used to assess the measure the discriminative ability of the 

predictive models. A calibration plot with the mean predicted probability in groups of 20 on 

the x-axis and observed group proportion on the y-axis was plotted for each model.  A 

prefect calibration should give a 45-degree line where the intercept is 0 and the calibration 

slope is 1. An intercept larger than 0 indicate prediction to be systematically too low and 

vice versa. A calibration slope of less than 1 indicates the need for coefficient shrinkage in 

the model. For a more comprehensive explanation of these measures, Steyerberg et al. is 

recommended [107]. The validation was performed as implemented in rms (version 4.4-1) 

in R 3.2.3 (The R Foundation for Statistical Computing, Vienna, Austria)  [95].  
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Table 6-3: Expressions for models D to N. Models A to C 

Model Model expressions; ln p/(1-p) =; where p is the probability of event 
D -3.67+0.40x4+1.43x5 
E -2.21+0.31x6+0.36x7 
F -3.11+0.50x16+1.15x8 
G -2.47+0.43x17+1.02x8+0.02x13 
H 0.57-0.06x9+0.72x8+0.04x13+1.10x10 
I -3.56+0.67x18+0.57x8+0.01x14 
J -3.43+0.47x19+0.57x11+0.76x12 
K -2.89+0.96x20+0.57x8 
L -4.26+1.31x21+0.02x15 
M 3.168-0.668x22+0.0015x23+0.008x24-0.056x25+0.470x26+0.007x27*x24-

0.060x28 
N -2.891+0.01x29*x30+0.007x27*x30-0.619x22+0.021x30 

Note: Refer Table 8.3 for definition of xi.   

 

6.4 RESULTS  

 

79 articles were found. Four articles [38, 41, 154, 155] were selected after excluding other 

articles because for one or more of these reasons; treated using brachytherapy (18) or 

protons (1), traditional explanatory studies (e.g. finding predictors, dosimetric constraints, 

comparisons between 3-dimensional conformal radiotherapy to intensity modulated 

radiotherapy) (42), using non-urinary endpoints (7), non-radiotherapy (5), machine 

learning study with no access to the final model (1) and our own (1). In total, 14 models 

were considered. Two of the studies produced predictive models for late urinary symptoms 

[38, 41] and another two for acute urinary symptoms [154, 155]. The studies and associated 

models are listed in Table 8.1. 

 

The endpoints for models from Mathieu et al. were based on the LENT-SOMA scale while 

models from Cozzarini et al. and Palorini et al were based on IPSS, both of which were 

directly comparable to the assessments used in the validation cohort [38, 154, 155]. De 

Langhe et al. used an in-house developed scoring system. The definition of haematuria was 

equivalent to the one used in the LENT-SOMA scale while the definition of nocturia was 

substituted using the increase of more than 2 points from baseline in question 7 of the IPSS 

questionnaire.  

 

The distribution of features relevant to the models are listed in Table 8.2. Gross target 

volume and the minimum dose to the volume were utilised in place of clinical target volume 

in model E because clinical target volume delineation was not mandatory within the RADAR 
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protocol [77]. The use of cardiovascular drugs and anti-hypertensive drugs in model J and 

M were substituted with cardiovascular disease and hypertension due to the lack of details 

of the type of drugs in the report. The use of anti-hypercholesterolemia was substituted to 

statin use in the validation cohort. For models from de Langhe et al., the alternative non-

SNP models were validated [41]. The use of 5-alpha-reductase inhibitors was not collected 

in the validation cohort for the validation of IPSS increase of ≥10, thus, the alternative model 

with seven predictors reported in the Supplementary Materials of the publication, was 

utilised [155]. A comparison of the distribution of features between development and 

validation cohorts revealed several differences (Table 8.2). Of note, the validation cohort 

has all patients treated with hormonal therapy and several dose features consist of zeros in 

the validation cohort. 

 

Model E predicted certainty of symptoms for all patients in the validation cohort. The 

clinical target volume (CTV) and minimum dose to the CTV in model E were found to have 

exceedingly high coefficients (Table 8.3) [41]. The predicted probability for a hypothetical 

patient with CTV and minimum dose to the CTV similar to the minimum in the original 

publication, expected to be very low, was also found to be 1. Authors did not respond to 

queries. Model N predicted the complete absence of symptoms in the validation cohort. All 

features in Model N (except hormonal therapy) have interaction terms to the feature 

quantifying the surface of the bladder receiving more than 12 Gy per week; a feature with 

all zeros for conventionally-fractionated treatment. All patients in the validation cohort 

received hormonal therapy [155]. 

 

Brier scores for models C and D were found to be the best (closest to 0). Based on the ROC 

curve, the performance of the predictive models was found to be not better or worse than 

random (i.e. ROC ≤.5) in several models (Table 8.3 & Fig. 8.1). Model L was found to be the 

most discriminative with an ROC of 0.695. Model F, G, I and L have ROC>0.6. Based on the 

graphical assessment of calibration, the predicted probability and  observed group 

proportion generally showed direct linearity for most models. Model B, C and D have slopes 

of <0 suggesting prediction probabilities were inverse to the observed proportions. Models 

F, G, I, L and M have an  intercept >0 suggesting that the models underpredict the symptoms 

in the validation cohort while the rest have an  intercept <0 suggesting overprediction. All 

slopes were ≠1 (ranging from -0.309 (prediction probability was inverse to observed 

proportion) to 0.823) requiring a shrinkage if they are to be used prospectively.  
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Table 6-4: Model performance based on internal validation and independent external validation. 

 

 Area under the receivers operating characteristic 
(ROC) curve 

Model Internal validation Independent external 
validation 

A - 0.512 
B - 0.482 
C - 0.473 
D 0.67 0.535 
E 0.60 - 
F 0.67 0.634 
G 0.63 0.605 
H 0.69 0.568 
I 0.69 0.606 
J 0.63 0.568 
K 0.59 0.594 
L 0.75 0.695 
M 0.67 0.567 
N 0.71 - 
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Figure 6-1: Calibration curves for predictions of models A to M on the validation dataset. Models E and N 
were not included (see text for details). The x-axis indicates the prediction obtained from the predictive 
models, and the y-axis indicates the observed proportions. Patients were divided into groups of 20 based 
on their predicted risk. The line of unity, at 45 degrees, represents ideal agreement between observed 
and predicted probabilities. The vertical lines at the bottom indicate the distribution of the predicted 
probability. 
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6.5 DISCUSSION 

This study provides independent external validation for recently published predictive 

models and nomograms for urinary symptoms following external beam radiotherapy of the 

prostate. This is the first independent external validation for multivariate models predictive 

of radiotherapy-related symptoms. 14 models were considered in this study elucidating the 

state of predictive performance of these models in an independent dataset and also 

illustrating improvements that should be considered in future model development 

processes. The current study focuses on symptoms of complications related to a specific 

organ-at-risk. The outcome and observations from this study, however, are applicable to 

predictive modelling of symptoms in other organs. 

 

Relative to the development cohorts, event rates in the validation cohort were found to be 

higher in most endpoints. Treatment practice has not been standardised across cohorts. 

Compared to the patients in the development models, all patients in the validation cohort 

were treated with hormonal therapy which has been repeatedly shown to increase urinary 

symptoms [157, 158]. Substantial numbers of patients were treated with 

prostatectomy[41] and with hypofractionation [154, 155] in the development cohorts, 

neither of which were used in the validation cohort. It may also be attributable to cultural 

and socioeconomic factors which have previously been shown to impact symptom reporting 

[159]. Different cohorts from different geographical locations may also have population 

specific genetic variants that may alter individual sensitivity to radiation [160]. The higher 

rate of late events for the validation dataset (RADAR) may also be attributed to detailed and 

frequent follow-up procedures. However, these explanations are rather speculative 

requiring more extensive investigation, perhaps by pooling the individual patient data in 

multivariate analysis before definitive dominant factors can be suggested. 

 

The models from Mathieu et al. were not internally validated. For other models, the 

resultant performance was lower in the independent external validation cohort than in 

internal validation for almost all models. The models from Cozzarini et al. produced the 

highest predictive performance in the validation cohort [154]. This can be attributed to the 

inclusion baseline symptoms as one of the features, a characteristic that distinguishes the 

models from Cozzarini et al. from other models validated in this study. The impact of 

baseline symptoms on the formation of post-treatment symptoms have been repeatedly 

shown [14, 23, 122]. Models from Palorini et al. and de Langhe et al. used relative symptoms 

by looking at the difference between the grade before and after the treatment [41, 155]. This 
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can be suboptimal given the difference between grade is not always linear and patients with 

higher baseline grades are less likely to reach a given grade difference due to symptom 

saturation [15]. These models may be improved by including the symptom baseline. Models 

from Matheiu et al. did not include the baseline symptoms possibly due to the lack of such 

information in the cohort [38]. 

 

In order for the models to be used as a tool for decision making, they need to be validated 

externally using an independent cohort and in prospective cohorts. To aid the process, 

modellers need to ensure the models can be easily applied to other cohorts through the use 

of reasonable features and unambiguous model descriptions [161]. The predictive model 

for nocturia from de Langhe et al. has unexpectedly high coefficients causing all patients in 

the validation cohort to have predicted probability of 1 [41]. It is suspected that the 

coefficients were erroneously reported. Cozzarini et al. and Palorini et al. produced models 

with dose factors described by “absolute bladder surface receiving more than (a certain 

dose)/week” [154, 155]. This was designed to take into account different dose fractionation 

for the patients in the cohort. The validation cohort and probably cohorts which may use 

the nomograms prospectively were/will be treated with conventional fractionation, thus, 

dose features above 10Gy/week are essentially zero. This may partially explain the 

discrepancies between the prediction probability based on the models of Cozzarini et al. and 

the observed proportion found in this validation study. Future studies aiming to develop 

predictive models should be encouraged to use a more standard form of dose description 

by converting it into equieffective dose in 2-Gy fractions [97]. Alternatively, models using 

features within the range of conventional fractionation correlated to the one used in the 

published models can be developed as a substitute. The applicability of the models can be 

further reduced with the use of interaction terms to these dose features, as seen in IPSS 

increase of ≥15 developed by Palorini et al., resulting in all zeros in the predicted probability 

[155]. It is common and advisable for models with interaction terms to also include the main 

effects which may remedy this problem of non-discriminative models [162].  

 

In some instances, the clinical features were not identical in the development and validation 

cohorts, requiring harmonisation. Meldolesi et al. have described an enticing proposition of 

the use of an umbrella protocol for standardised data collection which may result in more 

consistent datasets [163]. The use of in-house grading systems, potentially not optimally 

translatable to the standard grading systems, may also hamper validation and prospective 

application of the models. 
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Many studies were not included in this analysis due to the explanatory nature of the studies 

making the translation into predictive probability in other datasets impossible (e.g. [14, 15, 

23, 36, 164-166]. These studies, however, carry substantial important information on the 

impact of clinical, treatment and dosimetric features on the formation of urinary symptoms. 

A meta-analysis synthesising studies related to urinary symptoms to determine features 

consistently predictive can be performed as successfully done for radiation-induced 

pneumonitis [167].  

 

Despite limitations, several of the models developed have demonstrated reasonable 

predictive power in an independent external validation. The performance measured using 

the ROC was above 0.600 in several of the models with a maximum of 0.695. These values 

are better than most models based on dose features alone with ROCs of 0.51–0.64 in cross-

validation as recently found by Thor et al. [168]. However, it can be argued that the ROCs 

were overoptimistic given the preselection of dose features with the lowest p-values in 

univariate analysis of the whole population before including them in the multivariable 

cross-validation from which the ROCs were estimated [168]. Although none exceeded the 

common standard expected from a prognostic model (i.e. ROC > 0.8), the models are 

expected to perform better than human assessment alone as shown in a study involving 

lung cancer patients [169].  

 

There is, however, the need for the predictive power of the models to be improved. Apart 

from the improvements of model development and reporting as suggested above, there are 

other avenues being explored. Genetic features have been shown to be associated to urinary 

symptoms and the inclusion of these features in the models have been shown to improve 

predictive power [41, 170], although, this is controversial as the impact of genetic features 

found to be predictive in some studies failed to be replicated in an independent validation 

[171]. The extraction of more sophisticated radiomics features including from spatial dose 

descriptors and dose features external to the conventional organ of interest for urinary 

symptoms (i.e. the bladder) should also be considered [14, 15, 73].  Another obvious avenue 

for model improvement is through the pooling of data from different datasets as highlighted 

in a QUANTEC report [87] or through open source approaches (e.g. cancerdata.org). 

 

In conclusion, in this study we have provided an independent and external validation of 

predictive models for urinary symptoms following external beam radiotherapy of the 

prostate. The models vary in performance and transferability illustrating the need for 

improvements in model development and reporting. Baseline urinary symptoms should 
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always be considered in predictive models. We have provided evidence for reasonable 

potential of these models but efforts should be increased to improve model performance. 
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Part C: Going beyond bladder dose-
surface histograms – novel 
methods of quantifying dose 
information 
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7 URETHRAL DOSE-LENGTH AS A PREDICTOR FOR 

STRICTURE FOLLOWING EXTERNAL BEAM RADIOTHERAPY 

OF THE PROSTATE 
 

Yahya N, Ebert MA, Steigler A, Kennedy A, Joseph DJ, Denham JW: Urethral dose-length as 

a predictor for stricture following external beam radiotherapy of the prostate. – 

submitted for publication  
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7.1 ABSTRACT 

Introduction Urethral stricture is commonly associated with brachytherapy but a rare 

toxicity in external beam radiotherapy of the prostate. With the introduction of dose-

escalation in the treatment of prostate, the urethra is similarly exposed to higher doses, thus 

increasing the risk. A predictive model for stricture incidence would help guide use of dose-

escalation. In this study, clinical and dosimetric factors, including a measure of length of 

urethra receiving high dose, were studied for their relationship to urethral stricture and a 

predictive model was developed. 

Method Following the TROG03.04-RADAR trial, data for 754 participants treated with 

external beam radiotherapy of the prostate to either 66, 70 or 74 Gy were available for 

analysis. The urethral dose-length, Lx, describing the length of the urethra receiving dose 

above a threshold x Gy, were derived from the 3-dimensional dose matrix of each treatment 

plan. Univariate and multivariate analysis was performed with bladder and urethral dose 

indices, clinical factors and medication intake as potential predictors.   

Results 13 patients had post-treatment stricture (1.7%), 8 of which were in patients 

prescribed to 74 Gy (3.8%). The multivariate prediction model for urethral stricture 

included pre-treatment bowel condition (odds ratio (OR)=4.71, 95% confidence interval 

(CI)=1.04-15.53, p=0.012) and L72 (OR=1.56/cm, CI=1.12-2.05/cm, p=0.008). Including 

only the subset of patients prescribed to 74Gy, the prediction model consisted of risk 

category (high vs. intermediate, OR=4.37, CI=1.03-18.53, p=0.046) pre-treatment bowel 

condition (OR=4.92, CI=1.03-23.44, p=0.045) and L72 (OR=2.24/cm, CI=1.06-4.72, 

p=0.035).  

Conclusion The urethral length receiving high dose is a potential predictor of urethral 

stricture. This result was obtained using a crude surrogate for the urethra and delivered 

urethral dose. External validation is required. 
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7.2 INTRODUCTION 

Urethral stricture is a rare consequence of external beam radiotherapy (EBRT) of the 

prostate, but is a serious urinary toxicity requiring interventions and impacting quality of 

life.  Due to the higher prevalence, urethral stricture among patients treated with 

brachytherapy (BT) alone or in combination with external beam radiotherapy (BT+EBRT) 

are more frequently studied compared to patients irradiated using EBRT alone. Dose-

escalation, introduced and increasing in use due to the proven benefit for local control, may 

change the prevalence of urethral stricture. 

 

From studies involving BT and BT+EBRT, there are suggestions that the dose to the urethra 

plays a role in the development of urethral stricture [172-174]. Stricture was shown to be 

more likely to develop in individuals receiving higher radiation dose to the bulbar and 

membranous urethra [175-177]. The development of urethral stricture was shown to have 

substantially reduced with strict adherence to urethral-sparing techniques [178]. Focal 

treatment was also suggested to further reduce the dose to the urethra [179].  

 

In EBRT, limiting the dose to urethra through urethral sparing techniques is rarely an 

option. This is due to the anatomical location of the urethra and the technical difficulties to 

ensure accurate delivery controlling for intra and inter-fractional movements when 

radiation is delivered using an external source. Despite that, urethral sparing techniques 

have also been proposed due to the attractive potential in reducing toxicity. However, based 

on a randomised phase II trial using intensity modulated radiotherapy (IMRT) that shows 

poorer local and biochemical control for patients treated with urethral sparing techniques, 

it should be pursued with caution [180]. In contrast, early results from a series of patients 

treated using IMRT with real-time tumour-tracking has achieved reasonable toxicity 

incidence and did not result in a high failure rate relative to results in the literature [181].  

 

The aim of the present study was to investigate a dosimetric predictor for urethral stricture. 

A multivariate model including potential covariates from clinical factors and medication 

intake was developed. Stricture profile along with clinical and dosimetric information from 

TROG-03.04 trial of Randomised Androgen Deprivation and Radiotherapy (RADAR-

NCT00193856) were utilised in this analysis [79, 81]. 
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7.3 METHODS AND MATERIALS 

7.3.1 Patients and treatments 

The RADAR trial examined the influence of the duration of androgen deprivation with or 

without bisphosphonate treatment, adjuvant with radiotherapy [79, 81]. Data collection, 

protocol requirements, treatment technique and quality assurance (QA) have been 

summarised previously [75, 78, 79, 81]. We selected 754 patients who received EBRT 

(without a BT boost) to either 66, 70 or 74 Gy and who had sufficient dosimetric and clinical 

data available including digital treatment plan export. Patient clinical factors comprising 

physical characteristics, comorbidities, medication intake and lifestyle factors were 

captured prospectively at randomisation. Data concerning the impact of treatment arm and 

dose-prescription group on stricture formation has been published previously [81]. Also, 

the impact of the bladder dose distribution to other symptom endpoints (i.e. dysuria, 

haematuria, incontinence and frequency) has also been published elsewhere [72, 122].  

 

7.3.2 Derivation of urethral dose-length 

The digital radiotherapy treatment plan for every patient, incorporating CT images, 

delineated anatomical structures, treatment plan parameters and 3-dimensional dose 

matrix, was independently reviewed and archived [76]. It is difficult (if not impossible) to 

visualise the urethra in non-contrast CT images. Consequently, surrogates for the urethral 

dose were devised using the available delineated organs and anatomical features in the 

RADAR dataset.  

 

The prostatic urethra was assumed to be a line structure located at the centre (left to right 

and anterior to posterior) of the prostate where it runs craniocaudally from the inferior of 

the bladder to the prostate centroid and onward inferiorly. It was assumed that the dose 

inferior to the prostatic urethra was synonymous with the dose received by the external 

urethral sphincter and the membranous urethra. 

 

To estimate the urethral dose surrogate, the following steps were followed (refer Fig. 7-1); 

- Create a point at the prostate centroid (geometric centre-of-mass). The prostate 

outline was considered as the delineated structure with the first name from the list, 

in order; prostate, GTV, CTV, PTV2 and PTV1. 

- Create a point at the inferior of the delineated bladder directly superior to the 

prostate centroid. 
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- Create a line between the two points and extend it inferiorly until the 50 Gy dose 

line. 

- EQD2 (equivalent dose in 2 Gy fractions using α/β = 6 Gy [20, 97]) at 1 mm intervals 

was derived along the line from which the dose-length, Lx (length of urethra 

receiving dose more than a dose threshold of x Gy) between L50 and L75 were 

derived. 

With this method, the inferior-posterior extent of the delineated prostate, known to be 

problematic when being defined on CT, was not used in defining the urethral surrogate. 

 

The method to estimate the urethral dose was derived from studies by Bucci et al. and 

Waterman et al. which estimated the urethral dose surrogates in brachytherapy. [182, 183]. 

Although this method has been criticised for application in high dose rate brachytherapy 

[184], the application in EBRT instances is likely to be reasonable given the relative 

homogeneity of the dose received by the urethra.  Additionally, the discrepancy between 

the surrogate and actual urethra at the apex, where uncertainty is highest, was small 

(median= between 1-2 mm) [184]. 

 

Figure 7-1: The schematic diagram of the dose-length derivation based on Bucci et al. and 
Waterman et al. [182, 183]. 

 

 

 

7.3.3 Clinical and other dose information 

The clinical factors, captured at randomisation, were included as the potential predictors of 

urethral strictures (Table 7-1). To exclude the bladder as the potential origin of urethral 

stricture, the dose distribution to the bladder surface were summarised using relative dose-

surface receiving a threshold doses and equivalent uniform dose (EUD).  
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Table 7-1: Distributions of investigated variables. Continuous distributions are specified as mean ± standard 

deviation (range), categorical variables are specified as number of patients (%).  

 

Factors  
Physical & Trial factors  
Age 69 ± 7(49-85) years 
BMI 27.98 ± 4.12  

(17.17-45.77) kg/m2 
ECOG Performance Status (=1) 123 (16%) 
Arm A (191), B (187), C (192), D (184) 

(refer to [79, 81]) 
Bladder volume  219.4±89.9 (61.0-561.7) cm3 
Comorbidities  
Cardiovascular condition 217 (29) 
Peripheral vascular condition 44 (6) 
Cerebrovascular condition 37 (5) 
Hypertension 353 (49) 
Dyslipidaemia 248 (33) 
Type 2 diabetes 92 (12) 
IDDM 14 (2) 
Respiratory disorder  99 (13) 
Bowel disorder 91 (12) 
Dermatological disorder 52 (7) 
Collagen disorder 15 (2) 
Bone or calcium metabolism disorder 66 (9) 
Haematological disorder 11 (1) 
Thyroid disorder 24 (3) 
Medication intake  
Insulin 14 (2) 
Hypoglycaemic agents 55 (7) 
ACE Inhibitor 240 (32.1) 
Statin 221 (29.6) 
Steroids 24 (3) 
NSAID 136 (18.2) 
Anti-coagulant 120 (16.0) 
Antioxidants, flavonoids, phyto-
oestrogens or selenium 

25 (3) 

Lifestyle factors  
Smoking status Never 274 (36) ;  

Previous 380 (50) ;  
Current 99 (13) 

Alcohol intake  None 100 (13) ;  
Occasional 279 (37) ;  
Regular 370 (49) 

Abbreviations; OR- Odds ratio; BMI - body mass index; ECOG - ECOG Performance Status; IDDM – insulin 

dependent diabetes mellitus; ACE - angiotensin-converting-enzyme; NSAID – non-steroidal anti-inflammatory 

drugs; PC- principal component. 
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7.3.4 Urethral stricture 

The urethral stricture events, defined as circumferential scarring of the urethra causing 

obstructive urinary symptoms, were captured retrospectively.  Patients with pre-treatment 

stricture were excluded. 

 

7.3.5 Statistical analysis 

Logistic regression methods were used to create logit models for the associations between 

potential predictors and endpoints, first, by univariate analysis. All clinical factors that 

showed potential association (p-value<0.15) to the urethral stricture in univariate analysis 

were included in the pool of predictors in the multivariate model. Because of the 

correlations between dosimetric indices, only the one dosimetric index with the strongest 

univariate association was included. Fast backward elimination on these factors, using a 

method based on Lawless and Singhal (1978) and Akaike Information Criterion rule, was 

performed and the final set of predictors used to derive the final model and the coefficients. 

Due to the sparsity of events, no internal validation procedure was performed.  

 

7.4 RESULTS  

7.4.1 Data and Symptom Description 

Urethral strictures occurred in 17 patients, 2 patients had stricture before radiation 

treatment and 2 had limited dose distribution data available leaving 13 patients which were 

the focus of the analysis and discussions. Patients prescribed to 74 Gy had the highest 

percentage of urethral stricture - 3.8%. The strictures were mostly bulbar (53.8%) and only 

1 involved prostatic urethra (Table 7-2). 
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Table 7-2: Distribution of post-treatment urethral stricture based on prescription dose and stricture 
location 

 N % 
Overall 13†/754 1.72 
Prescription dose   
66 Gy 1/99 1.01 
70 Gy 4/424 0.94 
74 Gy 8†/231 3.46 
Location   
Bulbar 7†/13 53.8 
Membranous 4/13 30.8 
Bulbar + membranous 1/13 7.7 
Prostatic + bulbar 1/13 7.7 

Note: † different to Denham et al [81] due to 2 patients with incomplete dose distribution 

data not being included in this analysis. 

 

7.4.2 Univariate analysis and dosimetric index selection  

The dosimetric indices related to the urethral dose-length (Fig. 7-2) and the prescription 

dose (Table 7-3) showed the strongest association to the incidence of urethral stricture with 

the length of urethra receiving more than 72 Gy (L72) the most significant (p=0.001). For 

clinical factors, obesity (BMI≥30kgm-2), bowel condition, pre-treatment incontinence, 

haematological disorder and anti-coagulant intake were found to have p-value<0.15. Due to 

the higher proportion of patients in the highest dose group (74 Gy) and the importance L72 

(a dose index less relevant for patients prescribed to 66 Gy and 70 Gy), the analysis was 

repeated only for the subset of patients prescribed to 74Gy. In the univariate analysis of the 

subset, L72 remained to be the dosimetric index with the lowest p-value (0.103) with L56-

L73 having p-value<0.20. Bowel condition and risk category was the only clinical factor 

found to show univariate association to urethral stricture in the subset (p<0.15).  
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Figure 7-2: The univariate relationship between urethral stricture and dose-length for all patients (all) 
and patients prescribed with 74Gy (74 only) and the corresponding p-value. The odds ratios (OR) are 
per cm.  

 

 

For the full patient set, the relative dose surface of the bladder receiving a dose threshold of 

72 Gy (R72) and EUD with a=100 (EUD100) was found to be most significant (p=0.028 and 

p=0.105, respectively) (Fig. 7-3). The importance of R72 was not repeated when only the 

subset of patients prescribed to 74 Gy was analysed (p=0.929). For EUD100, the univariate 

association for the subset analysis was reversed where higher EUD resulted in lower risk of 

urethral strictures (odds ratio <1). Thus, the influence of bladder dose-surface indices was 

suspected to primarily result from their correlation with prescription dose.   

 

L72 was chosen as the dosimetric index included in the multivariate analysis.  
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Table 7-3: Univariate analysis examining relationship between the dosimetry, clinical factors and 
medication intake to stricture events for a) all patients and b) patients prescribed with 74Gy only.  

 All patients Patients prescribed to 74 Gy 
Factor Coeff.

* 
SE p Coeff. SE p 

Physical factors       

Age (≥70 vs <70) 0.64 0.57 0.269 0.88 0.72 0.220 
BMI (≥30 vs <30) 0.97 0.56 0.084 0.92 0.69 0.183 
ECOG (1 vs 0) -0.84 1.05 0.419 -0.22 1.08 0.840 
Bladder volume (per 10 
cm3) 

-0.01 0.02 0.684 -0.02 0.02 0.459 

PTV (per 10cm3 -0.03 0.04 0.433 -0.02 0.05 0.759 
Risk category (1 vs 0) 0.34 0.56 0.545 1.20 0.69 0.081 
Comorbidities       

Pre-treatment dysuria -7.15 27.1
4 

0.792 -6.18 20.64 0.765 

Pre-treatment haematuria -5.05 21.9
5 

0.818 -5.09 25.55 0.842 

Pre-treatment 
incontinence 

0.97 0.63 0.124 -4.33 18.90 0.819 

Pre-treatment frequency 0.36 0.39 0.349 0.06 0.51 0.902 
Cardiovascular condition -0.29 0.66 0.658 -1.17 1.07 0.275 
Peripheral vascular 
condition 

0.30 1.05 0.776 -6.14 25.02 0.806 

Cerebrovascular 
condition 

0.52 1.06 0.624 -6.11 31.11 0.844 

Hypertension -0.03 0.56 0.962 -0.21 0.68 0.754 
Dyslipidaemia 0.26 0.58 0.657 -0.17 0.72 0.813 
Type 2 diabetes 0.27 0.78 0.727 0.39 0.82 0.631 
Respiratory disorder 0.70 0.67 0.296 -0.36 1.08 0.735 
Bowel disorder 1.57 0.58 0.007 1.21 0.73 0.100 
Dermatological disorder -6.10 21.2

9 
0.775 -6.12 28.62 0.831 

Collagen disorder -5.05 24.0
5 

0.834 -5.09 23.65 0.830 

Bone or calcium 
metabolism disorder 

0.65 0.78 0.404 0.08 1.08 0.939 

Haematological disorder 1.80 1.09 0.097 -3.06 23.03 0.894 
Thyroid disorder 0.95 1.06 0.370 1.35 1.13 0.231 
Medication intake       

Insulin -5.05 24.8
9 

0.839 -5.08 31.29 0.871 

Hypoglycaemic agents 0.86 0.78 0.274 0.77 0.83 0.351 
ACE Inhibitor 0.63 0.56 0.264 0.50 0.69 0.469 
Statin 0.43 0.58 0.458 0.15 0.72 0.833 
Steroids 0.95 1.06 0.370 -5.09 23.65 0.830 
NSAID -0.98 1.05 0.350 -7.23 28.75 0.801 
Anti-coagulant 0.89 0.61 0.144 0.12 0.82 0.881 
Antioxidants, flavanoids, 
phyto-oestrogens or 
selenium 

-6.06 30.7
1 

0.844 -5.09 25.55 0.842 

Lifestyle factors       
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Smoking status, (prev. vs 
never) 

0.55 0.61 0.367 1.15 0.81 0.158 

(current vs never) -6.82 26.4
0 

0.796 -6.44 31.59 0.838 

Alcohol intake (occasional 
vs no) 

-0.34 0.72 0.637 0.53 1.12 0.633 

(regular vs no) -1.05 0.77 0.174 -0.08 1.17 0.944 
Dosimetric factors       

Prescription dose 0.31 0.13 0.017 - - - 
Bladder PC1  -0.06 0.09 0.457 -0.02 0.10 0.848 
Bladder PC2  0.12 0.17 0.471 -0.24 0.36 0.504 
Treatment factors       

Conformity index 1.75 2.00 0.381 1.92 3.21 0.550 
Trial treatment arms       

B vs A -1.80 1.09 0.097 -9.11 37.15 0.806 
C vs A -1.13 0.82 0.172 -9.11 36.83 0.805 
D vs A -0.38 0.65 0.558 -0.77 0.73 0.295 

 

Note: Refer to Fig. 7-2 in the main text for univariate analysis result for dose-length indices, 

p-value<0.15 are bold, *the respective odds ratio can be calculated with the normal 

convention, ecoeff and the 95% confidence interval=e(coeff +/- 1.96*SE), estimate is based on 1 

grade increase (pre-treatment dysuria, haematuria, incontinence and frequency), 1 vs 0 

(ECOG), per unit (PC1, PC2), yes vs no (all others); abbreviations - SE – standard error; P –

p-value; ACE - angiotensin-converting-enzyme; BMI - body mass index; ECOG - ECOG 

Performance Status; NSAID – non-steroidal anti-inflammatory drugs;  PC- principal 

component; prev. – previous; cond. – condition. 

 

 

 

 

 

 

Figure 7-3: The univariate relationship between urethral stricture and a) bladder dose thresholds and 
b) the exponent a for all patients (all) and patients prescribed with 74Gy (only=74) and the 
corresponding p-value. Odds ratios (OR) are per 1% increase for bladder dose-surface and per 1 Gy 
increase for EUD.  

 

a) 
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b) 

 

 

 

7.4.3 Multivariate analysis 

The dosimetric index L72 remained significant for both full data (odds ratio (OR)=1.52/cm, 

p=0.008) and the subset of patients prescribed to 74 Gy only (OR=2.24/cm, p=0.035) (Table 

7-4). Among clinical factors, only bowel disorder (for both full (OR=4.72, p=0.012) and 

subset (OR=4.92, p=0.045)) and risk category (for subset (OR=4.37, p=0.046)) remained.  

 

 

Table 7-4: Multivariate analysis of the relationship between the potential predictors to stricture events 
for a) all patients and b) patients prescribed with 74Gy only.  
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 Coeff SE p-value 
a. all patients    

Intercept -4.65 0.56 <0.0001 
L72 0.42 0.16 0.008 
Bowel disorder 1.55 0.62 0.012 
    
b. patients prescribed 
with 74Gy only    
Intercept -8.52 2.18 <0.0001 
L72 0.81 0.38 0.035 
Risk category 1.47 0.74 0.046 
Bowel disorder 1.59 0.80 0.045 

 

 

7.5 DISCUSSION  

In Denham et al., the urethral strictures following the delivery of radiotherapy using 

different dose prescriptions either through external beam radiotherapy alone or in 

combination with brachytherapy were reported in the context of the RADAR trial arms [81]. 

The risk of urethral stricture events was found to be associated with the prescription dose 

among patients who received external beam radiotherapy alone. The current report studies 

the subset of patients who received radiotherapy by means of external beam radiotherapy 

alone and extend the analysis beyond the prescription dose by specifically looking for 

anatomically-relevant dosimetric predictors. The group of patients receiving EBRT alone 

represents an interesting subset given the rarity of studies associating them to urethral 

strictures as compared to patients treated with brachytherapy. The inclusion of only 

patients treated with EB alone may enable some understanding the impact of irradiation to 

the urethra. First, a homogeneous dose to the urethra follows from the typically 

homogenous distribution to the PTV compared to BT where dose hotspots are likely across 

the urethra. Second, for the 3-dimensional conformal radiotherapy (3DCRT) treatments 

received by RADAR participants, dose gradients tend to be shallower beyond the PTV 

relative to BT or BT+ERRT.  

  

Few studies in the literature have been specifically performed to determine the dosimetric 

factors that may elevate the risk of stricture for patients treated with ERRT. In BT and 

BT+ERRT however, studies have been extensive [172, 175, 177, 185]. Even though different 

radiotherapy treatment methods for prostate cancer offer different toxicity profiles [176, 

186], analysis of data from cohorts treated with BT and BT+ERRT may offer useful insights 

to the current analysis. The dose to the bulbous and membranous urethra has been shown 

to correlate with urethral stricture formation [175-177, 187] and more recently, Earley et 



162 

 

al. found evidence to suggest the association of radiation dose at the apical and peri-apical 

urethra to the development of BT-related stricture [188]. These observations suggest the 

sensitivity of the specific anatomic region to radiation. In the current analysis, the most 

important dose parameter related to the occurrence of urethral stricture was found to be 

length of the urethral surrogate receiving more than 72 Gy (L72). Even though the urethral 

surrogate used in this study may not specifically pinpoint the exact anatomy of the urethra 

inferior to the prostatic apex, higher dose-length suggests higher dose to the apical and peri-

apical urethra and potentially to the bulbous and membranous urethra. Hence, the 

observation on the current study may be explained by a similar line of reasoning as in BT 

and BT+ERRT cohorts [175-177, 187, 188]. The theory on sensitivity of the bulbo-

membranous urethra was further strengthened by the location of the stricture. In this study, 

except for one patient with stricture located at the prostatic and bulbar urethra, the location 

of strictures was either bulbar, membranous or a combination of the two. Similar 

observation in high dose-rate brachytherapy was reported by Sullivan et al. with 92.1% of 

strictures occurring in the bulbo-membranous urethra [189].  

 

Heemsbergen et al. studied the urinary obstruction in an analysis for a large number of 

patients treated with EBRT in a Dutch trial. The location of the obstruction was indicated at 

the bladder neck for 16 of 35 patients with known location while 14 in “urethra” or 

“prostatic urethra” [14]. The exact anatomical location of the “urethra” was not specified. 

The study further suggested the importance of the dose to the bladder neck for the 

development of urinary obstruction. This is in contrast to what was found in the current 

analysis where the bulbar and membranous urethral strictures dominate and dose to the 

bladder using both dose-surface thresholds and equivalent uniform dose were found to 

have poor associations to the formation of urethral strictures. Except for the discrepancy in 

the definition of endpoints studied (“urinary obstruction” vs. “urethral stricture”), we 

cannot explain the markedly different location of the obstruction/stricture found in both 

cohorts.  

 

The inadvertent inclusion of bulbous and membranous urethra may be due to the poor 

visibility of the prostatic apex in CT images [190-192]. Magnetic resonance imaging (MRI), 

which has been increasingly utilised for radiotherapy planning for CTV and organ-at-risk 

contouring, provides much more detailed information than CT and thus leads to more 

accurate delineation of the prostate and organ-at-risk [193-195]. The impact of MRI or CT-

MRI fusion use on treatment planning has been shown to be substantial, including the 

alteration of CTV and treatment technique [196, 197]. Clinically, Sander et al. observed the 
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benefit of using MRI as a method for target delineation with significantly smaller CTV and 

lower risk for urinary retention and frequency [198]. It is speculated that treatment 

planning with the aid of MRI images may reduce the irradiation of the bulbous and 

membranous urethra and improve the urethral dose-length profile, consequently reducing 

the risk of developing urethral stricture. It should be noted, however, that the persistence 

of prostate tumour cells after radiotherapy has been shown to be location-dependent with 

the apex being the most persistent [199]. Therefore, the risk of local recurrence should be 

weighed against the benefit of reduced urethral stricture risk.  

 

Even though there were clinical factors found to be associated to the formation of urethral 

stricture in this analysis, the associations should be treated with caution. Bowel condition, 

which was found to be significant in both full and subset analysis, is not a commonly-studied 

factor and in the routine clinical setting is most likely not captured. The importance of bowel 

condition was also found in a previous analysis of this cohort involving other urinary 

symptoms [122]. Speculation of the potential pathophysiological origin of this association 

should be refrained unless another cohort in the future found similar associations. 

However, the association between urinary and bowel function is not uncommon. Malykhina 

et al. and Kaplan et al., in systematic reviews on the association between the two, speculated 

on the interrelationships and cross-reflexes of the neural networks responsible for their 

normal functioning [200, 201]. Obesity, found to be significant in other studies including 

RADAR (inclusive of patients receiving BT+EBRT), was only marginally significant in 

univariate analysis probably due to the lower number of events in the current analysis [81, 

186]. Age was also not found to be a significant factor. 

 

An important limitation of the present study is the paucity of events for this endpoint. Even 

so, in the subset analysis, the number is sufficient for analysis (3.8%). Second, it should be 

clearly pointed out that the urethral dose investigated in this study - using surrogate urethra 

from other delineated anatomical structures - is obviously a crude representation of the 

actual urethra. The definition was, however, preferable over manual delineation because it 

does not rely on accurate determination of the prostatic apex which is not well defined on 

CT. Given the increasing availability of MRI in treatment planning in newer datasets, the 

importance of dose-length to the formation of urethral stricture can be studied with better 

confidence through a more accurate definition of the urethra. Further investigations are 

needed to determine the clinical and dosimetric factors most predictive of the formation of 

urethral stricture especially in cohorts receiving escalated dose or as an external validation 

for the model developed here.
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8 MODELLING URINARY SYMPTOMS FOLLOWING EXTERNAL 

BEAM RADIOTHERAPY OF THE PROSTATE BASED ON 

BLADDER DOSE-SURFACE MAPS: EVIDENCE OF SPATIALLY-
VARIABLE RESPONSE OF THE BLADDER SURFACE 

 

Yahya N, Ebert MA, House MJ, Kennedy A, Matthews J, Joseph DJ, Denham JW:  Modelling 

urinary symptoms following external beam radiotherapy of the prostate based on 

bladder dose-surface maps: evidence of spatially-variable response of the bladder 

surface. – submitted for publication  
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8.1 ABSTRACT 

Background and Purpose: We assessed the association of the spatial distribution of dose 

to the bladder surface, described using dose-surface maps, with the risk of atomised urinary 

symptoms. 

 

Materials/Methods: The bladder dose-surface maps of 754 participants from the TROG 

03.04-RADAR trial were generated from the volumetric data by virtually cutting the bladder 

at the sagittal slice intersecting the bladder centre-of-mass through to bladder posterior and 

projecting the dose information on a two-dimensional plane. Pixel-wise dose comparisons 

between patients with and without symptoms (dysuria, haematuria, incontinence and 

increase of ≥10 International Prostate Symptom Score (∆IPSS10)) were performed and 

results with and without permutation-based multiple-comparison adjustments reported. 

Pixel-wise multivariate analysis (peak-event model for dysuria, haematuria and ∆IPSS10; 

event-count model for incontinence) with adjustments for clinical factors were also 

reported. 

 

Results: The associations of the spatially-specific dose measures to urinary dysfunction 

were found to be dependent on specific symptoms. Doses received by the anterior-inferior 

and, to lesser extent, posterior-superior surface of the bladder were found to have the 

strongest relationship to the incidence of dysuria, haematuria and ∆IPSS10, both with and 

without adjustment for clinical factors. For doses to the posterior-inferior region 

corresponding to the area of the trigone, the only symptom showing significance was 

incontinence. 

 

Conclusions: Spatially variable response of bladder surface to dose was found for 

symptoms of urinary dysfunction. Limiting the dose extending anteriorly may help to 

reduce risks. 
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8.2 INTRODUCTION 

Dose-volume or dose-surface histograms are commonly utilised to estimate the risk of 

urinary dysfunction and to quantitatively describe the response of an organ to different 

dose distributions. An obvious limitation of analysis based on such histograms is the lack of 

information on the spatial distribution of the dose. To address this, the association of spatial 

dose distributions to specific endpoints have been studied through the use of dose-surface 

maps (e.g. [55, 68-71]). For hollow organs, the maps are a two-dimensional representation 

of the dose planned to the organ surface, allowing dose-symptom associations in specific 

anatomical regions to be explicitly assessed. In the domain of urinary symptoms, the use of 

dose-surface maps has only recently received further attention [202].  

 

Symptom-specific associations to dose distribution have been demonstrated for urinary 

symptoms. Global symptoms, like increased urinary frequency, are likely associated with 

the dose distribution across the whole bladder (i.e. mean dose) while associations with 

dysuria, haematuria and incontinence were shown to be more localised, dependent on the 

area of the bladder receiving high dose [72, 73]. For the former, consideration of the spatial 

dose distribution is potentially of little value and a dose-surface histogram is sufficient [72]. 

For the latter, the spatial dose distribution may add significant additional information for 

predicting an increased risk for specific patients, allowing discernment between planned 

distributions that may have differing spatial distributions which yield similar histograms.  

 

A number of studies have investigated the relationships between localised anatomical 

structures of the bladder and symptoms of urinary dysfunction [14, 15, 202]. Heemsbergen 

et al. studied the spatial dose distribution focusing on the approximate location of the 

bladder trigone and urinary obstruction [14]. Ghadjar et al. delineated the distal ends of 

both ureters to produce dose-volume histograms of the trigone and studied the associations 

to patient-reported International Prostate Symptom Score (IPSS) [15]. Palorini et al. 

analysed the acute symptoms using dose-surface maps [202]. The studies, however, either 

reduced the comparisons to a single point, probably to avoid multiple-comparison problems 

[14], re-contoured an especially difficult structure [15], analysed a small number of patients 

[202] and/or were limited to generalised or acute urinary symptoms [15, 202]. Further 

confirmation in independent cohorts is needed to assess the repeatability of the 

observations and whether the impact of dose to specific subregions is observable for 

specific symptoms like dysuria, incontinence and haematuria.   
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To assess the association of the spatial dose distribution to the bladder to the formation of 

urinary symptoms, this work adapted the methods used to develop dose-surface maps of 

the rectum through organ unfolding to produce maps visualising the dose received by the 

bladder surface. From the developed maps, pixel-wise analyses were performed. Data from 

patients accrued to the Trans-Tasman Radiation Oncology Group (TROG) 03.04 trial of 

Randomised Androgen Deprivation and Radiotherapy (RADAR-NCT00193856) were 

utilised [79, 81].  

 

8.3 MATERIALS AND METHODS 

8.3.1 Patients and treatments 

The RADAR trial examined the influence of the duration of androgen deprivation with or 

without bisphosphonate treatment, adjuvant with radiotherapy [79, 81]. Patients were 

accrued from 2003 to 2008 in 23 centres across Australia and New Zealand. Extensive and 

centralised technical quality assurance (QA) was utilised, which included a combination of 

manual and automatic review of each patient’s treatment plan against protocol 

requirements [76, 83]. Data collection, protocol requirements, treatment technique and QA 

have been summarised previously [75, 79, 81, 83, 203]. 754 participants received external 

beam radiotherapy (EBRT) (without a brachytherapy boost) to either 66, 70 or 74 Gy and 

had complete bladder dose data collected, comprising a digital treatment plan export 

including axial computed tomography (CT) images and associated planned dose matrix. The 

patient was treated either prone or supine according to departmental preference. Bladder 

filling strategy was consistent between planning CT and throughout the treatment. 

 

8.3.2 Symptom measurement and definition 

Following treatment, patients were routinely followed up every three months for 18 

months, then six-monthly up to five years and then annually. Atomised symptoms (dysuria, 

haematuria and incontinence) were considered using grades from the physician-assessed 

LENT-SOMA [93] (Table 8.1) and the IPSS. For each symptom, one definition was chosen 

based on the clinical relevance, availability of acceptable number of events for model 

stability and the optimal definition to find dose-symptoms relationship as discussed in 

previous histogram-based analysis [72]. The endpoints were: dysuria grade ≥2, haematuria 

grade ≥1 and the count of incontinence grade≥ 2 events. Urinary frequency had been shown 

to be associated to the mean dose received by the bladder and the spatial dose information 

is not expected to provide additional information and was therefore not considered [72]. 

For overall urinary symptoms, the IPSS was utilised with patients with ≥10 points increase 
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from the baseline were considered having symptoms (∆IPSS10). Patients with baseline IPSS 

>20 were excluded. Focusing on the late effect, follow-ups at least one year after 

randomisation (i.e. five months after the end of EBRT) were considered. Follow-up data 

were frozen at November 2012. 

 

Table 8-1: The LENT-SOMA grading system 

 Grade 0 Grade 1 Grade 2 Grade 3 

Dysuria Occasional and 

mild 

Intermittent and 

tolerable 

Persistent and 

intense 

Refractory and 

excruciating 

Haematuria None Microscopic, 

normal 

haemoglobin 

Intermittent 

macroscopic, 

<10% decrease 

in haemoglobin 

Persistent 

macroscopic, 

10-20% 

decrease in 

haemoglobin. 

Incontinence None With coughing 

and sneezing 

Spontaneous, 

some control 

No control 

 

 

8.3.3 Bladder dose-surface maps construction 

The digital RT treatment plan for every patient was independently reviewed and archived 

[76, 203]. To visualise the spatial dose distribution, the bladder surface was virtually 

unfolded by cutting through the anterior of the bladder and mapping the dose and location 

information onto a 2-dimensional surface using an in-house developed routine. The slice 

thicknesses of the bladder region of the original CT scans varied from approximately 1 mm 

to 5 mm, sometimes within the same patient. Consequently, the CTs were resampled to a 

standard 1 mm slice thickness. The dose values for selected points on the bladder were then 

interpolated from the dose grids. The sagittal slice cutting through the bladder centre-of-

mass was used as a guide to determine the most anterior and most posterior point for each 

1 mm slice of the bladder. The surface was aligned to the posterior point on the y-axis and 

the most inferior point (bladder base) to the x-y intersection. The anterior-posterior-

anterior dose and location information was then normalised onto 201 pixels (100 pixels 

each to the right and left of the posterior point) on the x-axis and the inferior-superior dose 

and location information for the first 45 mm of bladder length onto 45 pixels on the y-axis. 

For 158 patients with an inferior-superior bladder length < 45 mm, the data points beyond 

their actual bladder length were considered missing. Physical doses from 1.8 to 2.2 Gy per 

fraction were converted to EQD2 (equivalent dose in 2 Gy fractions) using α/β=6 Gy. The 
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approximate location of trigone area in the posterior-inferior region was represented by a 

point at 15 mm above the base. 

 

8.3.4 Pixel-wise comparisons 

Pixel-wise comparisons between the maps for patients with and without symptoms were 

performed using a standardised Wilcoxon rank sum test. For incontinence, the comparisons 

were performed between patients with no or one event to patients with ≥2 events of grade 

≥2 incontinence. Raw p-values were reported alongside the step-down maxT permutation-

based adjusted p-values described in Westfall & Young [204], a commonly utilised method 

in genomics [205]. The method takes into account the dependence structure among test 

statistics, suitable for highly correlated variables like the dose maps [205]. For interested 

readers, a review by Dudoit et al. is recommended [205]. As there are many methods for 

multiple comparisons adjustments in the literature, differing in complexity and 

conservatism, reporting the adjusted p-values alone may potentially confound readers 

unfamiliar with issues related to multiple comparisons adjustment. Additionally, multiple 

comparisons adjustments are also prone to abuse in image-based comparisons. For 

example, researchers may arbitrarily reduce/increase the resolution of dose maps to 

synthetically reduce/increase the number of comparisons resulting in markedly different 

outcomes of multiple comparisons adjustment. This may complicate the pooling of 

knowledge from different studies.  Reporting one relatively conservative adjustment 

alongside unadjusted comparisons would allow readers to make a more informed 

conclusion by also looking at the pattern of associations rather than focusing on specific 

highly-significant pixels. 

 

8.3.5 Adjustments for clinical factors 

For each pixel in the dose-surface maps, the relationship between the dose and dysuria, 

haematuria and ∆IPSS10 was calculated using a logistic regression model. For incontinence, 

the relationship was assessed by means of an event-count model to take into consideration 

the multiple events using negative binomial regression [72, 120]. Due to the known impact 

of clinical factors and to obtain the least-biased estimate of the effect of dose on the 

development of symptoms, adjustments were performed for clinical factors including 

baseline symptom and trial arm, which have previously been found to impact symptom 

development (details provided in Table 8.2 and [77, 122]). To adjust for underestimation 

for patients accrued at later dates, the number of available follow-ups was included as a 

covariate. The pattern of relationship between each pixel in the maps and symptoms is 

discussed in terms of the distribution of p-values of the dose features. p-Values<0.05 were 
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considered significant and p-values<0.20 to indicate suggestive association. The models 

were constructed as implemented in MASS (version 7.3-40) in R 3.1.2 (The R Foundation for 

Statistical Computing, Vienna, Austria)  [95]. 

 





 

173 

 

Table 8-2:  Distributions of investigated variables. Continuous distributions are specified as mean ± standard deviation (range), categorical variables are 

specified as number of patients (%). The inclusion of the clinical factors in the pixel-wise analysis was based on univariate analysis of the factors. For a more 

complete report of the clinical factors, refer [122]. 

 
Factors  Dysuria  Haematuri

a 
 Incontinen

ce 
 ∆IPSS10  

  Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value 

Physical & Trial factors          
Age 69 ± 7(49-85) years NS NS NS NS NS NS NS NS 
BMI 27.98 ± 4.12  

(17.17-45.77) kg/m2 
NS NS NS NS NS NS NS NS 

ECOG Performance Status (=1) 123 (16%) NS NS NS NS NS NS NS NS 
Arm A (191); 

B (187),  
 
C (192),  
 
D (184)  
(refer to [74, 77] 

NS NS NS NS NS NS 1 
0.93 (0.44 

– 1.95) 
1.48 (0.76 

– 2.87) 
1.91 (1.00-

3.64) 

- 
0.841 

 
0.246 

 
0.049 

Comorbidities          
Cardiovascular condition 217 (29) NS NS NS NS NS NS NS NS 
Peripheral vascular condition 44 (6) NS NS NS NS NS NS NS NS 
Cerebrovascular condition 37 (5) NS NS NS NS 3.79 (1.51 

– 9.52) 
0.005 NS NS 

Hypertension 353 (49) NS NS NS NS NS NS NS NS 
Dyslipidaemia 248 (33) 1.86 (1.03 

– 3.36) 
0.040 NS NS NS NS NS NS 

Type 2 diabetes 92 (12) NS NS NS NS NS NS NS NS 
Respiratory disorder  99 (13) NS NS NS NS NS NS 1.89 (1.05 

– 3.41) 
0.035 
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Factors  Dysuria  Haematuri
a 

 Incontinen
ce 

 ∆IPSS10  

  Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value 

Bowel disorder 91 (12) 3.14 (1.58 
– 6.23 

0.001 3.58 (1.21 
– 10.57) 

NS NS NS NS NS 

Dermatological disorder 52 (7) NS NS NS NS NS NS NS NS 

Bone or calcium metabolism 
disorder 

66 (9) NS NS NS NS NS NS NS NS 

Haematological disorder 11 (1) NS NS NS NS NS NS NS NS 

Thyroid disorder 24 (3) NS NS NS NS NS NS NS NS 

Baseline dysuria Grade 0 – 660 (88.2) 
Grade 1 – 71 (9.5) 
Grade 2 – 15 (2.0) 
Grade 3 – 2 (0.3) 

1.86 (1.11-
3.12) / 
grade 

0.018 - - - - - - 

Baseline haematuria Grade 0 – 729 (97.5)  
Grade 1 – 19 (2.5) 

- - NS NS - - - - 

Baseline incontinence Grade 1 – 718 (96.0) 
Grade 2 – 25 (3.3) 
Grade 3 – 5 (0.7) 

- - - - 3.01 (1.34 
– 6.75) 

0.008 - - 

Baseline IPSS score 1 -  23 (3.66) 
2 – 63 (10.03) 
3 – 69 (10.99) 
4 – 56 (8.92) 
5 – 59 (9.39) 
6 – 37 (5.89) 
7 – 52 (8.28) 
8 – 51 (8.12) 
9 – 25 (3.98) 
10 – 35 (5.57) 
11 – 32 (5.10) 
12 – 20 (3.18) 

- - - - - - 0.95 (0.90-
1.00) 

0.049 
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Factors  Dysuria  Haematuri
a 

 Incontinen
ce 

 ∆IPSS10  

  Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value Odds ratio 
(95% CI) 

p-value 

Baseline IPSS score (cont.) 13 – 21 (3.34) 
14 – 11 (1.75) 
15 – 17 (2.71) 
16 – 18 (2.87) 
17 – 8 (1.27) 
18 – 9 (1.43) 
19 – 14 (2.23) 
20 – 8 (1.27) 

        

Medication intake          

Hypoglycaemic agents 55 (7) NS NS NS NS NS NS NS NS 

ACE Inhibitor 240 (32.1) NS NS NS NS NS NS NS NS 

Statin 221 (29.6) NS NS NS NS NS NS NS NS 

NSAID 136 (18.2) NS NS NS NS NS NS NS NS 

Anti-coagulant 120 (16.0) NS NS NS NS NS NS NS NS 

Lifestyle factors          
Smoking status Never 274 (36);  

Previous 380 (50);  
 
Current 99 (13) 

1 
1.61 (0.79 

– 3.28) 
3.36 (1.45 

– 7.80) 

- 
0.19 

 
0.005 

NS NS NS NS NS NS 

Alcohol intake  None 100 (13);  
Occasional 279 (37);  
 
Regular 370 (49) 

NS NS NS NS NS NS 1 
0.46 (0.24-

0.88) 
0.53 (0.29-

0.97) 

- 
0.019 

 
0.039 
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Abbreviations; OR- Odds ratio; BMI - body mass index; ECOG - ECOG Performance Status; IDDM – insulin dependent diabetes mellitus; ACE - angiotensin-

converting-enzyme; NSAID – non-steroidal anti-inflammatory drugs; NS- not significant
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8.4 RESULTS  

The median length of late follow-up time was 72 months. Grade ≥2 dysuria was observed in 

59 patients, 101 patients had grade ≥1 haematuria, 91 had at least a single event of grade 

≥2 incontinence and 36 had at least two events of grade ≥2 incontinence from which 21, 8, 

3, 2 and 2 patients had 2, 3, 4, 5 and 6 events, respectively. 94 of 711 patients with baseline 

score of ≤20 had ∆IPSS10 (Table 8-3) 

 

Table 8-3: The distribution of events 

  Prescription dose Total 

Endpoint  66 Gy 70 Gy 74 Gy  

Dysuria  7/99 38/419 14/228 59/746 

Haematuria  16/98 55/419 30/228 101/745 

Incontinence No of event     

 0 90/99 371/419 194/228 655/746 

 1 6/99 28/419 21/228 55/746 

 2 2/99 13/419 6/228 21/746 

 3 1/99 4/419 3/228 8/746 

 4 0/99 0/419 3/228 3/746 

 5 0/99 1/419 1/228 2/746 

 6 0/99 2/419 0/228 2/746 

∆IPSS10  11/96 60/398 23/217 94/711 

Abbreviations: IPSS- International prostate symptoms score.  

 

The average dose map (Fig. 8.1 A) shows the dose to be highest in the posterior-inferior 

region, closest to the planning target volume, reducing further anterior and being lowest in 

the anterior-superior region. The highest standard deviations were in the posterior-

superior region (>24 Gy) and lowest in the anterior-superior and posterior-inferior regions 

(<8 Gy) (Fig. 8.1 B). At the level of 15 mm from the base (the approximate location of the 

trigone), the dose across all patients was negatively correlated to dose at the most anterior 

point at the same level (Spearman rho, ρ = -0.25) and moderately correlated to dose at most 

lateral left (ρ = 0.49) and right (ρ = 0.45) points (Fig. 8.2). 

 

Figure 8-1: The mean (left) and standard deviation (right) maps for all patients. Abbreviations: 
A=anterior; P=posterior, R=right, L=left. 
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The associations of the spatial dose measures to urinary symptoms were found to be 

dependent on specific symptoms (Fig. 8.3). The p-values for dose comparisons with and 

without adjustment for clinical factors show a similar pattern (Fig. 8.3 I-P). In the 

comparison using standardised Wilcoxon rank sum test, the adjusted p-values were 

significant for dysuria at the anterior-inferior and incontinence at the lateral-inferior area 

(Fig. 8.3 I&K). The doses located at the anterior-inferior of the bladder were found to have 

the strongest relationship to dysuria (Fig. 8.3 I&M). The area at the most posterior points 

resulted in no associations (p >0.2). The associations to dysuria was highly significant at 

points in the anterior to lateral region (min: p = 0.0002, adjusted: 0.041) while the most 

posterior region at the estimated trigone level (15 mm) was found to have no association (p 

= 0.835). The area highly associated to dysuria did not coincide with the area with the 

highest dose variance (posterior-superior (>24 Gy) and did not have a markedly different 

standard deviation to the most posterior region where the trigone location is estimated 

(both have standard deviations between 14-16 Gy). The area found to be associated to 

haematuria was located at anterior-inferior and posterior-superior regions (Fig. 8.3 J&N). 

The dose at the most inferior region, especially close to the left and right lateral points of 

the bladder, was found to be significantly associated to incontinence (Fig. 8.3 K&O). For 

∆IPSS10, the dose to the area at 15-20 mm from base at the anterior of the bladder showed 

positive associations while the dose at the posterior-inferior region showed negative 

associations (Fig. 8.3 L&P).  
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Figure 8-2 Spearman correlation matrix for the dose-maps represented by the posterior-most, anterior-
most, left and right pixels in every 5mm increment from base. 
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Figure 8-3: Visualisation of the results on maps. Row 1: median maps for patients with symptoms below 
thresholds; row 2: median maps for patients with symptoms at and above threshold; row 3: dose 
difference maps (black lines represent area with unadjusted p<0.05, pink lines represent area with 
adjusted p<0.05); row 4: area of significance after adjustments for clinical factors using multivariate 
logistic regression or event-count model with the mean dose map on the background for dysuria (A, E, 
I, M), haematuria (B, F, J, N), incontinence (C, G, K, O) and International Prostate Symptom Score (IPSS) 
(D, H, L, P). Thresholds: dysuria=grade 2, haematuria=grade 1, incontinence=two or more events of 
grade 2, IPSS=increase of ≥10. 

 

Note: The gridded area in P represents area with negative coefficients (i.e. higher dose produced lower risk) 

 

 

8.5 DISCUSSION 

The spatial information afforded by the dose-surface maps presented here, in combination 

with the utilisation of both atomised and generalised symptoms, provide a strong 

foundation for understanding the impact of regional dose distribution on the development 

of symptoms of urinary dysfunction. A spatially-variable association between the bladder 

surface dose and symptoms was found, with dysuria, haematuria and generalised urinary 

symptoms primarily associated with dose to the anterior-inferior and posterior-superior 
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bladder surface, and incontinence to the dose to the lateral-inferior bladder surface. This 

study adds to the few studies on spatial dose distribution impacts on urinary symptoms. 

 

The importance of the dose to bladder trigone and bladder neck to urinary dysfunction was 

identified in previous studies [14, 15, 202, 206]. In the current study, including atomised 

symptoms and ∆IPSS10, it was found that the dose to the posterior-inferior of the bladder, 

coinciding with the bladder trigone, only showed a similar association for urinary 

incontinence. The associations are likely related to the dose received by the preprostatic 

sphincter, comprised of smooth muscle fibres responsible for aiding urinary continence or 

detrusor overactivity [195, 207]. The higher doses laterally at this level may add to the 

ischemia and fibrosis of the bladder neck and hence incontinence. As dose to the region is 

closely associated to the prescribed dose, it is expected that dose escalation may increase 

the incidence of urinary incontinence. However, a large-scale dose escalation study found 

otherwise [7].  

 

The exact location of the trigone area is inherently difficult to visualise in CT images with 

the urethra and bladder ureteral openings only visible in a portion of patients. This could 

explain why only an approximate location was derived in a previous study [14]. Ghadjar et 

al., however, had successfully delineated the trigone area of all 268 patients [15]. In the 

current study, due to the resources required to reliably delineate the trigone area of 754 

patients, dose-surface maps production was automated instead and trigone dose was 

estimated by that to the inferior-posterior portion of the dose-surface maps. Dose-surface 

maps are advantageous as they provide the overall distribution of the bladder rather than 

dose to just a point or a specific bladder sub-region. It is probably a more reasonable method 

to assess the impact of dose to a sub-region like bladder trigone because, first, the process 

to delineate these regions, similar to other anatomical features with low visibility on CT 

images, may be prone to errors. Second, until magnetic resonance imaging (MRI)-based 

planning is made widely available, delineation of the trigone area is not likely to be a 

standard in the clinical setting. 

 

Despite finding more pronounced associations with obstruction incidence of the area 

cranial to the trigone area than the trigone itself, Heemsbergen et al. concluded the 

importance of the dose to the trigone area to predict urinary obstruction [14].  It was 

speculated that, among other effects, such associations were the result of larger dose 

variance at the region compared to that at the trigone and the strong correlation in dose 

between the two points. The same conclusion cannot be reached in the current study. The 
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regions with strongest association did not have a markedly different standard deviation to 

the most posterior region where the trigone is located. For ∆IPSS10, the negative 

associations to the posterior-inferior region were in contrast to what was observed by 

Ghadjar et al. [15].  Also, the dose at the most posterior point at 15 mm from base was only 

moderately correlated to the most anterior dose at the same level. These observations 

strengthened the conclusion that dysuria, haematuria and ∆IPSS10 were not associated to 

the dose received by the bladder trigone. Thus, the observations require alternative 

explanations to the one previously suggested [14, 15]: 

1. The importance of the dose to the anterior and superior regions is potentially 

only a surrogate of the high dose area encapsulating the bladder, previously 

found to be predictive in dose-surface histogram analyses [72]. This theory of 

volume effect matches with the known pathophysiological origin of radiation-

induced haematuria which is likely due to a direct assault on the integrity of 

epithelial cell lining from radiation proportional to the area of tissue receiving a 

certain high dose. Presumably with a bigger volume of bladder urothelium 

affected there is an increased risk of ulceration/chronic inflammation. The 

circumferential high-dose region was predictive of acute symptoms in another 

study suggesting the volume effects [202].This explanation may discount the 

need for dose maps because the area receiving a certain high dose is well-

described using simpler dose-surface histograms.  

2. The high dose to the anterior and superior extent temper the coordination of 

normal micturition function. Normal micturition is a complex process requiring 

the activation of the micturition reflex from the detection of bladder filling by 

the stretch receptors and the excitation of the detrusor muscle by efferent 

signals which may be at risk of attritions [208]. Direct injury from the irradiation 

of the bladder wall can impact the elastic properties of the wall which may 

inhibit contraction of the voiding detrusor muscle, consequently increasing the 

risk of urinary retention [114, 208].   

3. The dose to the anterior and superior regions may also correlate to dose to other 

organs in the genitourinary system outside bladder. Further works are 

anticipated to properly investigate this possibility including the dose to the 

posterior prostatic urethra and the anterior urethra including membranous and 

bulbous urethra. 

4. The region with high significance may be related to areas with the lowest 

intrafractional movement (i.e. the base) [115]. 
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The patients analysed here were treated with no standard dose constraints applied to the 

bladder probably owing to the historical observations that there is no clear dose-volume 

relationship for the bladder in the dose range used in clinical treatments [20]. Only recently 

has the impact of dose distributions to the bladder been extensively studied suggesting a 

significant impact of dose distribution potentially superseding the previous hypotheses [14, 

15, 72, 122]. In this analysis, it was found that the dose received by the anterior of the 

bladder was predictive, thus, clinically, this can provide motivation to limit the high dose 

extending anteriorly. The current study was based on planning images providing only a 

surrogate of the actual dose received [209]. We are waiting for results from cohorts where 

repeated anatomical imaging has been undertaken throughout treatment fractions, 

allowing deformable registration of the bladder surface at each fraction, to augment the 

observations above. 

 

It must be noted the interpretation of the anatomical locations of significant dose 

differences should be taken with caution. For instance, regions with little or no dose 

variation will by definition not show up whereas the dose at these regions might still 

contribute to toxicity risks despite no statistically significant associations found. 

Furthermore, the mapping is a model and might not be mapped optimally from patient to 

patient what regard to anatomical relevant locations. 

 

In conclusion, a spatially-variable response of the bladder surface was found following 

external beam radiotherapy of the prostate. The bladder trigone area is only likely to be an 

area of interest for incontinence. The observation from this study proves the need for 

spatially-based bladder dose constraints especially the dose extending anteriorly.  
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9 GENERAL DISCUSSION & FUTURE DIRECTION 
 

9.1 ABSTRACT 

 

This final chapter contains a general discussion of the main results presented in the 

previous chapters. Recommendations are made for future work in prediction of urinary 

dysfunctions following radiotherapy of the prostate.  
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9.2 GENERAL DISCUSSION 

9.2.1 Associating treatment, clinical and dose factors with outcome 

The associations of treatment, clinical and dose factors with post-treatment outcomes have 

been studied extensively for many endpoints. In external beam radiotherapy of the prostate, 

rectal bleeding is undoubtedly the most studied outcome potentially due to the ease of 

diagnosis. However, there are many other outcomes that have been generally understudied 

in the domain of rectal symptomology. Some of which are debilitating and impacting the 

quality of life more than rectal bleeding [210]. In Chapter 2 of this thesis, associations 

between treatment factors and events of proctitis, stool frequency, tenesmus, and rectal 

bleeding were analysed. The ability to study the impact of incremental changes in 

radiotherapy treatment is rare. In most studies, the treatment planning and treatment-

related demographic data are not collected in such detail as in the RADAR trial. Additionally, 

additional studies were undertaken prior to patient recruitment to verify adequate 

treatment accuracy, and relevant technical data related to patient treatments was collected 

prospectively [75]. In contrast to many studies attempting to understand the impact of 

treatment factors to rectal toxicity, this study used the prevalence rather than the incidence 

of toxicity. This reduces the cumulative noise due to transient events which are probably 

not treatment-related.  

 

On multivariate analysis, three factors were found to be related to toxicity after a rather 

conservative multiple comparison adjustment; the use of laxative for bowel preparation 

was associated with an increase in toxicity, the use of a more robust dose calculation 

algorithm was associated with a decreased risk of toxicity and the larger planning target 

volume (PTV) was associated with an increased in toxicity. While the impact of the PTV can 

be explained by differences in the dose distribution, the impact of the use of laxative and a 

more robust dose calculation algorithm cannot be attributed to the differences in dose 

distribution. We speculated that the risk of toxicity may not be dependent on dose alone. 

The increased risk of toxicity with the use laxative, for example, may have drug-radiation 

synergistic effect to increase damage to the intestinal villi caused by radiotherapy. This 

observation strengthens the results by Lips et. al who found a trend towards slightly more 

gastrointestinal toxicity in the laxative arm than in the placebo arm [27].   

 

Recommendations were made for the careful collection of treatment-related factors during 

clinical studies in order for the impact of incremental changes in technique to be assessed. 

Individual, specific clinical studies of such incremental changes may never be undertaken. 
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Consequently, the clinical consequent of these changes may only be assess by exploratory 

analysis of treatment and outcome data. 

 

In contrast to rectal symptoms, which have been the subject of investigations in many 

studies, urinary symptoms have been largely ignored. Historical observations have been 

that there is no clear dose-volume relationship for the bladder in the dose range used in 

clinical treatments [20]. Only recently have extensive studies of the impact of dose 

distributions across the bladder been undertaken. These studies, including our own works 

in this thesis, have suggested that there is a significant impact of dose distribution on 

urinary symptoms, with this outcome potentially superseding previous hypotheses of no 

associations between dose distribution and toxicity [14, 15, 32-35, 41, 72, 122, 154, 155].  

 

In Chapters 3 and 4, the impact of dose, clinical factors and medication intake on urinary 

symptoms were analysed. Analyses based on the prevalence and the incidence of urinary 

symptoms was reported in Chapter 3. This analysis included dose information which had 

been reduced to two principal components (PC1 and PC2), as well as other clinical and 

medication-intake factors. In the analyses based on the prevalence of urinary symptoms at 

four time points, several factors were found to be associated with the prevalence of urinary 

symptoms at ≥2 timepoints; baseline symptoms, non-insulin dependent diabetes mellitus, 

age and PC1. This gives stronger evidence of associations compared to associations found 

with the use of incidence or actuarial analysis alone. This is especially for endpoints that are 

reversible like urinary symptoms. We indeed found some associations were not repeated at 

different time points suggesting poorer or transient impact. Recommendations were put 

forward for studies to consider analysis based on the prevalence for non-survival endpoints 

to determine factors that are persistently associated with the observed outcomes.  

 

The combination of different symptoms into grades (e.g. RTOG scale as in [23, 32, 37, 39]) 

has the potential to obscure relevant associations if individual symptoms have different 

pathophysiological origins. This issue has been raised in the Quantitative Analyses of 

Normal Tissue Effects in the Clinic (QUANTEC) report in 2010, to quote, “Given the multiple 

endpoints that can be used to score toxicity, and to avoid ambiguity, we recommend that 

objective, quantitative, scoring systems that explicitly consider multiple patient- and 

physician-based endpoints be used, such as the LENT-SOMA system.”[20]. In Chapter 3, several 

factors were found to influence a specific urinary symptom and not others, facilitating a 

more symptom-specific pathophysiological understanding. It is comforting to see that the 

more recent analyses of urinary symptoms have transitioned from the use of non-specific 
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and generalised grades into more refined definitions of urinary symptoms (e.g. [14, 36, 38, 

154, 211, 212]). 

 

In Chapter 4, the relationships between dose and specific urinary symptoms were analysed 

in more detail, including the use of multiple-event and event-count models, which take into 

consideration the longitudinal aspect of the symptoms.  Even though there were examples 

of the use of longitudinal definitions of toxicity in the literature [48, 49], the methods 

presented in this thesis require no transformation of endpoints. By using the generalised 

estimating equations and the negative binomial regression in the analysis, there is also no 

need to arbitrarily dichotomise the longitudinal symptoms. It was found that the 

relationship between dose indices and symptoms were stronger using multiple-event and 

event-count models than in peak-symptom analysis suggesting the impact of noise in the 

analysis based on the peak alone. We recommend that the multiple-event and event-count 

models should be used to determine the dose-symptom relationships for certain endpoints 

for a more complete understanding of the dose-symptom relationship. 

 

It was also found that, except for haematuria, the relationship to symptom development is 

stronger by using relative measures of irradiated bladder surfaces compared to absolute 

measures across all event definitions and grade levels. This is in contrast to a previous study 

that recommended the use of absolute dose-surface histograms. It might be suggested that 

the bias previously associated with the use of bladder relative dose-surface in dose-

response studies may be overstated [117]. We also found that the associations were 

reversed (OR<1) for certain endpoints using absolute dose-surface which suggest a lower 

risk for larger irradiated surface area. This might be explained by the bias associated with 

heterogeneity of total bladder surface area from patient to patient. To illustrate this point, 

consider a bladder with a small surface area wholly irradiated to a dose and a bladder with 

a large surface area only partially irradiated to the same dose. Despite the hypothetical 

higher risk of injury for the former where the whole bladder was irradiated, the latter may 

have higher absolute dose-surface index because of the large bladder size. As the 

homogeneity of bladder surface area cannot be assumed in large patient cohorts, the use of 

absolute dose-surface would potentially obscure the dose-symptom correlates especially 

for low and intermediate doses. For future studies trying to determine the dose-symptom 

correlates, the use of relative dose-surface histograms in combination with the absolute 

dose-histograms is recommended over the use of absolute dose-histograms alone.  
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The important dose thresholds were also found to be dependent on the symptom in 

question. Also, the bladder architectural behaviour, based on the equivalent uniform dose, 

was found to be both parallel and serial depending on the specific symptom studied. Parallel 

for frequency and low grade incontinence and more serial for haematuria, dysuria and high 

grade incontinence. This observation is in contrast the suggestion of the seriality of bladder 

architecture potentially due to the use of a grading system that does not differentiate 

different urinary endpoints [32].  The observation of the parallel-serial architectural 

behaviour of the bladder, dependent on the symptom being considered, further highlights 

that urinary symptoms should not be combined into aggregated grades when dose-

symptom correlates are studied.  

 

9.2.2 Improving predictive modelling 

The prediction of radiotherapy treatment-related toxicity has been of significant interest 

[51, 52, 54-66, 129]. Toxicity prediction involves relating the dosimetric factors to the 

toxicity in question in a model, potentially in combination with clinical information. 

Chapters 5 and 6 dealt with the issues related to the performance of predictive models. 

Studies suggest that the more contemporary strategies show promising results and perform 

better compared to conventional predictive modelling methods. Strategies have included 

the use of regularized regression [51-53], neural networks [54-59], support vector 

machines [58, 60], decision trees [61], distance-based measures [62] and ensemble 

methods [63, 64] including random forests [65]. A primary motivation for utilising more 

advanced strategies is the production of models with more predictive power. In Chapter 5, 

we have studied the impact of the selection of modelling method on the predictive 

performance for 12 urinary symptom endpoints. Multiple previous studies have compared 

one modern statistical-learning strategy to one conventional method for radiotherapy 

outcome prediction. The study described in Chapter 5 is unique in attempting to assess the 

values of statistical-learning strategies, extensively comparing six statistical-learning 

strategies side-by-side. Furthermore, comparisons in the context of outcome prediction 

were mostly performed using only one endpoint. Concluding the superiority of a strategy 

based on only one endpoint may not be optimal for deriving a solid conclusion; findings 

have less chance of being fortuitous if they are repeated across endpoints/datasets [131].    

 

In the comparison of statistical learning strategies in Chapter 5, it was found that the 

predictive power was less dependent on the statistical learning strategies used relative to 

the selected endpoints suggesting differences in complexity of relationships between 

predictors and outcomes. Based on the observations in this analysis, we put forward several 
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suggestions. First, the superiority of contemporary learning-strategies should be 

considered with caution. Researchers were inclined to be over-optimistic with respect to 

the advantages of the new strategies they are reporting including in the form of over-

optimisation of the reported strategy’s parameters [148]. Future studies which assess 

modern learning strategies should do so with awareness that it is possible for them to 

overfit the learning strategy to a specific dataset, with the derived model not generalizable 

to other datasets. Second, the availability of strong features is key in the construction of a 

predictive model. Given the relatively poor performance found with most learning 

strategies, models are in need of new features, including spatial descriptors of the dose 

distribution, to achieve better predictive capability. 

 

In recent years, a number of attempts have been made to produce predictive models or 

nomograms for urinary symptoms following external beam radiotherapy of the prostate 

[38, 41, 154, 155]. In most instances, derived models have been internally validated, usually 

through bootstrapping or cross-validation algorithms. This process helps to provide a more 

accurate estimate of model performance if used prospectively [67]. In Chapter 6, the 

performance of predictive models for urinary symptoms published in the literature was 

independently assessed using a dataset external to the one used in the development of those 

models. In the independent external validation, the models’ performance was modest with 

several models achieving an area under the receiver operating characteristic curve of little 

more than 0.60. It was also observed that models incorporating the urinary symptom at 

baseline as one of the features performed the best. One of the models produced certainty of 

toxicity for all patients in the validation cohort while another model produced all zero 

probability.  

 

We put forward several recommendations in model development and reporting to improve 

the transferability of the models to a new cohort for external validation and eventually for 

prospective use. The baseline symptoms should always be considered in predictive 

modelling. Due to the generally modest performance found, we suggested for efforts to be 

increased to improve model performance. There are several ways that this improvement 

can be achieved, first, by the extraction of novel radiomics features, some of which have 

been suggested in this thesis. Second, genetic features have been shown to be associated to 

urinary symptoms and the inclusion of these features in the models have been shown to 

improve predictive power [41, 170], although, this is controversial as the impact of genetic 

features found to be predictive in some studies failed to be replicated in an independent 
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validation [171]. Third, through the pooling of data from different datasets as highlighted in 

a QUANTEC report [87].   

 

Based on Chapter 5 and 6, further attempts to produce reasonable and usable predictive 

models for urinary symptoms should be pursued further. Predictive models have been 

proven to be useful in clinical decisions for other endpoints, especially lung, and attempts 

have been made to use them prospectively [153, 213, 214]. With the increasing importance 

of urinary symptoms to the quality of life for the patients, the potential of utilising the 

models should be further investigated to provide more data and thus provide higher 

confidence of its usefulness.   

 

9.2.3 Going beyond bladder dose-surface histograms 

In Chapters 7 and 8, two methods of quantifying the dose information were implemented. 

To study the impact of dose on the formation of urethral stricture, the urethral dose-length 

was developed as a surrogate to urethral dose. This study is the first to assess the impact of 

the urethral dose on outcome for patients treated with external beam radiotherapy.  It was 

found that the length of urethra receiving dose more than 72 Gy is an important dose 

predictor for urethral stricture. This suggests the impact of dose to the bulbous and 

membranous urethra on the formation of stricture. Even though this is the first study to 

observe such association in external beam radiotherapy cohort, there are several studies 

involving patients treated with either brachytherapy alone or in combination with external 

beam radiotherapy which have similarly shown the impact of the dose to the bulbous and 

membranous urethra [175-177, 187]. This study provided further evidence for the 

possibility of urinary symptoms to be related to the dose to regions external to the bladder. 

The bladder-focused approach has been used by most studies attempting to understand the 

origin of urinary symptoms ignoring other parts of the genitourinary system. We concluded 

Chapter 7 with suggestions for the need of the discovered impact of urethral dose-length 

information to be externally validated. Given the increasing availability of MRI in treatment 

planning in newer datasets, it is expected that the importance of the urethral dose-length 

on the formation of urethral stricture can be studied with better confidence through a more 

accurate definition of the urethra.  

 

All regions of the bladder might not be equally important for different functions [14, 15, 17, 

20, 73]. To further characterise the behaviour of the specific region of the bladder, the 

bladder dose-surface maps were produced to overcome the lack of the information on the 

spatial distribution of dose in bladder dose-surface histograms. The use of the bladder dose-



 

191 

 

surface maps and the pixel-wise associations to urinary endpoints have been analysed and 

reported in Chapter 8. Our results did not validate previous observations of the importance 

of dose to the trigone area in most of the endpoints [8, 15]. Instead, the dose to the anterior 

of the bladder was associated with symptom incidence, potentially due to the spread of the 

high dose region leading to damage to a larger region of the bladder surface.  

 

It is interesting to note that the use of dose-surface maps for the bladder has recently 

received further attention in the literature [17, 215]. Studies with spatial distribution of the 

dose would enable the location of heightened radiation sensitivity to be identified. At the 

current stage, however, the immediate aim is to develop the best and most robust method 

to study the spatially-specific dose-outcome associations. Many research questions are still 

not optimally answered including the problem of multiple comparisons. Different 

perspectives for this research question should be welcomed to speed the translation of the 

technical studies to the clinical setting. Especially pressing is the need for studies involving 

more cohorts to provide a stronger evidence of spatially-specific dose-outcome 

associations.   

 

With sufficient evidence from more studies, we expect that the current clinical guidelines 

and constraints can be updated by incorporating this new spatial information. This may 

directly benefit the patients by minimising the risks of complications through the selection 

of the most optimal dose distribution which currently is more dependent on dose-volume 

histograms which lack spatial details.  

 

9.3 PRIORITIES FOR FUTURE RESEARCH 

In this section, the priorities for future research are described, first, for RADAR-related 

studies and second, for predictive modelling in urinary symptoms in general. These 

priorities are obviously not exhaustive for the whole field, focusing only on particular 

studies naturally flowing from the studies described in this thesis.  

 

9.3.1 RADAR-related studies 

RADAR have reported the results from the main trial objectives [74, 77, 79-81], quality 

assurance related to the trial [75, 78, 83, 89, 104], exercise intervention [216-218], 

psychological outcome [219] and dose-related studies for rectal dysfunction [84, 156, 220] 

and urinary dysfunction outcomes [72, 122, 221]. In addition to that, several studies on 

urinary symptoms are currently in different phases of publications as outlined in previous 
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chapters. There are still many potential hypotheses that can be answered with the current 

data. 

9.3.1.1 Dose and quality-of-life measures 

RADAR has collected data on post-treatment urinary dysfunction using patient-reported 

IPSS [222] and EORTC QLQ-PR25 [223] alongside the physician-reported LENT-SOMA score 

[93]. As described in previous chapters, the dose-symptom relationships were assessed 

either using atomised symptoms or aggregated IPSS score which consists of symptoms from 

various domains. Thor et al. utilised factor analysis to determine the central domains of 

symptoms from multiple urinary symptoms measures following external radiotherapy of 

the prostate and derived the dose relationships [212]. This is an interesting proposition 

especially for urinary dysfunction described with multiple symptoms which may cluster. 

RADAR has a significant advantage in looking for the main domains of symptoms because 

of the large number of patients accrued and the availability of both patient- and physician-

reported outcome measures including quality-of-life measures.  

 

9.3.1.2 Multi-label modelling  

In conventional toxicity prediction models, each toxicity endpoint is independently 

analysed (single-label classification). As described in Chapter 5 however, more than one 

type of toxicity may develop in one patient. Co-occurrence may occur either within a system 

(e.g. different types of urinary symptoms) or across systems (e.g. urinary symptoms and 

rectal symptoms). This may be due to interrelationships and cross-reflexes of the neural 

networks responsible for their normal functioning [200, 201] or individual radiosensitivity 

[224]. The relationships may be studied using multi-label modelling and the predictive 

power of the models may be improved if significant co-occurrence of symptoms is taken 

into account.   

 

9.3.2 Improving prediction 

9.3.2.1 Literature-based meta-analysis 

Individual studies are frequently limited to small numbers of patients and low numbers of 

events. Frequently, systematic reviews and meta-analysis are used to combine and 

summarise the results from many reports providing a stronger evidence base. A literature-

based meta-analysis synthesising studies related to urinary symptoms to determine 

features consistently predictive can be performed as successfully done for radiation-

induced pneumonitis and hypothyroidism [167, 225]. 
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9.3.2.2 Data pooling   

Upon the publication of analyses from clinical studies including associated predictive 

models, data are commonly stored by the reporting group and eventually ignored. This 

research paradigm is wasteful.  

 

The idea of data-pooling as the key opportunity to accelerate the progress in normal tissue 

complication probability modelling was described by Deasy et al. in a vision paper in the 

QUANTEC report in 2010 [87]. The pooling of data from different studies is an important 

avenue to derive stronger evidence of relationships between clinical and dosimetric factors 

to the formation of urinary dysfunctions and to produce more generalizable predictive 

models. The reasons for this is at least two fold; first, a single study, including multicentre 

studies, may be limited by the similarities of the treatment practice based on local 

preference and also limited by the cultural and socioeconomic characteristics of patients 

accrued which usually are closely tied to the geographical location of the study. Second, the 

literature provides discordant findings probably due to low statistical power resulting from 

low patient numbers and low absolute incidence of recorded events. Pooling of data from 

different studies may substantially improve the evidence for the predictors of outcome. 

 

Data from clinical trials and prospective studies carry rich information due to the careful 

and complete collection of clinical and treatment-related factors including dose information 

and structured post-treatment follow-ups. This is in contrast to data from retrospective 

studies where data of patients from day-to-day treatment are not as rigorously collected. 

Unlike prospective studies, centres are not formally required to systematically collect 

variables and perform follow-ups increasing the risks of missing information. There are also 

attempts to combine data from different studies through the use of the decision support 

system [129].  Using this system, data from day-to-day treatments can be accumulated in a 

database from which continuous improvement of the models can be as more data being 

accrued. Meldolesi et al. have described an enticing proposition of the use of an umbrella 

protocol for standardized data collection which may result in more consistent datasets 

[163].  

 

9.3.2.3 Deformable-registration-based dose distribution 

One of the drawbacks of RADAR trial dataset is the lack of frequent rescanning during 

treatment. The impact of noise associated with day-to-day variations in bladder has been 

somewhat mitigated by the large numbers of patient datasets available for analyses. The 

relative stability of the bladder base has also been recently reported [215]. With more 



194 

 

recent studies incorporating multiple scans during treatment, the dose from each treatment 

fraction can be registered and spatially accumulated, and the relationship to the formation 

of urinary symptoms can be studied with higher confidence and potentially with less noise 

[226]. A study focusing on the combination of rectal dose from brachytherapy and external 

beam radiotherapy for the rectum using RADAR dataset through the use of deformable 

registration is ongoing at the University of Western Australia [220], the extension of the 

work to the genitourinary system is possible and desirable. 
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