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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 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.
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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 [1, 2].
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 [3]. Since the report in 2010, several predictive models that 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 [4]. 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. Often, 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. [5-7]). This developmentvalidation 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 crosschecking the resultant external validation performance. To reduce the potential 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 dysfunctions following external beam
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 [8, 9]. The models were critically
assessed and potential improvements that could be made in predictive model development
and validation were then discussed based on this exercise.
MATERIALS AND METHODS
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.
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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 coefficient
estimates were not provided in the report, authors were contacted to provide the information
or the estimates were extracted from provided nomograms. 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.
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 [8, 9]. Extensive dose features, clinical and treatmentrelated factors were collected during the RADAR trial. Associations of these factors to
specific post-treatment symptoms of complications have been reported in previous
publications [10-13]. Predictors for atomised urinary symptoms using dose, clinical and
medication intake features have been previously discussed [12, 13].
Harmonisation of endpoints
Patients accrued during RADAR were assessed for urinary problems at baseline and at the
end of radiotherapy using physician-assessed LENT-SOMA [14] 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 [14]. Patients were asked to complete
the International Prostate Symptom Score (IPSS) questionnaire at 12, 18, 24, 36 and 60month follow-up post-randomisation. 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.
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.
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 discriminative ability of the predictive models. A
calibration plot, with the mean predicted probability on the x-axis and observed proportion on
the y-axis, was plotted for each model. A perfect calibration should give a 45-degree line
where the intercept is 0 and the calibration slope is 1. An intercept larger than 0 indicates that
predictions are systematically too low and vice versa. A calibration slope of less than 1
indicates that the models were over-fitted and coefficient shrinkage is needed. For a more
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comprehensive explanation of these measures, Steyerberg et al. is recommended [15]. 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) [16].

RESULTS
79 articles were found. Four articles [17-20] were selected after excluding other articles for at
least one of these reasons; treated using brachytherapy (18) or protons (1), traditional
explanatory studies (e.g. finding predictors, dosimetric constraints, comparisons between 3dimensional conformal radiotherapy to intensity modulated radiotherapy) (42), using nonurinary 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 [17, 18] and another two for acute
urinary symptoms [19, 20]. The studies and the associated models are listed in Table 1. The
event rates were found to be higher in the validation cohort in most endpoints.
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 [17, 19, 20]. 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 2. The distribution of
other features can be assessed from the original articles [17-20] and for the RADAR cohort
are described in Supplementary Material A and in [10, 12, 13]. Gross target volume (GTV)
and the minimum dose to the volume were utilised in place of clinical target volume (CTV)
in model E because clinical target volume delineation was not mandatory within the RADAR
protocol [21]. CTV and GTV are generally correlated making it a suitable equivalent.
However, it is expected that the use of CTV may increase the predicted probability of toxicity
in the validation cohort. The use of cardiovascular drugs and anti-hypertensive drugs in
model J and M were substituted with cardiovascular disease and hypertension, respectively,
due to the lack of details of the type of drugs in the report. The use of antihypercholesterolemia was substituted with statin use in the validation cohort. For models
from de Langhe et al., the alternative non-SNP models were validated [18]. The use of 5alpha-reductase inhibitors was not identified in the validation cohort for the validation of
IPSS increase of ≥10. As such the alternative model with seven predictors reported in the
Supplementary Materials of the publication, was utilised [20]. A comparison of the
distribution of features between development and validation cohorts revealed several
differences (Table 2). Of note, the validation cohort has all patients treated with hormonal
therapy and several dose features consist of all zeros.
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 (Supplementary Material B) [18]. 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
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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 [20].
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 (Supplementary Material C & Fig. 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. Models B, C
and D have slopes <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.
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 [22, 23]. Substantial numbers of patients were treated with prostatectomy [18] and
with hypofractionation [19, 20] in the development cohorts, neither of which were used in the
validation cohort. It may be attributable to cultural and socioeconomic factors which
previously shown to impact symptom reporting [24]. Different cohorts from different
geographical locations may also have population specific genetic variants that may alter
individual sensitivity to radiation [25]. 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. This is not unexpected given the inherent underlying
variations between the cohorts that were not accounted for in the development process
7

including those attributable to cultural and socioeconomic features which, previously shown
found to have impact symptom reporting [24]. Different cohorts from different geographical
locations may also have population specific genetic variants that may alter individual
sensitivity to radiation [25]. Treatment practice has not been standardised across the cohorts.
For example, all patients in the validation cohort were treated with hormonal therapy.
Substantial numbers of patients were treated with prostatectomy [18] and with
hypofractionation [19, 20] in the development cohorts, neither of which were used in the
validation cohort.
Fortunately, 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.
[26]. 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
[26]. 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 [27].
The models from Cozzarini et al. produced the highest predictive performance in the
validation cohort [19]. This can be attributed to the inclusion of baseline symptoms as one of
the features, a characteristic that distinguishes the models from Cozzarini et al. to other
models validated in this study. The impact of baseline symptoms on the formation of posttreatment symptoms havs been repeatedly shown [12, 28, 29]. 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 [18, 20]. This can be suboptimal given the difference between
grades is not always linear and patients with higher baseline grades are less likely to reach a
given grade difference threshold due to symptom saturation [30]. These models may be
improved by including the symptom baseline. Models from Mathieu et al. did not include the
baseline symptoms possibly due to the lack of such information in the cohort [17].
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 [31]. 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 [18]. 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”
[19, 20]. 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 [32]. 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
8

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 [20]. 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 [33].
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 standardized data collection which may result in more
consistent datasets [34]. 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.
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. [28-30,
35-38]. These studies, however, carry substantial important information on the impact of
clinical, treatment and dosimetric features on the formation of urinary symptoms. 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 [39].
Despite limitations, several of the models developed have demonstrated reasonable predictive
power in an independent external validation. 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 post-treatment dysfunctions and the inclusion of these
features in the models have been shown to improve predictive power [18, 40, 41], 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 [42]. The extraction of more sophisticated
radiomics features including from spatial dose descriptors (e.g. dose maps) and dose features
external to the conventional organ of interest for urinary symptoms (i.e. the bladder) should
also be considered [29, 30, 43, 44]. Another obvious avenue of model improvement is
through the pooling of data from different datasets as highlighted in a QUANTEC report [45]
or through open source approaches (e.g. [46], cancerdata.org).
In conclusion, in this study we have provided an independent 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 always be considered
in predictive models. We have provided evidence of the reasonable potential of these models
but efforts should be increased to improve model performance.
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Captions
Table 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.
Table 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.
Figure 1: Calibration curves for models A to M. Calibration of a model describes the extent
to which the predicted probability matches the observed probability. 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 (represented by the triangles) based on the increasing predicted risk.
Triangles can fall on the same spot resulting in smaller number of triangles shown. 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. The solid line is the fitted logistic function and the dotted line is the nonparametric function.
Supplementary material A: Distributions of clinical features in the validation cohort.
Continuous distributions are specified as mean ± standard deviation (range), categorical
variables are specified as number of patients (%).
Supplementary Material B: Expressions for models D to N. Models A to C were based on the
nomograms from the original publication [17].
Supplementary Material C: Model performance based on internal validation and independent
external validation.
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Table 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
Event/total (%)

Mathieu et al. 2014 [17]

De Langhe et al. 2014
[18]

A. Global late urinary
toxicity grade ≥2
B. Late urinary frequency
grade ≥2
C. Late dysuria grade ≥2

183/965 (19)

272/746 (36)

92/965 (10)

216/746 (29)

36/965 (4)

53/746 (7)

D. Late haematuria 2+*
E. Late nocturia grade 2+*

36/262 (14)
29/264 (11)

17/746 (2)†
166/748 (22)‡

F. Acute feeling of
incomplete bladder
emptying
G. Acute frequency
H. Acute intermittency
I. Acute urgency
J. Acute weak stream
K. Acute straining
L. Acute nocturia

18/231 (8)

104/678 (15)

35/220 (16)
22/260 (8)
32/219 (15)
44/221 (20)
19/248 (8)
42/229 (18)

204/653 (31)
114/660 (17)
184/652 (28)
157/614 (26)
79/695 (11)
260/643 (40)

77/380 (20)

255/718 (36)

28/380 (7)

131/718 (18)

Cozzarini et al. 2015
[19] §

Palorini et al. 2015 [20]
¶

M. Acute increase of IPSS
score ≥10
N. Acute increase of IPSS
score ≥15

Note: IPSS – International Prostate Symptoms Score; * - ≥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
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Table 2: Comparison of distribution of features between the model development and
validation cohort. Categorical features are specified as percentage; continuous features
are specified to match the summary statistics used in the model development report.
Model
A
A, B, C

Feature
Anti-coagulant treatment
Total dose (Gy)

B
D

Diabetes
Bladder volume receiving ≥ 70
Gy (cc) †
No haematuria
Haematuria
Prior TURP
Clinical target volume (cc) †

D
E

E

Development
21
65 Gy - 15;
70 Gy - 44;
80 Gy - 41
7

5 (0-22)
8 (1-22)
14.9

0 (0-63)
0 (0-0)
11.5

41 (7-129)
54 (17-127)

49 (15-199) *
46 (20-147) *

72 (64-79)
73(67-78)
16.4
71 (46-82)
51.9
47.3
61.5
NA

67 (4-82) *
67 (52-73) *
13
70 (49-85)
100
49*
38
0

NA

97 (77-120)

NA

0

NA

0 – 57; 1 – 26; 2 – 10;
3–8
0 – 30; 1 – 40; 2 – 17;
3 – 13
0 – 58; 1 – 27; 2 – 10;
3–5
0 – 50; 1 – 28; 2 – 13;
3 – 10
0 – 76; 1 – 17; 2 – 5;
3–2
0 – 12; 1 – 45; 2 – 27;
3 – 16
100
183 (152-225)
54 (43-67)

F

Min dose to clinical target
volume (Gy) †
No nocturia
Nocturia
Smoke
Age†
Neoadjuvant hormonal therapy
Anti-hypertensives
Irradiation of seminal vesicle
Absolute weekly DSH at 12.5
Gy (cm2) ‡
Absolute weekly DSH at 5 Gy
(cm2) ‡
Absolute weekly DSH at 11.5
Gy (cm2) ‡
Baseline Q1

G

Baseline Q2

NA

I

Baseline Q4

NA

J

Baseline Q5

NA

K

Baseline Q6

NA

L

Baseline Q7

NA

M, N
M
M

Neoadjuvant hormonal therapy
Planning target volume‡
Absolute weekly DSH at 8.5 Gy
(cm2) ‡

F, G, H, I, K
G
H
J
J
G, H
I
L

Validation
16
66 Gy - 13;
70 Gy - 56;
74 Gy - 30
13

56
129 (95-169)
56 (41-81)

15

M
M
M, N
M
N
N

Age (years) ‡
Hypertension
Use of cardiovascular drug
Body mass index (kg/m2) ‡
Use of hypercholesterolemia
drugs
Absolute weekly DSH at 12 Gy

71 (67-75)
54
34
26 (24-29)
16

70 (64-74)
49
29*
28 (25-30)
30*

10 (0-30)

0

Note: TURP - transurethral resection of the prostate; DSH - dose-surface histogram;
*Definition varied from the development cohort, refer text for details; † - median (range); ‡ median (interquartile range), NA: not available.
Figure 1: Calibration curves for models A to M. Calibration of a model describes the
extent to which the predicted probability matches the observed probability. 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 (represented by the triangles) based on the
increasing predicted risk. Triangles can fall on the same spot resulting in smaller
number of triangles shown. 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. The solid line is the fitted logistic function
and the dotted line is the non-parametric function.
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Supplementary material A: Distributions of clinical features in the validation cohort.
Continuous distributions are specified as mean ± standard deviation (range), categorical
variables are specified as number of patients (%).
Factors
Missing
Physical & Trial factors
Age
69 ± 7(49-85) years
3
BMI
27.98 ± 4.12
22
2
(17.17-45.77) kg/m
ECOG Performance Status (=1)
123 (16%)
1
Arm
A (191), B (187), C (192), D 0
(184) (refer to [21, 47]
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
NIDDM
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 66 (9)
1
disorder
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- 25 (3)
17
oestrogens or selenium
Lifestyle factors
Smoking status
Never 274 (36);
1
Previous 380 (50);
Current 99 (13)
Alcohol intake
None 100 (13);
5
Occasional 279 (37);
Regular 370 (49)
No. of patients with no missing
information: 711
Abbreviations; OR- Odds ratio; BMI - body mass index; ECOG - ECOG Performance Status;
NIDDM – non-insulin dependent diabetes mellitus; IDDM – insulin dependent diabetes
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mellitus; ACE - angiotensin-converting-enzyme; NSAID – non-steroidal anti-inflammatory
drugs; PC- principal component.
Supplementary material B: Expressions for models D to N. Models A to C were based
on the nomograms from the original publication [17].

Model
A
A, B, C
B
D

Feature
Anti-coagulant treatment
Total dose (Gy)
Diabetes
Bladder volume receiving
≥ 70 Gy (cc) †

D
E

Prior TURP
Clinical target volume (cc)
†

Symbol
x1
x2
x3
x4
x5
x6

E

Min dose to clinical target
volume (Gy) †

x7

F, G, H, I,
K
G
H

Smoke

x8

Age†
Neoadjuvant hormonal
therapy
Anti-hypertensives
Irradiation of seminal
vesicle
Absolute weekly DSH at
12.5 Gy (cm2) ‡
Absolute weekly DSH at 5
Gy (cm2) ‡
Absolute weekly DSH at
11.5 Gy (cm2) ‡
Baseline Q1
Baseline Q2
Baseline Q4
Baseline Q5
Baseline Q6
Baseline Q7
Neoadjuvant hormonal
therapy
Planning target volume‡
Absolute weekly DSH at
8.5 Gy (cm2) ‡
Age (years) ‡
Hypertension
Use of cardiovascular drug

x9
x 10

J
J
G, H
I
L
F
G
I
J
K
L
M, N
M
M
M
M
M, N

x 11
x 12
x 13
x 14
x 15
x 16
x 17
x 18
x 19
x 20
x 21
x 22
x 23
x 24
x 25
x 26
x 27
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M
N

N

Model
D
E
F
G
H
I
J
K
L
M
N

Body mass index (kg/m2) ‡
Use of
hypercholesterolemia
drugs
Absolute weekly DSH at
12 Gy

x 28
x 29
x 30

Model expressions; ln p/(1-p) =; where p is the probability of event
-3.67+0.40x 4 +1.43x 5
-2.21+0.31x 6 +0.36x 7
-3.11+0.50x 16 +1.15x 8
-2.47+0.43x 17 +1.02x 8 +0.02x 13
0.57-0.06x 9 +0.72x 8 +0.04x 13 +1.10x 10
-3.56+0.67x 18 +0.57x 8 +0.01x 14
-3.43+0.47x 19 +0.57x 11 +0.76x 12
-2.89+0.96x 20 +0.57x 8
-4.26+1.31x 21 +0.02x 15
3.168-0.668x 22 +0.0015x 23 +0.008x 24 -0.056x 25 +0.470x 26 +0.007x 27 *x 24 0.060x 28
-2.891+0.01x 29 *x 30 +0.007x 27 *x 30 -0.619x 22 +0.021x 30

Supplementary material C: Model performance based on internal validation and
independent external validation.

Model
A
B
C
D
E
F
G
H
I
J
K
L
M
N

Area under the receivers operating
characteristic (ROC) curve
Internal validation
Independent external
validation
0.512
0.482
0.473
0.67
0.535
0.60
0.67
0.634
0.63
0.605
0.69
0.568
0.69
0.606
0.63
0.568
0.59
0.594
0.75
0.695
0.67
0.567
0.71
-
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