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ABSTRACT 47 
 48 
Introduction Given the paucity of available data concerning radiotherapy-induced urinary 49 
toxicity, it is important to ensure derivation of the most robust models with superior 50 
predictive performance. This work explores multiple statistical-learning strategies for 51 
prediction of urinary symptoms following external beam radiotherapy of the prostate. 52 
Method The performance of logistic regression, elastic-net, support-vector machine, random 53 
forest, neural network and multivariate adaptive regression splines (MARS) to predict urinary 54 
symptoms were analysed using data from 754 participants accrued by TROG03.04-RADAR. 55 
Predictive features included dose-surface data, comorbidities and medication intake. Four 56 
symptoms were analysed; dysuria, haematuria, incontinence and frequency, each with three 57 
definitions (grade≥1, grade≥2 and longitudinal) with event rate between 2.3-76.1%. Repeated 58 
cross-validations producing matched models were implemented. A synthetic minority over-59 
sampling technique was utilized in endpoints with rare events. Parameter optimization was 60 
performed on the training data. Area under the receiver operating characteristic curve 61 
(AUROC) was used to compare performance using sample size to detect differences of ≥0.05 62 
at the 95% confidence level. 63 
Results Logistic regression, elastic-net, random forest, MARS and support-vector machine 64 
were the highest-performing statistical-learning strategies in 3, 3, 3, 2 and 1 endpoints, 65 
respectively. Logistic regression, MARS, elastic-net, random forest, neural network and 66 
support-vector machine were the best, or were not significantly-worse than the best, in 7, 7, 5, 67 
5, 3 and 1 endpoints. The best-performing statistical model was for dysuria grade≥1 with 68 
AUROC ± standard deviation of 0.649 ± 0.074 using MARS. For longitudinal frequency and 69 
dysuria grade≥1, all strategies produced AUROC>0.6 while all haematuria endpoints and 70 
longitudinal incontinence models produced AUROC<0.6. 71 
Conclusion Logistic regression and MARS were most likely to be the best performing 72 
strategy for the prediction of urinary symptoms with elastic-net and random forest producing 73 
competitive results. The predictive power of the models was modest and endpoint-dependent. 74 
New features, including spatial dose maps, may be necessary to achieve better models.   75 



INTRODUCTION  76 
 77 
The prediction of radiotherapy treatment-related toxicity has been of significant interest1-16. 78 
Toxicity prediction involves relating the dosimetric factors to the toxicity in question in a 79 
model, potentially in combination with clinical information. For urinary symptoms, the 80 
availability of such models is limited compared to rectal symptoms following prostate 81 
radiotherapy. This is despite the observation that urinary toxicity will likely represent the 82 
principal dose-limiting factor, due to the decreasing prevalence of rectal symptoms, in the era 83 
of dose-escalated radiotherapy for prostate cancer17, 18. The focus of model derivation should 84 
mirror this transitioning prevalence19.  85 
 86 
Along with multivariable logistic regression several more advanced statistical-learning 87 
strategies have been used and tested in the development of predictive models. A primary 88 
motivation for utilising more advanced strategies is the production of models with more 89 
predictive power. Strategies have included the use of regularized regression 14, 15, 20, neural 90 
networks 1-6, support vector machines 5, 7, decision trees 8, distance-based measures 9 and 91 
ensemble methods 10, 11 including random forests 12.  In most instances, the studies suggest 92 
that the more contemporary strategies show promising results and perform better. 93 
Nevertheless, except for the series of studies on radiotherapy-induced pneumonitis7-10, 13, the 94 
statistical-learning strategies were rarely extensively compared side-by-side. Furthermore, 95 
comparisons in the context of toxicity prediction were mostly performed using only one 96 
endpoint, probably chosen based on the clinical relevance. Concluding the superiority of a 97 
strategy based on only one endpoint may not be optimal for deriving a solid conclusion; 98 
findings have less chance of being fortuitous if they are repeated across endpoints/datasets 21. 99 
Also, to our knowledge, there is no study in the literature comparing different learning 100 
strategies using urinary-symptom endpoints. Given the paucity of available urinary toxicity 101 
data, it is important to ensure derivation of the most robust statistical model. 102 
 103 
The aim of this study was to develop the most accurate predictive model for urinary-104 
symptoms following external beam radiotherapy of the prostate by exploring different 105 
statistical-learning strategies. This was achieved by modelling 12 urinary-symptom endpoints 106 
from the data of patients treated with external beam radiotherapy in the Trans-Tasman 107 
Radiation Oncology Group (TROG) 03.04 trial of Randomised Androgen Deprivation and 108 
RT (RADAR-NCT00193856) 22-24 using six different strategies - logistic regression, elastic 109 
net, support-vector machine, random forest, neural network and multivariate adaptive 110 
regression splines (also known as enhanced adaptive regression through hinges). The models 111 
were optimized with a robust cross-validation method and subsequently compared in term of 112 
their predictive capabilities.  113 
 114 

METHODS AND MATERIALS 115 

Patients and treatment 116 
The RADAR trial 22-24 database, consisting of data for 754 patients who had received external 117 
beam radiotherapy (EBRT) of the prostate to either 66, 70 or 74 Gy, was utilized.  Data 118 
collection, protocol requirements, treatment technique and quality assurance (QA) have been 119 
summarized previously22, 25-27. Patients were routinely followed up in the clinic every 3 120 
months for 18 months, then 6 monthly up to 5 years and then annually. Urinary symptoms 121 
reported here were assessed using LENT-SOMA 28. Focusing on late effects, only follow-ups 122 
at least 1 year after randomization (i.e., 5 months after the end of EBRT) were considered.  123 



Dosimetric candidate features  124 
During the RADAR trial, digital treatment plans were independently reviewed and archived 125 
to ensure consistency across datasets submitted from different centres29. Physical doses to 126 
each voxel in the dose matrix for the bladder for each treatment phase were combined to 127 
generate EQD2 (equivalent dose in 2 Gy fractions using α/β=6 Gy 30, 31). The relative surface 128 
area of tissue receiving more than threshold doses (A1Gy, A2Gy…A75Gy) were calculated 129 
from (EQD2) bladder dose-surface histogram (DSH) data. Also, the equivalent uniform doses 130 
(EUDs) were derived from the DSHs using the standard formulation 32 (Appendix A). Due to 131 
the high correlation among dose thresholds and EUDs, an unsupervised feature clustering 132 
process, which assesses the collinearity of the features and separates them into clusters, was 133 
performed. A similarity measure based on Spearman correlations (cut-point for clustering at 134 
ρ= 0.8) was utilized where only one feature with the largest variance from each cluster was 135 
selected. Further analysis was therefore limited to 5 dosimetric features; EUD1 (EUD using 136 
a=1), EUD4, EUD8, EUD16 and A75 (Appendix A). 137 

Clinical candidate features 138 
Besides the dosimetric information, 23 other features, collected at randomization, were also 139 
introduced to improve the predictive power of the models: 140 

• The physical characteristics of the patients (age, body mass index (BMI) and ECOG 141 
performance status). 142 

• Clinical co-morbidities (cardiovascular condition, peripheral vascular condition, 143 
cerebrovascular condition, hypertension, dyslipidaemia, non-insulin dependent 144 
diabetes mellitus (NIDDM), respiratory disorder, bowel disorder, dermatological 145 
disorder, bone or calcium metabolism disorder, haematological disorder and thyroid 146 
disorder). 147 

• Medication intake (insulin, hypoglycaemic agents, ACE inhibitor, statin, nonsteroidal 148 
anti-inflammatory drug and anti-coagulant). 149 

• Lifestyle factors (smoking status and alcohol intake). 150 
 151 

The immediate aim in this study was not to study the impact of each feature, but rather to 152 
investigate the impact of statistical-learning choices on the predictive power of resulting 153 
models.  More complete descriptions of the influence of dosimetry, clinical factors and 154 
medication intake based on this dataset have been presented previously33, 34. 155 

Endpoints 156 
Four atomized symptoms were analysed; dysuria, haematuria, urinary incontinence and 157 
frequency. To quantify the urinary symptom events, different definitions have been suggested 158 
in the literature. For a complete overview of the symptoms, three endpoint definitions were 159 
utilized in the current study. The first two endpoints were peak grade ≥1 and grade ≥2 which 160 
take into account any symptom event at and above the grade cut-point throughout the follow-161 
up period. The third was a longitudinal definition where patients were only considered to 162 
have an event when individual symptoms of grade ≥1 were reported ≥2 times throughout 163 
follow-up. 164 

Data pre-processing 165 
Due to the low rate of missing data on most features (Appendix B), simple imputation was 166 
performed where the empty data points in continuous and categorical features were replaced 167 
by the median and mode of the particular feature, respectively. All continuous candidate 168 
features were pre-processed by standardizing to zero mean and unit variance.  169 



Statistical-learning strategies 170 
In this section, the six statistical-learning strategies used to develop the predictive models will 171 
be described. The following strategies were considered; logistic regression, elastic net, 172 
support-vector machine, random forest, neural network and multivariate adaptive regression 173 
splines (also known as enhanced adaptive regression through hinges) (MARS).  174 

Logistic regression 175 
Logistic regression is used in many applications. In this analysis, conventional logistic 176 
regression with backward stepwise elimination of the candidate features was applied. The 177 
Akaike information criterion (AIC)-based stopping rule was applied where a feature was 178 
removed if the chi-square increase was lower than two times the degrees of freedom.  179 

Elastic net 180 
Elastic net is type of penalized multivariate regression method that linearly combines the 181 
penalties used in lasso (least absolute shrinkage and selection operator) and ridge regression 182 
approaches 35. The lasso favours sparse models, removing all features except one in instances 183 
of correlated variables. The ridge-regression approach keeps all features as non-zero but 184 
shrinks the estimates of correlated features towards each other producing approximately the 185 
same value (known as the grouping effect). Compared to pure lasso and ridge regression, 186 
elastic-net provides a compromise between the two approaches. This leads to simultaneous 187 
model parameter estimation and variable selection by suppressing the estimates for features 188 
with no discriminatory power to be exactly zero due to the lasso properties, thus, producing a 189 
sparse model. Also, due to the ridge-regression approach, it is able to robustly model 190 
correlated variables by encouraging strongly-correlated predictors to be in or out of the model 191 
together 35. That is an attractive advantage, suitable for datasets with correlated dosimetric 192 
information. Thus, elastic-net was selected from the family of regularized logistic 193 
approaches. The final values of alpha (between 0 to 1, alpha=1 leads to application of the 194 
lasso penalty and alpha=0 the ridge penalty) and the regularization parameter, lambda, were 195 
optimized using cross-validation of the training data. 196 

Random forest 197 
Random forest is an ensemble-learning strategy which fuses the ‘votes’ submitted from many 198 
low-correlated decision trees to estimate the probability of events 36. Randomness is 199 
incorporated in the construction of the decision trees by two means. Firstly, for a dataset (S) 200 
with N samples and M features, N equivalently-sized samples are taken (by random sampling 201 
with replacement) from S to produce a single decision tree.  Secondly, for each split, m 202 
feature/s (m is a positive integer << M) is randomly selected from M candidate features to 203 
optimally produce a binary partitioning. The process of randomly selecting m features and 204 
creating splits are repeated until the trees are fully grown without any pruning. The process is 205 
repeated for all trees. The random selection of features for the split decision ensures low 206 
correlation between trees. For each tree, m is kept constant. Combining votes from many 207 
independently-grown trees correct for overfitting associated with a single unpruned decision 208 
tree. In this analysis, the number of trees grown was fixed at 1000 based on the suggestion of 209 
Breiman 36 while m was optimized using cross-validation of the training data.  210 

Neural network 211 
Neural network models can deduce potentially non-linear patterns in the data after executing 212 
the process of learning. The neural network architecture consists of three neuronal layers: 213 
input, hidden, and output. An input layer contains neurons which correspond to the number of 214 
input features; a hidden layer provides a relationship or pattern between the input and output; 215 



and an output layer contains an output neuron (in this instance, urinary symptom event). In 216 
the hidden layer, the network produces an associated output pattern based on transfer 217 
functions which correlate inputs with outputs in various ways so complex decisions can be 218 
modelled. In this current analysis, a feed-forward single-hidden-layer network method 219 
optimized by the BFGS algorithm was utilized 37. The number of hidden nodes and weight 220 
decay were optimised with cross validation.  221 

Support-vector machine 222 
Support-vector machine searches for the linear hyperplane optimally separating binary 223 
classes. The optimal hyperplane (or decision boundary) is the one that produces the maximal 224 
margin between the two classes. The support-vector machine can be applied to both linearly 225 
and non-linearly separable data. For non-linearly separable data, the support-vector machine 226 
first maps the data into a high-dimensional feature space by using non-linear mapping or 227 
using a kernel function and then searches for a linear optimally-separating hyperplane in the 228 
new space. Prediction is based on which side of the hyperplane the subject lies on. In this 229 
current analysis, the support-vector machine was implemented with a radial basis-function 230 
kernel, as widely used in many fields including radiotherapy 7. Two parameters were required 231 
and optimized using cross-validation of the training data; the penalty parameter, C, also 232 
called the cost or soft margin which controls model overfitting, and sigma which controls the 233 
degrees of non-linearity.  234 

Multivariate adaptive regression splines 235 
Multivariate adaptive regression splines (MARS) (or enhanced adaptive regression through 236 
hinges) is an extension of a linear model that includes nonlinearities, as developed by 237 
Friedman 38. MARS is capable of automatically producing local models by partitioning the 238 
hyperspace of candidate features into separate regions. In each region, a linear relationship is 239 
used to characterize the impact of features on the response producing a locally-linear model. 240 
The points at which the local model changes are called ‘hinges’ which indicate the end of one 241 
region of the space and the start of another with its own distinct local model. To prevent the 242 
model from overfitting the data, a pruning process is implemented which involves searching 243 
for the trade-off between complexity and error based on a backwards elimination feature 244 
selection procedure that looks at reductions in the cross-validation estimate of error.  245 
 246 

Model building 247 

100 iterations of 10-fold cross-validation 248 
To evaluate the power of the predictive models, stratified ten-fold cross-validation was 249 
utilized (Fig. 1). Briefly, the patients were randomly divided into ten folds with the number of 250 
patients with an event approximately equal in all folds. The development of the model was 251 
performed by using 9 folds and validation on the tenth. The development-validation was 252 
executed in ten rounds. Each fold was used exactly once as the validation data. Setting aside 253 
one fold for validation produced an unbiased estimate of model predictive power as the 254 
patients in the validation fold were not used to develop the model. This experiment of 255 
partitioning the data into ten and performing ten-fold cross-validation was repeated for a total 256 
of 100 iterations using different random seeds. Large iterations prevent selection bias that 257 
could occur if only one 10-fold cross-validation was performed and to obtain a representative 258 
set of models 39. The process was performed for all six statistical-learning strategies using 259 
exactly-matched random seeds resulting in 1000 models based on unique development-260 
validation combinations. 261 
 262 



Synthetic minority over-sampling technique (SMOTE) 263 
The event rates for grade 2 and longitudinal haematuria, and grade 2 dysuria, were small 264 
(<10%) requiring a different modelling approach. First, the data were divided into 3 folds 265 
maintaining approximately equal number of events in each fold. For each fold separately, the 266 
synthetic minority over-sampling technique (SMOTE) introduced by Chawla et al. 40 was 267 
utilized to generate new instances of the minority class based on 5 randomly chosen nearest 268 
neighbours. The generation of synthetic instances were balanced by under-sampling of 269 
negative instances to produce a ratio of 1 positive instance to 9 negative instances. 10% 270 
positive instances were considered reasonable to raise the weight of the minority class 271 
without excessive generation of synthetic instances. 3-fold cross-validation was performed 272 
with two folds for development and the third for validation in each run. The process was 273 
repeated 333 times to produce 999 models for each endpoint-strategy combination.  274 
  275 



Figure 1: Model building process using 100 iterations of 10-fold cross-validation. For 276 
endpoints with event rate <10%, a synthetic minority over-sampling technique was also 277 
implemented. Please refer to text for details. 278 
 279 
 280 

 281 
 282 
 283 

Parameter optimization 284 
Each of the statistical-learning strategies requires several parameters to be set up to optimally 285 
construct the model (Table 1). Where required, the optimal parameters were estimated via 3 286 
iterations of 10-fold cross-validation, performed using only data from the development fold, 287 
through an exhaustive grid search of a predefined parameter search space (Table 1). The 288 
optimum parameters were selected based on oneSE method 41. The model building was 289 
performed and streamlined using caret 42 in R 3.2.3 (The R Foundation for Statistical 290 
Computing, Vienna, Austria) 43 based on these packages; MASS 37, glmnet 44, nnet 37, kernlab 291 
45, randomForest 46 and earth (http://cran.r-project.org/package=earth). 292 
 293 
Table 1: Modelling parameters  294 
 295 
Method Modelling 

parameter 
Note 

Logistic regression none  
Support Vector 
Machines  

sigma  controls the degrees of non-
linearity  

C  cost, controls model overfitting  



C = {0.25, 0.50, 1.00} 
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 

 296 

Feature selection and feature importance 297 

Logistic regression, elastic-net, MARS and random forest models do not necessarily utilize 298 
all predictors and can thus be described as having built-in feature selection. For neural 299 
network and support-vector machine feature selection based on recursive feature elimination, 300 
a wrapper method which adds and/or removes predictors to find the optimal combination that 301 
maximizes the AUROC, was performed. For each model, the top five features (or less in 302 
instances where <5 features were included in the final model) were determined using model-303 
based technique for measuring variable importance; random forest using permutation method 304 
in randomForest package36, logistic regression and elastic-net using the coefficients, MARS 305 
using generalized cross-validation estimate of error reduction when each a feature is added to 306 
the model. For neural network and support vector machine with feature selection external to 307 
the modelling process, the ranking method used in recursive feature elimination was used to 308 
determine feature importance.  309 
 310 

Model comparison 311 
To compare the power of the statistical-learning strategies outlined above, the area under the 312 
receiver operating characteristic curve (AUROC) was evaluated. The AUROC is a common 313 
method to assess the power of a binary statistical-learning strategy as its discrimination 314 
threshold is varied across all cut-off values. AUROC can take a value between 0 and 1; an 315 
AUROC of 1 represents a perfect classification prediction; 0.5 represents a classification with 316 
discrimination no better than random; 0 represents a model with all validation instances 317 
predicted with a wrong label. In total, 1000/999 models were derived for each learning 318 
strategy with a matching subset of patients for both model development and validation from 319 
which the mean and standard deviation of the AUROC was derived. However, the utilization 320 
of all matched models in a two-tailed matched-pair t-test would provide the power to resolve 321 
a very small difference between strategies producing statistical significance even for small 322 
differences. Therefore, based on the distributions of the resultant models (population mean 323 
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and standard deviation), α error probability of 0.05, power of 0.95 and correlation between 324 
models, the appropriate sample size for each comparison was calculated to detect a mean 325 
AUROC difference between models of 0.05 (arbitrarily chosen as a threshold point for a 326 
meaningful difference). The first required model pairs were sampled for comparisons. 327 
Correlations between the predictive powers of the models using different statistical-learning 328 
strategies were calculated using Spearman correlation.  p-Value of 0.05 is considered 329 
significant. 330 
 331 

RESULTS  332 

Description of study sample 333 
A statistical summary of the features, including the standard deviation and number of missing 334 
data for each feature, is available in Appendix B. Event rates for the twelve endpoints range 335 
from 2.3% for haematuria grade ≥2 to 76.1% urinary frequency grade≥1 (Table 2). 336 
Longitudinal haematuria and dysuria grade≥2 have low event-prevalence (<10%).  337 
 338 
Table 2: The distribution of events for atomized symptoms (dysuria, haematuria, 339 
incontinence and frequency) based on three definitions (peak grade≥1, peak grade≥2 340 
and longitudinal). 341 
 342 

 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 

 343 

Comparison of predictive power 344 
Logistic regression, elastic-net, random forest, MARS and SVM were the highest-performing 345 
statistical-learning strategies in 3, 3, 3, 2 and 1 endpoints, respectively (Fig. 2). In 7 346 
endpoints, the differences relative to one or more other strategies were not statistically 347 
significant. Logistic regression, MARS, elastic-net, random forest, neural network and 348 
support-vector machine were the best, or were not significantly-worse than the best, in 7, 7, 5, 349 
5, 3 and 1 endpoints, respectively. The best-performing statistical model was for dysuria 350 
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grade≥1 with AUROC ± standard deviation of 0.649 ± 0.074 using MARS, followed by 351 
longitudinal frequency using logistic regression (0.647 ± 0.057) and dysuria grade≥1 using 352 
logistic regression (0.644 ± 0.080). 353 
 354 
The predictive power of the statistical models was dependent on the endpoint in question. 355 
Two endpoints with the highest average AUROC across all statistical-learning strategies were 356 
grade≥1 dysuria (0.634 ± 0.081) and longitudinal frequency (0.624 ± 0.069). Endpoints with 357 
the lowest average AUROC were haematuria longitudinal and grade≥2 (0.493 ± 0.110 and 358 
0.479 ± 0.097). Dysuria (grade ≥1), incontinence (grade ≥1 and longitudinal) and all 359 
frequency endpoints were less dependent on the model used (i.e. no significant difference 360 
between at least 3 models). For longitudinal frequency and dysuria grade≥1, all strategies 361 
produced AUROC>0.6 while all haematuria endpoints and longitudinal incontinence models 362 
produced AUROC<0.6.   363 

12 

 



Figure 2: Predictive performance for the statistical-learning strategies for urinary 364 
symptom endpoints and the standard deviations based on 1000 models.  365 

 366 

 367 
 368 
Note: AUROC – area under the receiver operating curve; ^ model with the highest, * not 369 
significant worse than the highest AUROC for the endpoint. G1: grade ≥1; G2: grade ≥2; 370 
Long: longitudinal. The error bars represent the standard deviations.  371 
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Correlations of predictive power 372 
The correlation between the predictive power of the models using different statistical-373 
learning strategies revealed a pattern. The correlation was highest between elastic-net and 374 
logistic regression; both of which are variations of generalised linear models (Fig. 3). The 375 
correlations were dependent on the endpoints, generally higher for dysuria grade≥1, 376 
frequency grade≥2, and longitudinal frequency. These were also the endpoints that resulted in 377 
better predictive power overall (average>0.6) and smaller standard deviation.  378 
 379 

Feature importance 380 
 381 
The important features for endpoints were found to share many similarities between different 382 
learning strategies (Appendix C). Common predictors were found to be less substantial for 383 
haematuria endpoints. 384 
  385 
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Figure 3: Correlation between predictive performance using different statistical-386 
learning strategies (Spearman rho, ρ) 387 
 388 

 389 
  390 
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DISCUSSION 391 
 392 
The prediction of urinary symptoms is uniquely challenging; patients treated for prostate 393 
carcinoma tend to from older portions of the population and subject to myriads of urinary 394 
symptoms which may or may not be related to the treatment. This introduces noise to post-395 
treatment urinary assessment. Together with the paucity of available urinary toxicity data, 396 
this makes the availability of an optimal learning strategy to improve prediction crucial. This 397 
study builds upon a developing body of literature suggesting the improvement of prediction 398 
capabilities of different statistical-learning strategies which may be an avenue for 399 
improvement in the prediction and alleviation of post-treatment urinary-symptoms.  400 
 401 
Compared to most studies related to the use of statistical-learning strategies in the prediction 402 
of toxicity outcome in radiotherapy, this work considered a wider range of endpoints. The 403 
advantages of using more than one endpoint are at least twofold; first, to provide a selection 404 
of datasets that represent the full urinary-symptom modelling problem domain. Readers may 405 
appreciate the differences between learning strategies through the use of atomized symptom 406 
types and diverse definitions of symptom grade (peak grade≥1, peak grade≥2 and multiple 407 
grade≥1). Peak grade≥1 provides a larger number of events while subjected to more noise 408 
while peak grade≥2 provides a significantly-smaller number of events and potentially less 409 
noise. The longitudinal grade≥1 tries to compensate for the large potential of noise associated 410 
with grade 1 symptoms by incorporating the persistence of symptoms. Second, 411 
hypothetically, if only one of the twelve endpoints was reported, the superiority of one 412 
learning strategy can be spuriously concluded. Having more endpoints/datasets provides a 413 
stronger base for a reasonable conclusion 21. Utilization of more than one endpoint in studies 414 
assessing/implementing different learning strategies in the field of radiotherapy is rare. 415 
 416 
It was shown that logistic regression and MARS are most likely to be the best-performing 417 
learning strategies for the prediction of urinary symptoms. The conclusion was based on 418 
model fitting to a data set comprised of a large number of patients with different event rates 419 
for the three definitions of dysuria, haematuria, urinary incontinence and frequency. The 420 
superiority of a relatively simple and widely used method like logistic regression is in 421 
contrast to many observations from other studies in radiotherapy outcome modelling. There 422 
are also other instances where more recently-developed statistical-learning strategies failed to 423 
substantially improve prediction accuracy over simpler methods 47, 48. Logistic regression and 424 
MARS along with elastic-net provide clear and reasonably unambiguous models. They use 425 
well-established probabilistic frameworks. Estimates describing each of the factors included 426 
in the final model provide high interpretability and straightforward inference for the 427 
important features which may be used as the basis for decision making. 428 
 429 
Random forest, which have been shown in many occasions to be a superior classification 430 
strategy 49, 50 including in the context of predictive modelling in radiotherapy,12 only 431 
performed modestly in this analysis. One of the most recent examples was the use of random 432 
forest in the prediction of rectal bleeding. The authors reported significant improvement of 433 
random forest model over Lyman-Kutcher-Burman (LKB) model and logistic regression 434 
despite a modest cross-validated AUROC difference (validation AUROC: 0.68 vs 0.64 and 435 
0.65, respectively) 12. Due to the relatively small difference between a random forest model 436 
and logistic regression, it might be argued that the superiority of random forest could be 437 
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endpoint-specific or found by chance. Both support-vector machine and neural network are 438 
more commonly used learning strategies in the prediction of radiotherapy toxicity outcome. 439 
Neural network is probably one of the first contemporary learning strategy explored for its 440 
potential in radiotherapy toxicity-prediction models 1. Since then, many studies have 441 
successfully utilized both neural network and support-vector machine in other toxicity-442 
prediction problems 2-5, 7. Despite the significantly-lower predictive-power for support-vector 443 
machine and neural network, it is acknowledged that only the ‘vanilla’ variants were 444 
implemented in this study. There are improvements of the methods suggested in the literature 445 
that were not implemented here which may have negatively impacted the result, unfairly 446 
discrediting the strategies 51. Thus, it may not be appropriate to conclude the overall 447 
inferiority of the strategies but rather only the specific variants used in this study. However, 448 
the decision to not include many variants of support-vector machine and neural network was 449 
based on the assumption that the basic algorithms should suffice to show improvements, if 450 
any, to a more conventional strategy like logistic regression. 451 
 452 
Comparisons of different learning strategies have previously been conducted by others using 453 
field-specific datasets, many of which have shown significantly-better predictive power than 454 
the more conventional alternatives. Boulesteix et al. 52 have argued that researchers were 455 
inclined to be over-optimistic with respect to the advantages of the new strategies they are 456 
reporting. This can be in the form of over-optimization of the reported strategy’s parameters. 457 
Thus, the superiority of contemporary learning-strategies should be considered with caution. 458 
As there are hundreds of different strategies available for researchers’ use, either 459 
conceptually-unique or variants of established learning-strategies, the use of these strategies 460 
without a reasonable justification may potentially cause over-fitting where the strategy in 461 
question may perform well in the specific dataset at hand while it may not be generalizable to 462 
other datasets.  463 
 464 
From the above results, there is a compulsion to discourage the use of more complex 465 
modelling strategies. However, specific problems may benefit from specific statistical-466 
learning strategies on the basis of the properties of the associated information – such as better 467 
treatment of missing data, computational efficiency, and the presence of sparse events or 468 
sparse features which may benefit from one specific strategy. For example, compared to 469 
logistic regression, random forest does not require feature selection and requires very 470 
minimal tuning/optimization.  471 
 472 
Even though the improvements afforded from the implementation of different statistical-473 
learning strategies were seen in certain endpoints, the overall predictive power remained 474 
modest which may limit the applicability of the models. Several endpoints studied in this 475 
analysis showed a substantially better model performance regardless of the statistical learning 476 
strategies used. These endpoints have higher performance correlation between models and 477 
more common important features suggesting that these endpoints have less complex 478 
relationships with strong features in the feature pools. These common important features may 479 
be used as a basis for integration into clinical decisions. Some endpoints have poor 480 
performance regardless of the strategy used suggesting that features included in the feature 481 
pools did not produce satisfactory predictive power even with extensive dosimetric, 482 
comorbidities and medication-intake information available. There are several explanations for 483 
the low predictive-power achieved for the derived models; first, predictors for urinary 484 
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toxicity following radiotherapy are known to be elusive partially due to bladder volume 485 
variability and other unresolved issues 53. In addition to the difficulty in assessing urinary 486 
symptoms specifically related to radiotherapy in the context of elderly patients with 487 
otherwise-increasing rates of urinary symptoms and symptoms related to prostatic 488 
hyperplasia, the pathophysiological processes involved are still not well understood. Second, 489 
despite the attempt to generate synthetic instances in this analysis, the paucity of events for 490 
certain endpoints may require a more specific learning strategy specifically designed for that 491 
purpose including RUSboost 54. 492 
 493 
The challenge to improve predictive models for urinary symptoms remains open. The 494 
availability of strong features is key in the construction of a predictive model. There are 495 
suggestions that specific dose-surface maps, which take into consideration the spatial 496 
information of the dose, have stronger relationships to post-treatment effects than dosimetric 497 
indices derived from the dose-surface histogram alone 55. The inclusion of the maps in the 498 
potential predictor pool may provide the predictive power necessary for a clinically-useful 499 
model.  500 

Conclusion 501 
In the context of urinary-symptom predictions, logistic regression and MARS were most 502 
likely to be the best-performing strategies for the prediction of urinary symptoms. The 503 
predictive power was modest – models are in need of new features including spatial 504 
descriptions of the dose distribution to achieve better predictive capability.  505 
 506 
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Appendix A: EUD and clustering 702 
 703 

EUD𝑎𝑎 = ��𝑠𝑠𝑖𝑖
𝑖𝑖

𝐷𝐷𝑖𝑖𝑎𝑎�
𝑎𝑎−1

 

where si is the fractional area of the dose bin (dose bin =0.1 Gy) corresponding to dose Di in 704 
the differential DSH of the bladder and the exponent a (range:a∊[1…100]) is a unitless 705 
parameter associated with the specific behaviour of the endpoint. a=1 denotes the mean dose 706 
where associated endpoints are strongly dependent on dose received by the whole organ 707 
while large exponent a denotes a stronger maximum dose impact to a smaller portion of the 708 
organ. Variable clustering is used for assessing collinearity, redundancy, and for separating 709 
variables into clusters that can be scored as a single variable, thus resulting in data reduction. 710 
Similarity measure based on Spearman correlations (ρ= 0.8). 711 
 712 
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 714 
 715 

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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Appendix B: Distribution of clinical features. Continuous distributions are specified as 717 
mean ± standard deviation (range), categorical variables are specified as number of patients 718 
(%). Missing data were replaced with the median for continuous and mod for categorical 719 
features.  720 

 721 

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 
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 

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; 722 
NIDDM – non-insulin dependent diabetes mellitus; IDDM – insulin dependent diabetes 723 
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mellitus; ACE - angiotensin-converting-enzyme; NSAID – non-steroidal anti-inflammatory 724 
drugs  725 
 726 
Appendix C: Feature importance based on statistical learning strategies. Features consistently 727 
selected in the top 5 for all statistical learning strategies are bold. 728 
 729 

       
 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 dyslipidaemia Smoking status Pre-treat. symp. Bowel dis. Age dyslipidaemia 
3 Bowel dis. Bowel dis. Smoking status Smoking status EUD1 BMI 
4 BMI BMI dyslipidaemia D75 Gy PTV Bowel dis. 
5 Smoking status EUD1 BMI BMI EUD4 Smoking status 

Longitudinal       
1 Pre-treat. symp. Pre-treat. symp. Pre-treat. symp. Pre-treat. symp. Pre-treat. symp. Pre-treat. symp. 
2 BMI Cerebrovas. cond Cerebrovas. 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 

Haematuria 
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 NIDDM dyslipidaemia 

Grade 2       
1 EUD24 EUD24 BMI BMI BMI EUD24 
2 BMI EUD16 PTV PTV PTV BMI 
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 

Longitudinal       
1 dyslipidaemia EUD16 dyslipidaemia D75 Gy BMI dyslipidaemia 
2 Statin intake EUD24 BMI Smoking status EUD24 Statin intake 
3 BMI BMI Statin intake dyslipidaemia Age BMI 
4 EUD16 dyslipidaemia Respirat. cond. Hypertension EUD16 Age 
5 Age EUD8 Smoking status ECOG PTV EUD16 

Incontinence 
Grade 1 

      

1 Age Age Pre-treat. symp. Pre-treat. symp. Age ECOG 
2 ECOG Pre-treat. symp. Cerebrovas. cond. Cardiovas. cond. Pre-treat. symp. Age 
3 BMI Cerebrovas. cond. ECOG Cerebrovas. cond. Cerebrovas. cond. BMI 
4 Pre-treat. symp. Hypertension BMI EUD1 Hypertension Pre-treat. symp. 
5 dyslipidaemia ACE-inhibitor Age BMI BMI dyslipidaemia 

Grade 2       
1 Age Pre-treat. symp. Pre-treat. symp. Cerebrovas. cond. Pre-treat. symp. Age 
2 Pre-treat. symp. Cerebrovas. cond. Cerebrovas. cond. Pre-treat. symp. EUD24 Pre-treat. symp. 
3 Cerebrovas. cond. EUD24 Alcohol intake EUD24 Cerebrovas. cond. Cerebrovas. cond. 
4 Hypertension Age Age Age EUD16 Hypertension 
5 ACE-inhibitor EUD1 Hypertension D75 Gy PTV ACE-inhibitor 

Longitudinal       
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 Cerebrovas. cond. BMI Cerebrovas. cond. ACE-inhibitor 
5 Respirat. cond. Cerebrovas. cond. ACE-inhibitor EUD1 EUD1 Respirat. cond. 

Frequency 
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 

27 

 



4 EUD1 EUD1 EUD4 EUD1 ECOG EUD1 
5 EUD8 EUD16 EUD1 Hypoglycaemic 

agents 
Hypoglycaemic 

agents 
EUD8 

Longitudinal       
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 dyslipidaemia Age EUD4 
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