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81 ABSTRACT
82 Purpose/Objective

83 Prostate cancer (PC) survivors frequently experience multiple co-occurring 
84 symptoms that adversely affect health-related quality of life (HRQoL). 
85 Identifying symptom clusters (SCs) may help to improve symptom 
86 management and patient care. The aim of this study is to investigate (1) 
87 SCs in prostate cancer (PC) patients, (2) associations of SCs with HRQoL, 
88 and (3) predictors of SCs.

89 Material/Methods

90 We used data from an international, multi-centre, prospective cohort study 
91 (REQUITE). SCs were identified from patient-reported outcomes collected 
92 with the EORTC Core Quality of Life questionnaire (EORTC QLQ-C30)  and 
93 pelvic symptom questionnaires. Machine learning techniques identified 
94 SCs, associations with HRQoL and SCs predictors. The dataset was divided 
95 into training (80%) and validation (20%) cohorts. 

96 Results
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97 Data were analysed from 1538 (before radiotherapy (T0)), 1490 (end of 
98 radiotherapy (T1)), 1322 (12-months (T2)), and 1219 (24-months (T3)) 
99 patients. SCs identified at T0: SC1 (gastro-intestinal), SC2 (fatigue, 

100 urinary, emotional and cognitive functioning), and SC3 (pain, physical, 
101 role, and social functioning). SCs changed at T1: SC1 (gastro-intestinal 
102 symptoms), SC2 (fatigue, urinary problems, insomnia), SC3 (social and role 
103 functioning), and SC4 (pain, bowel problems, physical, emotional, and 
104 cognitive functioning). At T2, symptoms returned to baseline clusters. SCs 
105 including ‘fatigue’ or ‘urinary symptoms’ were most frequent across time-
106 points. At T0, T2 and T3, HRQoL was best predicted by clusters 2 and 3 
107 (35-45% explained variance). At T1, cluster 4 was the best predictor (52% 
108 explained variance). Planned radiotherapy target volume, prostate specific 
109 antigen (PSA) at pre-diagnostic biopsy, age and alcohol consumption were 
110 the best predictors of SC2 at T1 and SC3 and fatigue-dyspnoea at T3.

111 Conclusion

112 Although SCs including fatigue and urinary symptoms were most common, 
113 the ‘pain, bowel problems, physical, emotional and cognitive functioning’ 
114 SC at T1 was associated most strongly with HRQoL. The predictors can 
115 help to identify men at risk for specific SCs. 

116

117 INTRODUCTION

118 Diagnosis and treatment of prostate cancer (PC) can adversely affect 
119 patients’ health-related quality of life (HRQoL). While the diagnosis is often 
120 accompanied by psychological distress and uncertainty, treatment is 
121 associated with physical side effects such as urinary, bowel, and sexual 
122 dysfunction 1, 2. Patients with PC are often faced with multiple co-occurring 
123 side-effects (e.g. fatigue, urinary and sexual dysfunctions), also referred to 
124 as ‘symptom clusters (SC)’3, 4. SCs are defined as two or more concurrent 
125 symptoms that are related and tend to occur together, often due to shared 
126 underlying mechanisms. Patient-reported outcomes (PROs) capture 
127 patients’ subjective experiences of symptoms and functioning and are 
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128 essential for assessing HRQoL, making them particularly useful for 
129 identifying and analyzing SCs.

130 Symptoms within a cluster can exacerbate one another, and their combined 
131 presence has a stronger negative impact on HRQoL than individual 
132 symptoms alone5. Therefore, it is important that future interventions 
133 address multiple symptoms (rather than tackling single symptoms with 
134 different interventions) to achieve greater HRQoL gains and to decrease 
135 patient burden5, 6. Such interventions primarily target one or two 
136 symptoms within a cluster, and alleviate the severity of other symptoms 
137 within the cluster because of common underlying mechanisms6. 
138 Knowledge on SCs will allow clinicians to anticipate on other related 
139 symptoms5. Hence, patient-provider interaction can become more efficient 
140 and overlooked symptoms can be uncovered5. 

141 Although emerging evidence exists in SCs research5, 7, most studies in PC 
142 have been limited to conventional statistical techniques. Recent studies in 
143 PC have identified clusters involving fatigue, urinary symptoms, pain, and 
144 emotional distress, highlighting that symptoms often co-occur rather than 
145 occurring in isolation8, 9. However, it remains unclear how SCs evolve 
146 throughout PC survivorship, beyond the acute post-treatment phase. Only 
147 a few studies, mostly in mixed cancer populations, have examined changes 
148 in SCs during the first year after treatment7, 10. Furthermore, identifying 
149 predictors of SCs and assessing their associations with patients’ overall 
150 health-related quality of life (HRQoL) is crucial. Knowledge about which 
151 patients are at risk for developing certain SCs can help healthcare 
152 providers intervene early and offer more targeted supportive care11. 
153 Additionally, understanding which SCs are most strongly associated with 
154 HRQoL can guide prioritization of symptom management efforts11. 

155 With the emergence of new data analysis techniques, machine learning can 
156 be used to advance the field of SCs research12. While traditional methods 
157 such as latent class analysis (LCA) have been used to identify symptom 
158 clusters in cancer populations, machine learning (ML) clustering offers 
159 additional advantages. ML can handle complex, high-dimensional data, 
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160 capture non-linear relationships among symptoms, identify clusters 
161 without pre-specifying their number, and provide intuitive visualizations 
162 (e.g., dendrograms)13. Papachristou et al. (2016){Papachristou, 2016 #11} 
163 showed that ML algorithms produced clinically meaningful clusters 
164 consistent with LCA results, supporting ML as a flexible and powerful tool 
165 for exploratory analyses of symptom patterns in prostate cancer 
166 patients{Papachristou, 2016 #11}. However, most prior studies using ML 
167 or other clustering approaches have been limited to cross-sectional data or 
168 small single-centre samples, often without integration of clinical and 
169 treatment-related variables. As a result, the temporal stability and clinical 
170 correlates of symptom clusters across the treatment trajectory remain 
171 unclear. The present study addresses this gap by applying hierarchical 
172 clustering and random forest models to a large, multicentre longitudinal 
173 dataset, enabling the exploration of both symptom patterns at different 
174 timepoints and their associations with HRQoL.

175 This study used machine learning techniques to identify (1) SCs and their 
176 changes over time in PC patients receiving radiotherapy (RT), (2) the 
177 associations of SCs with HRQoL, and (3) demographical, clinical and 
178 treatment-related predictors of SCs.

179 METHODS

180 Study design and patient population

181 Data were used from the REQUITE study, a multicentre European cohort 
182 study designed to identify predictors of radiotherapy-related toxicity and 
183 quality of life outcomes.14. Patients were recruited at 26 hospitals across 
184 eight countries (i.e. Belgium, France, Germany, Italy, Spain, The 
185 Netherlands, UK and USA). The REQUITE study was approved by the local 
186 Ethical Committees of each participating country (UK NRES Approval 
187 14/NW/0035) and registered at http://www.controlled-trials.com, 
188 (ISRCTN98496463; Registration date: 19/03/2014). 
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189 Eligible patients were men with PC and due to receive radical RT, 
190 brachytherapy and/or postoperative radiotherapy. Further details of the 
191 REQUITE study and the eligibility criteria were previously published14.   

192 Data collection and outcomes

193 Patients were recruited between April 2014 and October 2016. Healthcare 
194 professionals completed a paper-based case report form (CRF) at baseline, 
195 including demographical, patient, clinical, radiotherapy and other 
196 treatment characteristics. PROs were collected using the EORTC QLQ-
197 C3015 and the pelvic symptom questionnaire at baseline (i.e. at the start of 
198 RT), at the end of RT, at month 12, and month 24 after RT. The primary 
199 method of data collection in REQUITE was a paper-based questionnaire 
200 after which data was manually entered by study centre personnel. 

201 The EORTC QLQ-C30 is a validated questionnaire to measure cancer-
202 specific HRQoL and includes five functional scales (physical, emotional, 
203 role, social, and cognitive functioning), nine cancer-related symptom scales 
204 (fatigue, nausea and vomiting, pain, dyspnoea, insomnia, appetite loss, 
205 constipation, diarrhoea and financial difficulties) and a global health status 
206 scale15. In addition, PC specific HRQoL was measured with the pelvic 
207 symptom questionnaire developed by working groups of the EORTC and 
208 the Radiation Therapy Oncology Group (RTOG) and incorporated into the 
209 National Cancer Institute’s (NCI) Common Terminology Criteria for 
210 Adverse Events (CTCAE)16. The pelvic symptom questionnaire is a 16-item 
211 questionnaire assessing bowel (nine items: pain, pain on opening bowels, 
212 urgency bowels, unable to open bowels, diarrhoea, constipation, bowel 
213 incontinence, sticky motions and bowel pads), urinary (six items: pain on 
214 passing urine, urinary urgency, urinary frequency, urinary incontinence, 
215 nocturia, incontinence pads), and sexual (one item: erectile dysfunction) 
216 domains16. 

217 Statistical analyses

218 Descriptive statistics were used to describe the demographic, clinical and 
219 treatment sample characteristics. Missing item responses within a scale 
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220 were handled according to the EORTC scoring manual (if ≥50% of items 
221 completed, the mean of available items was used). Missing demographic or 
222 clinical data were excluded from the random forest models. Scoring 
223 procedures also adhered to the OERTC manual. The numbers (ranging 
224 from 1 to 4 on a Likert-scale) were converted into values ranging from 0 to 
225 100 by first calculating a raw score and then performing a linear 
226 transformation according to the EORTC scoring manual17. A score of 100 
227 can be interpreted as maximal function (e.g. emotional functioning) or 
228 maximal symptoms (e.g. fatigue). For further SCs analyses, all PRO scores 
229 were transformed into a score from 0 to 1 (relative to the 0 to 100 scale)  
230 with 0 being the worst outcome (i.e. minimal function or maximal 
231 symptoms) and 1 being the best outcome (i.e. maximal function or minimal 
232 symptoms17. No further scaling or normalization was required before 
233 fitting the random forest models, as tree-based methods are insensitive to 
234 the scale of input variables and use splits based on feature ordering rather 
235 than absolute values.

236 Python 3.8.5 with the scikit-learn 0.24.1 package was used for the cluster 
237 and random forest analyses. Hierarchical agglomerative clustering was 
238 used to cluster correlating symptoms (or domains)18. In this type of 
239 clustering, symptoms are hierarchically clustered by similarity, using 
240 Ward’s linkage method with Euclidean distances. Hierarchical 
241 agglomerative clustering was chosen because it does not require 
242 specifying the number of clusters in advance and produces a dendrogram 
243 that visually shows how symptoms group together at different levels of 
244 similarity, helping to interpret complex relationships among 
245 symptoms{Pasupathi, 2021 #29}. The final clusters were identified based 
246 on the dissimilarity values (i.e. a numerical score measuring differences in 
247 data scores) in combination with expert input. Associations of SCs with 
248 HRQoL were assessed using simple linear regression models. The 
249 proportion of variance in HRQoL explained by each SC (R²) was used to 
250 quantify the strength of these associations.

Commented [ER1]:  1. Everitt, B. S., 
Landau, S., Leese, M., & Stahl, D. (2011). 
Cluster Analysis (5th ed.). Wiley.
This foundational textbook provides 
comprehensive coverage of hierarchical 
agglomerative clustering, including its 
advantages such as not requiring pre-
specification of the number of clusters and its 
ability to reveal nested relationships among data 
points.
DOI: 10.1002/9780470977811
2. Kim, M., Shanmuganathan, V., 
Madasamy, K., & Robinson Yesudhas, H. 
(2021). Trend analysis using agglomerative 
hierarchical clustering approach for time 
series big data. The Journal of 
Supercomputing, 77(7), 6505–6524.
This recent study demonstrates the application 
of agglomerative hierarchical clustering in 
analyzing complex datasets, highlighting its 
utility in identifying patterns without predefined 
cluster numbers.
DOI: 10.1007/s11227-020-03580-9
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251 To uncover the predictors of the symptom clusters, random forest 
252 regression models were employed. Random forests were selected due to 
253 their robustness to multicollinearity, ability to capture non-linear 
254 relationships, and capacity to provide interpretable feature importance 
255 scores. For each cluster at each time point, a symptom cluster score was 
256 calculated as the average of the constituent symptoms for each patient. 
257 Random forest regression models were then trained to predict the cluster 
258 score from the demographic, clinical, and treatment characteristics 
259 detailed in Table 1.

260 Hyperparameter optimization was performed via grid search, initially 
261 considering the number of estimators, maximum depth, minimum samples 
262 split, maximum samples, and maximum features. After preliminary 
263 assessment, only the number of estimators, maximum features, and 
264 minimum samples split were retained for optimization. The dataset was 
265 split into training (80%) and test (20%) sets; no cross-validation was 
266 applied during grid search to limit computational time, but a 5-fold cross-
267 validation was used when calculating explained variance scores to evaluate 
268 model performance.

269 Variable importance scores were calculated to quantify the relative 
270 contribution of each predictor. For random forest models, impurity-based 
271 feature importances were used, while for linear regression models, 
272 normalized input coefficients were used. Higher scores indicate stronger 
273 predictive influence. Patients with incomplete records (i.e., demographic, 
274 clinical, and treatment characteristics) were excluded from the random 
275 forest analyses. Although imputation of missing data could have been 
276 considered, the proportion of missing data was minimal, and imputation 
277 may introduce distortion; therefore, complete-case analysis was 
278 performed. Finally, the explained variance of the models, ranging from -1 
279 to 1, was used to assess model accuracy, with higher values indicating 
280 better predictive performance. For each model, the ten most influential 
281 predictors of the symptom clusters were reported.

282 RESULTS
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283 Data from 1538, 1490, 1322, and 1219 PC patients were analysed at 
284 baseline, the end of RT, 12 and 24 months after RT, respectively. Table 1 
285 (patient and treatment characteristics) summarises the patient 
286 characteristics. 

287 [insert Table 1 Patient and treatment characteristics]

288 SCs at the different time-points

289 Based on hierarchical clustering and clinical considerations three to four 
290 SCs were identified at the different time-points which are presented in the 
291 dendrograms in Figure 1. 

292 At baseline and 12 months after RT, three SCs were identified: cluster 1a 
293 (gastro-intestinal symptoms), cluster 2a (fatigue, urinary symptoms, 
294 emotional and cognitive functioning), and cluster 3a (pain, physical, role, 
295 and social functioning). Insomnia, erectile dysfunction and dyspnoea did 
296 not cluster together with other symptoms. 

297 At the end of RT, changes in SCs since baseline were seen and four SCs 
298 were identified: cluster 1b (gastro-intestinal symptoms without diarrhoea 
299 and bowel problems), cluster 2b (fatigue, urinary problems, insomnia), 
300 cluster 3b (social and role functioning), and a new cluster was identified 
301 (i.e. cluster 4: pain, bowel problems, physical, emotional, and cognitive 
302 functioning). Diarrhoea, erectile dysfunction, and dyspnoea did not cluster 
303 together with other symptoms.

304 At month 24 after RT, SCs were almost identical as at baseline and month 
305 12. Cluster 1a (gastro-intestinal symptoms) and cluster 3a (pain, physical, 
306 role, and social functioning) remained the same but ‘fatigue’ left cluster 2c 
307 and formed another cluster together with ‘dyspnoea’ (i.e. cluster 5). 
308 Insomnia and erectile dysfunction did not cluster together with other 
309 symptoms.

310 Prevalence of the SCs

311 SCs including ‘fatigue’ or ‘urinary symptoms’ had the highest prevalence 
312 across time-points. Figure 2 presents boxplots with distribution, mean and 
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313 median scores of the different clusters over time, calculated on the 
314 complete dataset.   

315 Associations of SCs with HRQOL

316 At baseline and 12 months after radiotherapy cluster 2 (41% and 39% 
317 explained variance) and cluster 3 (33% and 41% explained variance) had 
318 the strongest correlation with patients’ overall HRQoL. At the end of RT, 
319 cluster 4 (50% explained variance) correlated most with overall HRQoL 
320 followed by cluster 3 (17% explained variance) and 2 (14% explained 
321 variance). At month 24, cluster 3 and 2 (both 30% explained variance) had 
322 the strongest correlation followed by cluster 1 (22% explained variance).

323 Figure 3 shows a visual representation of the relationship between the 
324 prevalence of SCs and their impact on HRQoL. 

325 Predictors of SCs

326 The explained variances, calculated on the test dataset (20% of the total 
327 cohort), to evaluate the performance of the different random forest 
328 regression models, were low across the different SCs and time-points. 
329 However, the explained variances showed some variability between SCs 
330 and timepoints: SC 2b (i.e. fatigue, urinary symptoms, insomnia) at the end 
331 of radiotherapy and SC 3a (i.e. pain, physical, role, and social functioning) 
332 and 5 (i.e. dyspnoea, fatigue) at month 24 after radiotherapy showed the 
333 highest explained variances (i.e. 0.10828, 0.15416, and 0.08663, 
334 respectively) meaning they could be best predicted by the included 
335 predictors in this study (as detailed in table 1). Planned radiotherapy target 
336 volume, PSA at pre-diagnostic biopsy, age and current alcohol consumption 
337 were the best predictors across all SCs and time-points (higher scores 
338 predict higher frequency of the SCs). Details of the prediction models can 
339 be found in supplementary file 1. 

340 DISCUSSION

341 This study adds evidence to the limited body of research concerning long-
342 term SCs in PC patients. While minor changes in cluster composition were 
343 observed at the end of radiotherapy and at month 24, the overall structure 
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344 of symptom clusters remained largely stable from baseline throughout 
345 follow-up. SCs including fatigue and urinary symptoms were most common 
346 across time-points. The ‘pain, bowel problems, physical, emotional and 
347 cognitive functioning’ cluster at the end of radiotherapy had the worst 
348 impact on the patients’ general HRQoL. Planned radiotherapy target 
349 volume, PSA at pre-diagnostic biopsy, age and current alcohol consumption 
350 were the best predictors of the SCs. 

351 Although current SCs research in PC is scarce, the two most discussed SCs 
352 in the literature are the ‘depression, fatigue, pain’-cluster19 and the 
353 ‘fatigue, emotional distress, PC specific symptoms (e.g. urinary 
354 symptoms)’-cluster3. In those studies, fatigue clusters together with 
355 symptoms such as urinary problems, emotional distress/depression and/or 
356 pain. The role of inflammation in the associations between these symptoms 
357 has been described4. Results of our study show that fatigue and urinary 
358 symptoms cluster together at all time-points, except at 24 months after 
359 radiotherapy. In contrast to the findings in other studies3, 4, 19, pain did not 
360 cluster with fatigue and only clustered with emotional functioning at the 
361 end of radiotherapy. Another large study using the EORTC scales of the 
362 QLQ-C30 found that pain was clustering with fatigue, physical- and role 
363 functioning, which is partly in line with our findings20. Variations among 
364 studies can be attributed to distinct clustering methodologies, variations 
365 in the questionnaires employed to evaluate symptoms, or disparities in 
366 treatment modalities and population demographics.

367 The correlation between urinary symptoms and fatigue found in our study 
368 is not surprising as previous literature also shows that urinary dysfunction 
369 is a strong predictor of persistent fatigue in men with PC4, 21. The link 
370 between fatigue, urinary problems, and insomnia at the end of 
371 radiotherapy treatment may be related to nocturia, which is a common 
372 urinary symptom during and after radiotherapy. Hence, nocturia is 
373 generally known to be a common cause for fatigue and poor sleep quality 
374 in the elderly4. 
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375 Erectile dysfunction did not cluster with other symptoms at any time point, 
376 indicating that it may represent a distinct dimension of prostate cancer 
377 survivorship. Despite this, erectile dysfunction was among the most 
378 prevalent symptoms reported, highlighting its clinical significance. The 
379 lack of clustering suggests that erectile dysfunction may not share the 
380 same underlying mechanisms as other commonly co-occurring symptoms 
381 such as fatigue, urinary, or emotional symptoms, and therefore may 
382 require targeted assessment and management strategies independent of 
383 other symptom clusters.

384 Emotional functioning clusters together with fatigue and urinary symptoms 
385 at baseline and 12 months after radiotherapy, which is similar to the 
386 findings of Malaski et al3. Men with PC who encounter urinary incontinence 
387 might be concerned about odors or urine leakage and may feel 
388 embarrassed about using incontinence pads. This, in turn, can contribute 
389 to social isolation and a decreased level of emotional functioning. Notably, 
390 the use of duloxetine, a serotonin noradrenergic reuptake inhibitor, as a 
391 treatment for depression has demonstrated an improvement in urinary 
392 symptoms4. In line with these results, our present study shows a 
393 correlation between emotional functioning and urinary symptoms.  

394 In agreement with the current literature22, 23, our study found that 
395 emotional functioning clusters together with bowel symptoms at the end of 
396 radiotherapy. Bowel symptoms are an aggravating burden for men with PC 
397 which can be reflected in the fact that this SC (i.e. emotional-, cognitive-, 
398 physical functioning, bowel symptoms, pain) had the strongest impact on 
399 HRQoL. Although it is not the most common SC among PC patients, the 
400 high impact on HRQoL calls for screening patients for these symptoms and 
401 initiating supportive treatments to alleviate these symptoms early on. 

402 Kwekkeboom et al.24 summarized the available evidence on guideline-
403 recommended symptom management strategies that cross over two or 
404 more cancer symptoms. A total of 88 symptom management strategies 
405 were recommended across two or more symptoms24. However, only a 
406 limited number of studies have specifically designed and tested an 
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407 intervention to manage specific SC5. More research is warranted to test 
408 the impact of interventions (e.g. behavioural, psychological or exercise 
409 support, pain medication) on specific SCs24. 

410 PSA at pre-diagnostic biopsy and the planned radiotherapy target volume 
411 have been identified as common predictors of the SCs. This association is 
412 logically grounded in the fact that a more severe disease often necessitates 
413 more aggressive treatment strategies, potentially leading to increased 
414 treatment-related toxicity. However, other studies have demonstrated that 
415 the difference in toxicity between prostate (bed) only radiotherapy and 
416 prostate (bed) + whole pelvis radiotherapy is generally minimal, and the 
417 increase in toxicity associated with a larger treatment field was not 
418 observed25. The present study, however, suggests that the planned 
419 radiotherapy target volume predicts SCs that likely impact HRQoL. 

420 One of the limitations of this study is that the datasets were not always 
421 complete for every patient. For machine learning, the number of complete 
422 records (i.e. patients) should be as high as possible while limiting the 
423 number of feature inputs (i.e. treatment and demographic data). Missing 
424 data were handled by case-wise deletion, and no formal assessment of 
425 missingness mechanisms or imputation methods was applied, which may 
426 have introduced attrition bias. Despite this limitation, the large and diverse 
427 sample across several countries enhances the robustness and 
428 generalizability of the study.Also, it was surprising that androgen-
429 deprivation therapy (ADT) did not predict SCs including symptoms such as 
430 fatigue, insomnia or emotional functioning. However, this is potentially 
431 because a large proportion of our cohort (68%) received ADT. More 
432 variation was seen in our cohort for length of hormone therapy (i.e. the 
433 longer the duration of ADT, the higher the frequency of SCs) which was 
434 commonly present in the top 10 of the predictors. 

435 In addition, the explained variance of the random forest models was 
436 relatively low (<0.2 for most clusters), indicating that the predictive 
437 models currently have limited clinical utility. Future studies could improve 
438 prediction by incorporating additional patient-level or treatment-related 
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439 variables, using longitudinal modeling approaches, or validating findings 
440 in independent cohorts. Our clustering analyses were performed cross-
441 sectionally at each time point and therefore do not capture within-patient 
442 symptom trajectories over time. Longitudinal clustering or time-series 
443 predictive models could provide additional insights into symptom 
444 evolution. Finally, as patients contributed repeated measures, within-
445 subject correlations were not explicitly modeled. Future research could 
446 apply mixed-effects or multilevel approaches to account for these 
447 dependencies and better understand individual symptom dynamics. 

448 CONCLUSION

449 This study aimed to identify symptom clusters in prostate cancer patients 
450 during radiotherapy and survivorship, examine their associations with 
451 overall HRQoL, and explore potential predictors. We found that distinct 
452 symptom clusters can be identified at multiple time points, with some 
453 clusters most strongly associated with overall HRQoL, as indicated by the 
454 highest explained variance in regression models. While clusters including 
455 fatigue and urinary symptoms were most common, the cluster comprising 
456 pain, bowel problems, and impairments in physical, emotional, and 
457 cognitive functioning at the end of radiotherapy had the strongest 
458 association with HRQoL. Patient, clinical, and treatment characteristics, 
459 including higher planned radiotherapy target volume, higher PSA at pre-
460 diagnostic biopsy, older age, and higher alcohol consumption, partially 
461 predicted cluster occurrence. These findings suggest that patients with 
462 these risk factors could benefit from targeted supportive care 
463 interventions, such as behavioural, psychological, or exercise support, and 
464 pain management. 

465

466

467

468
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471

472 List of abbreviations

Abbreviation Full term
ADT Androgen-deprivation therapy
C30 Core Quality of Life questionnaire (EORTC QLQ-C30)
CI Confidence interval
CRF Case report form
CTCAE Common Terminology Criteria for Adverse Events

EORTC European Organisation for Research and Treatment of 
Cancer

HRQoL Health-related quality of life
LCA Latent class analysis
ML Machine learning
NCI National Cancer Institute
PC Prostate cancer
PRO Patient-reported outcome
PSA Prostate-specific antigen
QoL Quality of life

REQUITE
Radiogenomics: Establishing a Quantitative Imaging 
and Tissue Biomarker Database for Radiotherapy 
Toxicity

RTOG Radiation Therapy Oncology Group
RT Radiotherapy
SC Symptom cluster
SCs Symptom clusters
SD Standard deviation
T0 Baseline (before radiotherapy)
T1 End of radiotherapy
T2 12 months after radiotherapy
T3 24 months after radiotherapy
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Figure 2 boxplots with distribution, mean and median scores of the different symptom clusters and single symptoms over time
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Figure 2 boxplots with distribution, mean and median scores of the different symptom clusters and single symptoms over time
Figure 1 Dendograms 
symptom clustersLegend: The pelvic symptom questionnaire was used to assess bowel and urinary symptoms. The EORTC QLQ-C30 was used for the other 
symptoms/domains of functioning. Dissimilarity is a numerical score measuring how different two data points are. 
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Figure 3 visual representation of prevalence and impact on HRQoL of symptom clusters plotted together
Figure 3visual representation of prevalence and impact on HRQoL of symptom clusters plotted together
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Figure 2 boxplots with distribution, mean and median scores of the different symptom clusters and single symptoms which did not 
cluster over time (this is a calculation based on the complete dataset). 
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Tabel 1 Patient and treatment characteristics

Patient characteristics (n=1538)
Mean (Std. Dev.) 

Age (years) 69 (7)
Number of alcoholic drinks/week 9 (9)
Number of household members 2 (1)

N(%)
BMI <18 6 (0)

18-25 448 (29)
>25 1084 (70)

Ethnicity White 1492 (97)
Mixed 11 (0.7)
Black or African American 15 (1)
Asian 10 (0.7)
Hispanic or Latino 1 (0.1)
Other 2 (0.1)

Clinical characteristics (n=1538)
N(%)

M status M0 1217 (79)
M+ 321 (21)

Clinical T stage T1 421 (27)
T2 582 (38)
T3 214 (14)

Gleason Score
T4
< 7
7
> 7

17 (1)

Mean (Std. Dev.)
Prostate Specific Antigen (ng/mL) pre-diagnostic biopsy 15 (24)
Comorbidities/medication use  (n=1538)

N(%)
Cardiovascular disease 1022 (66)
Inflammatory bowel or diverticular disease 81 (5)
Haemorrhoids 322 (21)
Depression 118 (8)
Rheumatoid Arthritis    27 (2)
Diabetes 197 (13)
Use of analgesics 127 (8)
Radiotherapy characteristcs (n=1490)

N(%)
Radiotherapy 
type

3D conformal RT 265 (18)

IMRT 196 (13)
Rapid arc/VMAT     962 (65)

Pelvic radiotherapy  427 (29)
Brachytherapy 156 (10)

Mean (Std. Dev.)
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Radiotherapy dose per fraction (Gy/d) 2.2 (0.4)
Complete delivered dose of external beam radiation (Gy 
total dose)

69.2 (10.1)

Fractions per week 5 (0)
Number of fractions 33 (8)
PTV (cm3) 149 (89)
Other treatments (n=1538)

N(%)
Hormone therapy 1045 (68)
Lymphadenectomy 303 (20)
Radical prostatectomy 447 (29)
Bladder TUR 29 (2)
Previous abdominal surgery 524 (34)

Mean (Std. Dev.)
Length of hormone therapy (months) 13 (13)
N(%) may not add up to 100 % due to missing data.
Abbreviations: Std. Dev., standard deviation; BMI, body mass index; IMRT, intensity 
modulated radiotherapy; VMAT, Volumetric modulated arc therapy; PTV, planned 
target volume; TUR, transurethral resection
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