Health and Quality of Life Qutcomes

https://doi.org/10.1186/s12955-025-02460-1

Article in Press

Using machine learning to predict patient-
reported symptom clusters in prostate cancer
patients receiving radiotherapy

Received: 26 May 2025

Accepted: 25 November 2025

Published online: 29 November 2025

Cite this article as: Rammant E.,

Deman E., Fonteyne V. et al. Using
machine learning to predict patient-
reported symptom clusters in

prostate cancer patients receiving
radiotherapy. Health Qual Life Outcomes
(2025). https://doi.org/10.1186/
$12955-025-02460-1

Elke Rammant, Emile Deman, Valérie Fonteyne, Lindsay Poppe, Renée Bultijnck,
Piet Dirix, Gert De Meerleer, Karin Haustermans, Ann Van Hecke, Miguel E.
Aguado-Barrera, Barbara Avuzzi, David Azria, Jenny Chang-Claude, Barbara N.
Chiorda, Ananya Choudhury, Patricia Calvo-Crespo, Dirk De Ruysscher, Antonio
Gomez-Caamaiio, Philipp Heumann, Ashley M. Hopkins, Kerstie Johnson, Maarten
Lambrecht, Alan Mcwilliam, Bradley D. Menz, Filip Poelaert, Tiziana Rancati, Kato
Rans, Tim Rattay, Barry S. Rosenstein, Petra Seibold, Jane Shortall, Elena Sperk, Nora
Sundahl, Christopher J. Talbot, Ana Vega, Peter Vermeulen, Adam Webb, Catharine
M. L. West, Liv Veldeman & Sofie Van Hoecke

We are providing an unedited version of this manuscript to give early access to its
findings. Before final publication, the manuscript will undergo further editing. Please
note there may be errors present which affect the content, and all legal disclaimers
apply.

If this paper is publishing under a Transparent Peer Review model then Peer
Review reports will publish with the final article.

©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International

License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do

not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


https://doi.org/10.1186/s12955-025-02460-1
https://doi.org/10.1186/s12955-025-02460-1
https://doi.org/10.1186/s12955-025-02460-1
http://creativecommons.org/licenses/by-nc-nd/4.0

© 00 N o Uu H

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Using machine learning to predict patient-reported
symptom clusters in prostate cancer patients receiving

radiotherapy

Elke Rammant!, Emile Deman?2, Valérie Fonteyne!3, Lindsay Poppe!,
Renée Bultijnck!-3, Piet Dirix?, Gert De Meerleer?, Karin Haustermans?,
Ann Van Heckeb7, Miguel E. Aguado-Barrera8?, Barbara Avuzzil?, David
Azriall, Jenny Chang-Claudel?13, Barbara N. Chiordal?, Ananya
Choudhury!4, Patricia Calvo-Crespo®15, Dirk De Ruysscherl6, Antonio
Gbémez-Caamano® 15, Philipp Heumannl!3, Ashley M. Hopkins!7, Kerstie
Johnson!8, Maarten Lambrecht5, Alan Mcwilliam!3, Bradley D. Menz!?,
Filip Poelaert!®, Tiziana Rancati??, Kato Rans®, Tim Rattay2!, Barry S.
Rosenstein?2, Petra Seibold!?, Jane Shortall!3, Elena Sperk23, Nora
Sundahl?4 Christopher J. Talbot?!, Ana Vega® 9 25, Peter VermeulenZ26,
Adam Webb 27, Catharine M. L. West!4, Liv Veldeman!3, Sofie Van Hoecke?

*on behalf of REQUITE consortium

Author affiliations

1 Department of Human Structure and Repair, Ghent University, Ghent,
Belgium.

2 IDLab, Ghent University - imec, Ghent, Belgium

3 Department of Radiation Oncology, Ghent University Hospital, Ghent,
Belgium.

4 Department of Radiation Oncology, Iridium Network, Antwerp, Belgium.
5 Department of Radiation Oncology, Leuven University Hospitals, Leuven,
Belgium.

6 Department of Public Health and Primary Care - University Center for
Nursing and Midwifery, Ghent University, Ghent, Belgium

7 Nursing Department, Ghent University Hospital, Ghent, Belgium

8 Instituto de Investigacion Sanitaria de Santiago de Compostela, Santiago

de Compostela, Spain.



32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

9 Fundacion Publica Galega de Medicina Xendmica (FPGMX), Santiago de
Compostela, Spain.

10 Unit of Radiation Oncology, Fondazione IRCCS Istituto Nazionale dei
Tumori, Milan, Italy

11 University Federation of Radiation Oncology of Mediterranean
Occitanie, Montpellier Cancer Institute ICM, Université Montpellier,
Montpellier, France.

12 Division of Cancer Epidemiology, German Cancer Research Center
(DKFZ), Heidelberg, Germany.

13 University Cancer Center Hamburg (UCCH), University Medical Center
Hamburg-Eppendorf, Hamburg, Germany.

14 Division of Cancer Sciences, The University of Manchester, Christie
Hospital NHS Foundation Trust, Manchester, United Kingdom

15 Servicio de Oncologia Radioterdpica, Hospital Clinico Universitario
Santiago de Compostela, A Coruiia, Santiago de Compostela, Spain

16 Department of Radiation Oncology (Maastro), Maastricht University
Medical Centre, GROW School for Oncology and Reproduction, Maastricht,
The Netherlands

17 Flinders Health and Medical Research Institute, College of Medicine and
Public Health, Flinders University, Bedford Park, SA, Adelaide, Australia
18 Department of Genetics & Cancer Sciences, University of Leicester,
Leicester, UK.

19 Department of Urology, ZAS, Antwerp, Belgium

20 Data Science Unit, Fondazione IRCCS Istituto Nazionale dei Tumori,
Milan, Italy

21 Leicester Cancer Research Centre, University of Leicester, Leicester,
United Kingdom.

22 Departments of Radiation Oncology & Genetics and Genomic Sciences,
Icahn School of Medicine at Mount Sinai, New York City, USA

23 Department of Radiation Oncology, Mannheim Cancer Center, Medical
Faculty Mannheim, University of Heidelberg, Mannheim, Germany.
24Department of Radiation Oncology, AZ Groeninge, Pres. Kennedylaan 4,
8500 Kortrijk, Belgium.



65
66
67
68

69
70

71
72
73
74
75
76
77
78
79
80
81
82

83
84
85
86
87
88

89

90
91
92
93
94
95

96

25 Biomedical Network on Rare Diseases (CIBERER), Madrid, Spain
26 Oncologisch centrum, Universiteit Antwerpen, Antwerpen
27 Department of Genetics and Genome Biology, University of Leicester,

Leicester, United Kingdom.

Corresponding author
Elke Rammant
Department of Human Structure and Repair, Ghent University

Corneel Heymanslaan 10, 9000 Ghent, Belgium
Elke.rammant@ugent.be

Keywords: prostate cancer; radiotherapy; symptom clusters; patient-
reported outcomes; machine learning

Word count of the text: 2742
Word count of the abstract: 250
ABSTRACT
Purpose/Objective

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

Material/Methods

We used data from an international, multi-centre, prospective cohort study
(REQUITE). SCs were identified from patient-reported outcomes collected
with the EORTC Core Quality of Life questionnaire (EORTC QLQ-C30) and
pelvic symptom questionnaires. Machine learning techniques identified
SCs, associations with HRQoL and SCs predictors. The dataset was divided

into training (80%) and validation (20%) cohorts.

Results
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Data were analysed from 1538 (before radiotherapy (T0)), 1490 (end of
radiotherapy (T1)), 1322 (12-months (T2)), and 1219 (24-months (T3))
patients. SCs identified at TO: SC1 (gastro-intestinal), SC2 (fatigue,
urinary, emotional and cognitive functioning), and SC3 (pain, physical,
role, and social functioning). SCs changed at T1: SC1 (gastro-intestinal
symptoms), SC2 (fatigue, urinary problems, insomnia), SC3 (social and role
functioning), and SC4 (pain, bowel problems, physical, emotional, and
cognitive functioning). At T2, symptoms returned to baseline clusters. SCs
including ‘fatigue’ or ‘urinary symptoms’ were most frequent across time-
points. At TO, T2 and T3, HRQoL was best predicted by clusters 2 and 3
(35-45% explained variance). At T1, cluster 4 was the best predictor (52%
explained variance). Planned radiotherapy target volume, prostate specific
antigen (PSA) at pre-diagnostic biopsy, age and alcohol consumption were
the best predictors of SC2 at T1 and SC3 and fatigue-dyspnoea at T3.

Conclusion

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

INTRODUCTION

Diagnosis and treatment of prostate cancer (PC) can adversely affect
patients’ health-related quality of life (HRQoL). While the diagnosis is often
accompanied by psychological distress and uncertainty, treatment is
associated with physical side effects such as urinary, bowel, and sexual
dysfunction 1. 2, Patients with PC are often faced with multiple co-occurring
side-effects (e.g. fatigue, urinary and sexual dysfunctions), also referred to
as ‘symptom clusters (SC)’3- 4. SCs are defined as two or more concurrent
symptoms that are related and tend to occur together, often due to shared
underlying mechanisms. Patient-reported outcomes (PROs) capture

patients’ subjective experiences of symptoms and functioning and are



128
129

130
131
132
133
134
135
136
137
138
139
140

141
142
143
144
145
146
147
148
149
150
151
152
153
154

155
156
157
158
159

essential for assessing HRQoL, making them particularly useful for

identifying and analyzing SCs.

Symptoms within a cluster can exacerbate one another, and their combined
presence has a stronger negative impact on HRQoL than individual
symptoms alone®. Therefore, it is important that future interventions
address multiple symptoms (rather than tackling single symptoms with
different interventions) to achieve greater HRQoL gains and to decrease
patient burden® 6. Such interventions primarily target one or two
symptoms within a cluster, and alleviate the severity of other symptoms
within the cluster because of common underlying mechanismsS.
Knowledge on SCs will allow clinicians to anticipate on other related
symptoms?®. Hence, patient-provider interaction can become more efficient

and overlooked symptoms can be uncovered>.

Although emerging evidence exists in SCs research® 7, most studies in PC
have been limited to conventional statistical techniques. Recent studies in
PC have identified clusters involving fatigue, urinary symptoms, pain, and
emotional distress, highlighting that symptoms often co-occur rather than
occurring in isolation® °. However, it remains unclear how SCs evolve
throughout PC survivorship, beyond the acute post-treatment phase. Only
a few studies, mostly in mixed cancer populations, have examined changes
in SCs during the first year after treatment’- 10, Furthermore, identifying
predictors of SCs and assessing their associations with patients’ overall
health-related quality of life (HRQoL) is crucial. Knowledge about which
patients are at risk for developing certain SCs can help healthcare
providers intervene early and offer more targeted supportive carell.
Additionally, understanding which SCs are most strongly associated with

HRQoL can guide prioritization of symptom management efforts!!.

With the emergence of new data analysis techniques, machine learning can
be used to advance the field of SCs research!?. While traditional methods
such as latent class analysis (LCA) have been used to identify symptom
clusters in cancer populations, machine learning (ML) clustering offers

additional advantages. ML can handle complex, high-dimensional data,
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capture non-linear relationships among symptoms, identify clusters
without pre-specifying their number, and provide intuitive visualizations
(e.g., dendrograms)!3. Papachristou et al. (2016){Papachristou, 2016 #11}
showed that ML algorithms produced clinically meaningful clusters
consistent with LCA results, supporting ML as a flexible and powerful tool
for exploratory analyses of symptom patterns in prostate cancer
patients{Papachristou, 2016 #11}. However, most prior studies using ML
or other clustering approaches have been limited to cross-sectional data or
small single-centre samples, often without integration of clinical and
treatment-related variables. As a result, the temporal stability and clinical
correlates of symptom clusters across the treatment trajectory remain
unclear. The present study addresses this gap by applying hierarchical
clustering and random forest models to a large, multicentre longitudinal
dataset, enabling the exploration of both symptom patterns at different

timepoints and their associations with HRQoL.

This study used machine learning techniques to identify (1) SCs and their
changes over time in PC patients receiving radiotherapy (RT), (2) the
associations of SCs with HRQoL, and (3) demographical, clinical and

treatment-related predictors of SCs.
METHODS
Study design and patient population

Data were used from the REQUITE study, a multicentre European cohort
study designed to identify predictors of radiotherapy-related toxicity and
quality of life outcomes.14. Patients were recruited at 26 hospitals across
eight countries (i.e. Belgium, France, Germany, Italy, Spain, The
Netherlands, UK and USA). The REQUITE study was approved by the local
Ethical Committees of each participating country (UK NRES Approval
14/NW/0035) and registered  at http://www.controlled-trial
ISRCT 496463; Registration 21 2014).
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Eligible patients were men with PC and due to receive radical RT,
brachytherapy and/or postoperative radiotherapy. Further details of the
REQUITE study and the eligibility criteria were previously published!4.

Data collection and outcomes

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

after which data was manually entered by study centre personnel.

The EORTC QLQ-C30 is a validated questionnaire to measure cancer-
specific HRQoL and includes five functional scales (physical, emotional,
role, social, and cognitive functioning), nine cancer-related symptom scales
(fatigue, nausea and vomiting, pain, dyspnoea, insomnia, appetite loss,
constipation, diarrhoea and financial difficulties) and a global health status
scalel5. In addition, PC specific HRQol. was measured with the pelvic
symptom questionnaire developed by working groups of the EORTC and
the Radiation Therapy Oncology Group (RTOG) and incorporated into the
National Cancer Institute’s (NCI) Common Terminology Criteria for
Adverse Events (CTCAE)!6. The pelvic symptom questionnaire is a 16-item
questionnaire assessing bowel (nine items: pain, pain on opening bowels,
urgency bowels, unable to open bowels, diarrhoea, constipation, bowel
incontinence, sticky motions and bowel pads), urinary (six items: pain on
passing urine, urinary urgency, urinary frequency, urinary incontinence,
nocturia, incontinence pads), and sexual (one item: erectile dysfunction)

domains?6,
Statistical analyses

Descriptive statistics were used to describe the demographic, clinical and

treatment sample characteristics. Missing item responses within a scale
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were handled according to the EORTC scoring manual (if =50% of items
completed, the mean of available items was used). Missing demographic or
clinical data were excluded from the random forest models. Scoring
procedures also adhered to the OERTC manual. The numbers (ranging
from 1 to 4 on a Likert-scale) were converted into values ranging from 0 to
100 by first calculating a raw score and then performing a linear
transformation according to the EORTC scoring manuall?. A score of 100
can be interpreted as maximal function (e.g. emotional functioning) or
maximal symptoms (e.g. fatigue). For further SCs analyses, all PRO scores
were transformed into a score from 0 to 1 (relative to the 0 to 100 scale)
with 0 being the worst outcome (i.e. minimal function or maximal
symptoms) and 1 being the best outcome (i.e. maximal function or minimal
symptoms!?. No further scaling or normalization was required before
fitting the random forest models, as tree-based methods are insensitive to
the scale of input variables and use splits based on feature ordering rather

than absolute values.

Python 3.8.5 with the scikit-learn 0.24.1 package was used for the cluster
and random forest analyses. Hierarchical agglomerative clustering was
used to cluster correlating symptoms (or domains)!8. In this type of
clustering, symptoms are hierarchically clustered by similarity, using
Ward'’s

agglomerative clustering was chosen because it does not require

linkage method with Fuclidean distances. Hierarchical

specifying the number of clusters in advance and produces a dendrogram
that visually shows how symptoms group together at different levels of

similarity, helping to interpret complex relationships among

symptoms{Pasupathi, 2021 #29} | The final clusters were identified based

on the dissimilarity values (i.e. a numerical score measuring differences in
data scores) in combination with expert input. Associations of SCs with
HRQoL were assessed using simple linear regression models. The
proportion of variance in HRQoL explained by each SC (R?) was used to

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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To uncover the predictors of the symptom clusters, random forest
regression models were employed. Random forests were selected due to
their robustness to multicollinearity, ability to capture non-linear
relationships, and capacity to provide interpretable feature importance
scores. For each cluster at each time point, a symptom cluster score was
calculated as the average of the constituent symptoms for each patient.
Random forest regression models were then trained to predict the cluster
score from the demographic, clinical, and treatment characteristics
detailed in Table 1.

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

model performance.

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

predictors of the symptom clusters were reported.

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

characteristics.
[insert Table 1 Patient and treatment characteristics]
SCs at the different time-points

Based on hierarchical clustering and clinical considerations three to four
SCs were identified at the different time-points which are presented in the

dendrograms in Figure 1.

At baseline and 12 months after RT, three SCs were identified: cluster la
(gastro-intestinal symptoms), cluster 2a (fatigue, urinary symptoms,
emotional and cognitive functioning), and cluster 3a (pain, physical, role,
and social functioning). Insomnia, erectile dysfunction and dyspnoea did

not cluster together with other symptoms.

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

together with other symptoms.

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

symptoms.
Prevalence of the SCs

SCs including ‘fatigue’ or ‘urinary symptoms’ had the highest prevalence

across time-points. Figure 2 presents boxplots with distribution, mean and



313
314

315

316
317
318
319
320
321
322

323
324

325

326
327
328
329
330
331
332
333
334
335
336
337
338
339

340

341
342
343

11

median scores of the different clusters over time, calculated on the

complete dataset.
Associations of SCs with HRQOL

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

the strongest correlation followed by cluster 1 (22% explained variance).

Figure 3 shows a visual representation of the relationship between the

prevalence of SCs and their impact on HRQoL.
Predictors of SCs

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

be found in supplementary file 1.
DISCUSSION

This study adds evidence to the limited body of research concerning long-
term SCs in PC patients. While minor changes in cluster composition were

observed at the end of radiotherapy and at month 24, the overall structure
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of symptom clusters remained largely stable from baseline throughout
follow-up. SCs including fatigue and urinary symptoms were most common
across time-points. The ‘pain, bowel problems, physical, emotional and
cognitive functioning’ cluster at the end of radiotherapy had the worst
impact on the patients’ general HRQoL. Planned radiotherapy target
volume, PSA at pre-diagnostic biopsy, age and current alcohol consumption

were the best predictors of the SCs.

Although current SCs research in PC is scarce, the two most discussed SCs
in the literature are the ‘depression, fatigue, pain’-cluster!® and the
‘fatigue, emotional distress, PC specific symptoms (e.g. urinary
symptoms)’-cluster3. In those studies, fatigue clusters together with
symptoms such as urinary problems, emotional distress/depression and/or
pain. The role of inflammation in the associations between these symptoms
has been described?. Results of our study show that fatigue and urinary
symptoms cluster together at all time-points, except at 24 months after
radiotherapy. In contrast to the findings in other studies3 % 19, pain did not
cluster with fatigue and only clustered with emotional functioning at the
end of radiotherapy. Another large study using the EORTC scales of the
QLQ-C30 found that pain was clustering with fatigue, physical- and role
functioning, which is partly in line with our findings29. Variations among
studies can be attributed to distinct clustering methodologies, variations
in the questionnaires employed to evaluate symptoms, or disparities in

treatment modalities and population demographics.

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

other symptom clusters.

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

correlation between emotional functioning and urinary symptoms.

In agreement with the current literature?2 23, our study found that
emotional functioning clusters together with bowel symptoms at the end of
radiotherapy. Bowel symptoms are an aggravating burden for men with PC
which can be reflected in the fact that this SC (i.e. emotional-, cognitive-,
physical functioning, bowel symptoms, pain) had the strongest impact on
HRQoL. Although it is not the most common SC among PC patients, the
high impact on HRQoL calls for screening patients for these symptoms and

initiating supportive treatments to alleviate these symptoms early on.

Kwekkeboom et al.2* summarized the available evidence on guideline-
recommended symptom management strategies that cross over two or
more cancer symptoms. A total of 88 symptom management strategies
were recommended across two or more symptoms2¢. However, only a

limited number of studies have specifically designed and tested an
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intervention to manage specific SC5. More research is warranted to test
the impact of interventions (e.g. behavioural, psychological or exercise

support, pain medication) on specific SCs?4,

PSA at pre-diagnostic biopsy and the planned radiotherapy target volume
have been identified as common predictors of the SCs. This association is
logically grounded in the fact that a more severe disease often necessitates
more aggressive treatment strategies, potentially leading to increased
treatment-related toxicity. However, other studies have demonstrated that
the difference in toxicity between prostate (bed) only radiotherapy and
prostate (bed) + whole pelvis radiotherapy is generally minimal, and the
increase in toxicity associated with a larger treatment field was not
observed?5. The present study, however, suggests that the planned

radiotherapy target volume predicts SCs that likely impact HRQoL.

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

commonly present in the top 10 of the predictors.

In addition, the explained variance of the random forest models was
relatively low (<0.2 for most clusters), indicating that the predictive
models currently have limited clinical utility. Future studies could improve

prediction by incorporating additional patient-level or treatment-related
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variables, using longitudinal modeling approaches, or validating findings
in independent cohorts. Our clustering analyses were performed cross-
sectionally at each time point and therefore do not capture within-patient
symptom trajectories over time. Longitudinal clustering or time-series
predictive models could provide additional insights into symptom
evolution. Finally, as patients contributed repeated measures, within-
subject correlations were not explicitly modeled. Future research could
apply mixed-effects or multilevel approaches to account for these

dependencies and better understand individual symptom dynamics.
CONCLUSION

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

pain management.
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Abbreviation
ADT

C30

CI

CRF

CTCAE

EORTC

HRQoL
LCA
ML
NCI

PC
PRO
PSA
QoL

REQUITE

RTOG
RT
SC
SCs
SD
TO

T1

T2

T3

Full term

Androgen-deprivation therapy

Core Quality of Life questionnaire (EORTC QLQ-C30)
Confidence interval

Case report form

Common Terminology Criteria for Adverse Events
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European Organisation for Research and Treatment of

Cancer

Health-related quality of life
Latent class analysis

Machine learning

National Cancer Institute

Prostate cancer

Patient-reported outcome
Prostate-specific antigen

Quality of life

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

Radiation Therapy Oncology Group
Radiotherapy

Symptom cluster

Symptom clusters

Standard deviation

Baseline (before radiotherapy)

End of radiotherapy

12 months after radiotherapy

24 months after radiotherapy
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Figure 1 Dendograms

Legend: 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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Tabel 1 Patient and treatment characteristics

Patient characteristics (n=1538)

Age (years)
Number of alcoholic drinks/week
Number of household members

BMI <18
18-25
>25
Ethnicity White
Mixed
Black or African American
Asian
Hispanic or Latino
Other
Clinical characteristics (n=1538)

M status MO
M+
Clinical T stage T1
T2
T3

T4
Gleason Score <7

7

> 7

Prostate Specific Antigen (ng/mL) pre-diagnostic biopsy
Comorbidities/medication use (n=1538)

Cardiovascular disease

Inflammatory bowel or diverticular disease
Haemorrhoids

Depression

Rheumatoid Arthritis

Diabetes

Use of analgesics

Radiotherapy characteristcs (n=1490)

Radiotherapy 3D conformal RT

type
IMRT

Rapid arc/VMAT
Pelvic radiotherapy
Brachytherapy

Mean (Std. Dev.)
69 (7)

9 (9)

2 (1)
N(%)

6 (0)

448 (29)
1084 (70)
1492 (97)
11 (0.7)
15 (1)

10 (0.7)
1(0.1)

2 (0.1)

N(%)

1217 (79)
321 (21)
421 (27)
582 (38)
214 (14)
17 (1)

Mean (Std. Dev.)
15 (24)

N(%)
1022 (66)
81 (5)
322 (21)
118 (8)
27 (2)
197 (13)
127 (8)

N(%)
265 (18)

156 (10
Mean (Std. Dev.)




Radiotherapy dose per fraction (Gy/d) 2.2 (0.4)

Complete delivered dose of external beam radiation (Gy 69.2 (10.1)
total dose)
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




