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Abstract 

Background  Prostate cancer is the second most common cancer globally, with radiation therapy (RT) being a key 
treatment for clinically localized and locally advanced cases. Given high survival rates, addressing long-term side 
effects of RT is crucial for preserving quality-of-life. Radiogenomics, the study of genetic variations affecting response 
to radiation, has primarily focussed on genomic biomarkers, while DNA methylation studies offer insights into RT 
responses. Although most research has centred on tumours, no epigenome-wide association studies have explored 
peripheral blood biomarkers of RT-induced toxicities in prostate cancer patients. Identifying such biomarkers could 
reveal molecular mechanisms underlying RT response and enable personalized treatment.

Methods  We analysed 105 prostate cancer patients (52 cases and 53 controls). Cases developed grade ≥ 2 genitou‑
rinary and/or gastrointestinal late toxicity after 12 months of starting RT, whereas controls did not. An epigenome-
wide association study of post-RT toxicities was performed using the Illumina MethylationEPIC BeadChip, adjusting 
for age and cell type composition. We constructed two methylation risk scores—one using differentially methylated 
positions (MRSsites) and another using differentially methylated regions (MRSregions)—as well as a Support Vector 
Machine-based methylation signature (SVMsites). We evaluated RT effects on biological age and stochastic epigenetic 
mutations within established radiation response pathways. Gene Ontology and pathway enrichment analyses were 
also performed.

Results  Pre-RT methylation analysis identified 56 differentially methylated positions (adjusted p-value ≤ 0.05), and 6 
differentially methylated regions (p-value ≤ 0.05) associated with the genes NTM, ACAP1, IL1RL2, VOOP1, AKR1E2, 
and an intergenic region on chromosome 13 related to Short/Long Interspersed Nuclear Elements. Both Methylation 
Risk Scores (MRSsites AUC = 0.87; MRSregions AUC = 0.89) and the 8-CpG Support Vector Machine signature (SVMsites 
AUC = 0.98) exhibited strong discriminatory accuracy in classifying patients in the discovery cohort. Gene ontology 
analysis revealed significant enrichment (adjusted p-value ≤ 0.05) of genes involved in DNA repair, inflammatory 
response, tissue repair, and oxidative stress response pathways.

Conclusions  Epigenetic biomarkers show potential for predicting severe long-term adverse effects of RT in prostate 
cancer patients. The identified methylation patterns provide valuable insights into toxicity mechanisms and may aid 
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Background
Prostate cancer is the second most common cancer 
worldwide, with an incidence of 14.1% (n = 1,414,259) 
in 2022, only 0.2 points behind lung cancer (14.3%, 
n = 1,435,943). It is estimated to affect over two mil-
lion men by 2035 [1]. Radiation therapy (RT) is one of 
the primary treatment protocols for the management of 
clinically localized and locally advanced prostate cancer 
with curative intent [2]. Advances in RT are occurring 
rapidly, making it increasingly precise and allowing for a 
reduction in the radiation dose delivered to surrounding 
health structures. Nevertheless, the five-year incidence 
of grade ≥ 2 gastrointestinal (GI) and genitourinary (GU) 
toxicities are still around 20% and 40%, respectively [3].

In 2023, Hamdy et  al. revealed that only 3% of RT 
patients had died of prostate cancer after a 15-year fol-
low-up [4]. Considering these survival rates, it is crucial 
to weigh the long-term effects of treatments to ensure a 
quality-of-life after undergoing RT. Therefore, optimal 
patient management and precise personalisation of RT is 
an urgent need. Radiogenomics, which involves the study 
of genetic variation associated with the response to RT 
[5], is emerging as a key area of research. Since its incep-
tion, research in this field has primarily focussed on the 
identification of genomic biomarkers. Initially, this was 
conducted through candidate gene studies [6–8] and later 
through Genome-Wide Association Studies (GWAS) [9–
11]. However, despite these efforts, the results obtained 
to date are still limited and lack clinical applicability for 
accurately personalizing patients’ treatment based on 
their post-RT toxicities and future quality-of-life.

With the emergence and consolidation of recent omics 
technologies, radiogenomics has found new and prom-
ising approaches to elucidate the response to RT. DNA 
methylation, which involves the chemical modification 
of cytosines and cytosine-guanidine dinucleotides, is 
an inheritable epigenetic mark known for its profound 
repressive effects. In 2010, Kim et al. compared the epi-
genetic profiles of two lung cancer cell lines, one radi-
oresistant and one radiosensitive, identifying 1,091 genes 
with differential methylation rates [12].

Subsequent efforts have primarily focussed on char-
acterizing tumours in their response to RT through 
epigenetic patterns, with a particular emphasis on meth-
ylation. Most findings have emerged from candidate gene 
studies aimed at identifying differentially methylated 

promoters [13]. For instance, Smrdel et al. described the 
hypermethylation of the methylguanine-methyltrans-
ferase promoter as a favourable prognostic factor for 
glioblastoma, as it reduces high methylation rates among 
tumour cells, thereby enhancing radiosensitivity [14]. 
Consequently, hypomethylating drugs, such as 5-aza-dC, 
are being developed for co-administration with RT to 
increase treatment efficacy [15].

While most published epigenetic studies have followed 
a candidate gene approach, epigenome-wide associa-
tion studies (EWAS) represent a different but applicable 
approach for identifying differential methylation associ-
ated with response to RT. Analogous to GWAS, EWAS 
aims to establish associations between epigenetic mark-
ers and phenotypes, potentially elucidating the causes of 
diseases and promoting the development of new thera-
pies and diagnostic methods [16]. Despite its potential 
and feasibility, only a few EWAS studies in the field of 
radiogenomics are found in the literature. Among these, 
only two studies have been performed on peripheral 
blood after RT, identifying methylation biomarkers asso-
ciated with cardiometabolic diseases [17] or affecting 
survival and time to relapse in head and neck squamous 
cell carcinoma patients [18].

In this study, we present the first EWAS of adverse 
effects from RT in prostate cancer patients. Our findings 
offer valuable insights into the molecular mechanisms 
underlying genetic variation in radiation sensitivity, 
which is crucial for ensuring effective and safe treatment. 
Furthermore, the identification of candidate epigenetic 
biomarkers has the potential to stratify patients accord-
ing to their susceptibility to these adverse effects.

Methods
Aim
The objective of this study was to identify epigenetic 
markers in peripheral blood associated with toxicity in 
prostate cancer patients undergoing RT. These biomark-
ers could potentially aid in predicting late-onset GI and 
GU toxicities in these patients.

Study subject and design
Samples for this study were obtained from prospec-
tive selected Galician prostate cancer patients who 
were treated at the Radiation Oncology Department 
of the Hospital Clínico Universitario de Santiago de 

personalized treatment strategies. However, validation in independent cohorts is essential to confirm their predictive 
value and clinical applicability.

Keywords  Prostate, Cancer, Radiotherapy, Adverse Effects, Epigenetic biomarkers, EWAS, Radiogenomics, Therapy 
Response, Stratify Patients for Treatments



Page 3 of 18Lopez‑Pleguezuelos et al. Clinical Epigenetics           (2025) 17:43 	

Compostela (northwest Spain). Patients treated with 
radical, salvage or adjuvant RT received a total dose 
for the planning target volume (PTV) in the ranges of 
70–76  Gy, 66–70  Gy and 60–66  Gy, respectively. All 
individuals were recruited into the RADIOGEN-Pros-
tate study, initiated in 2005, which collects blood sam-
ples, dosimetry data, clinical information and toxicity 
data [7, 8]. Written informed consent was obtained for 
each subject in accordance with the protocols approved 
by the ethics review board of the Galician Ethical Com-
mittee for Clinical Research.

Toxicity evaluation was conducted before the initia-
tion of treatment, at 6- and 12-months post-completion 
of RT, and annually thereafter, following the Common 
Terminology Criteria for Adverse Events v4.0 (CTCAE) 
[19]. From the 1673 patients in the RADIOGEN-
Prostate cohort, a subset of 294 individuals irradiated 
between 2014 and 2018 was included in the initial 
selection. Of these, 105 individuals meeting the estab-
lished criteria were selected for analysis, with 52 serv-
ing as cases and 53 as controls. Cases were defined as 
patients who experienced an increase in the maximum 
CTCAE toxicity score ≥ 2 compared to the pretreat-
ment symptom assessment, from months 12 to 72 after 
completing RT. Controls were individuals who reported 
a baseline-adjusted CTCAE toxicity score = 0 through-
out the five-year follow-up period. The following GI 
and GU toxicities were assessed: proctitis, bowel per-
foration, bowel obstruction, bowel fistula, bowel steno-
sis, bowel ulceration, diarrhoea, flatus, rectal bleeding, 
management of sphincter control, haematuria, urinary 
tract obstruction, urinary incontinence, urinary fre-
quency, urinary urgency, urinary retention, urinary fis-
tula, and urinary obstruction.

DNA isolation and methylation profiling
Blood samples were collected in 10 ml EDTA tubes until 
processing. DNA isolation was performed using the 
Chemagic™ Magnetic Separation Module (MSM) I robot 
(Chemagen Biopolymer-Technologie AG) with mag-
netic bead technology. The Chemagic DNA Blood 200 Kit 
(PerkinElmer Inc.) was used following the manufacturer’s 
protocol.

Bisulphite conversion was performed using the EZ 
DNA Methylation-Gold Kit (Zymo Research). Processed 
samples were hybridized to the Illumina Infinium Meth-
ylationEPIC BeadChip and scanned using the Illumina 
iScan platform. The intensity of the images was extracted 
with the GenomeStudio Methylation Software Module 
(v1.9.0). The samples’ location in the Illumina Infinium 
Methylation EPIC array was randomized by age and phe-
notype to minimize batch effects.

Statistical analysis
Clinical characteristics between cases and controls were 
compared using a generalized linear model. Adjustment 
for multiple comparisons was performed using the False 
Discovery Rate (FDR) method.

Methylation data underwent quality control, normali-
zation, and subsequent statistical analyses using the sta-
tistical R software and Bioconductor packages. The Chip 
Analysis Methylation Pipeline (ChAMP), as described by 
Campagna et  al. [20], was employed. Raw intensity files 
were imported into the R environment using  the Bio-
conductor package ChAMP [21] and subsequently trans-
formed into β and M-values matrices. M-values were 
employed in our statistical analysis and were calculated 
as the log2 ratio of intensities between methylated and 
unmethylated probes per CpG, yielding values ranging 
from −1 to 1.

Quality control and normalization
Patients with CpG island detection rates of 96% or higher 
were included in the study. Methylation data underwent 
filtering to remove probes that could introduce noise 
and uncertainty. Low-quality probes (< 3 beads in > 5% 
of samples) or with detection p-values > 0.01 were fil-
tered out. Additionally, probes that were non-CpG, non-
autosomal, multi-hitting, or containing Single Nucleotide 
Polymorphisms (SNPs) were also removed.

The Illumina Infinium MethylationEPIC BeadChip uti-
lizes two types of hybridisation chemistries: Type I and 
Type II. We applied the beta-mixture quantile normaliza-
tion method in ChAMP [22] to normalize the distribution 
of type I and II probe densities, thereby avoiding biased 
detection of Differentially Methylated Positions (DMPs). 
Batch effects were identified using the Singular Value 
Decomposition method [23]. The methylation matrix was 
corrected for sequencing round, sample frozen state, and 
sequencing array using the ComBat method to eliminate 
the batch effect [24].

Bioinformatic analysis
Differential methylation analyses
B-cells, NK-cells, CD4T- and CD8T-cells, Mono-
cytes, Neutrophils and Eosinophils cell type propor-
tions (CTp) were estimated with the Robust Partial 
Correlations algorithm of the EpiDISH tool [25] using 
the centDHSbloodDMC.m reference matrix. To iden-
tify DMPs between cases and controls, we employed 
a logistic regression model in the limma package [26] 
with M-values as the dependent variable and includ-
ing age and CTp as covariates. Standard errors were 
moderated using an empirical Bayes method (eBayes). 
DMPs were filtered based on a significance threshold of 
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adjusted p-value < 0.05 (Benjamini–Hochberg method 
[27]). Results were further annotated using the DMRcate 
package [28]. A Fisher’s exact test following a smoothing 
Gaussian kernel was applied through the DMRcate pack-
age to identify Differentially Methylated Regions (DMRs), 
defined as regions > 1000  bp comprising at least two 
CpGs and p-value ≤ 0.05. Principal Component Analysis 
(PCA) was subsequently performed over the significant 
DMPs to assess their potential stratification ability.

To perform gene set enrichment analysis (GSEA) on 
DMPs, we utilized the empirical Bayes GSEA method 
implemented in ChAMP [29]. Additionally, we employed 
the R package methylGSA [30] to extract enriched bio-
logical functions and pathways from the Gene Ontol-
ogy (GO) and Reactome databases [31–33]. For all three 
analyses, p-values were adjusted using the Benjamini–
Hochberg procedure. We considered the enrichment sig-
nificant if the FDR was < 0.05.

A detailed analysis was performed to assess whether 
the enriched biological functions or pathways were pre-
dominantly hypo- or hypermethylated in cases. For each 
gene involved in these functions or pathways, the aver-
age methylation change was calculated as the differ-
ence between the mean methylation levels in cases and 
controls.

Assessment of biomarkers’ classification ability
The classification ability of DMPs and DMRs was evalu-
ated through the generation of three models: (1) meth-
ylation risk score based on DMPs (MRSsites), (2) 
methylation risk score based on DMRs (MRSregions), 
and (3) support vector machine model incorporating 
the most discriminative DMPs (SVMsites). MRSsites 
was calculated for each patient as the weighted sum of 
all DMPs, with weights corresponding to the effect sizes 
derived from the EWAS. The MRSregions was generated 
by fitting a logistic regression to the weighted sum of all 
CpGs within each DMR, as detailed in Eq. 1.

where wi represents the weight assigned to DMR i, βij is 
the effect size derived from the EWAS for CpG j in DMR 
i, and CpGij is the methylation level of each CpG site j in 
DMR i.

To identify the most relevant CpG sites for the SVM-
sites model, the ReliefF feature selection algorithm was 
applied using a 100-repetition bootstrap approach on the 
identified DMPs. CpGs with a mean importance weight 
greater than 0.11 were selected for further analysis. 
To minimize redundancy among the selected features, 
pairwise correlations were calculated using Pearson’s 
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correlation coefficient, and CpGs with r2 > 0.6 were 
excluded. The resulting set of informative, non-redun-
dant CpGs was then used to build the SVMsites model.

The classification performance of the MRSsites, 
MRSregions, and SVMsites model was further evaluated 
using a fourfold cross-validation approach with 2,000 
iterations.

Stochastic epigenetic mutations (SEMs) analysis
SEMs refer to CpGs displaying methylation levels in an 
individual that fall outside the ranges observed across 
the entire population for that site [34, 35]. We conducted 
SEMs analysis to assess epigenetic drift at the individual 
level.

For each probe in the study, we estimated the meth-
ylation ranges for the reference population using the 
formula:

where Q1 is the first quartile, Q3 is the third quartile, IQR 
is the interquartile range (Q3–Q1), and k is a multiplica-
tive factor. We quantified all CpGs that fell outside this 
range for each individual, using two values for k: a mild 
one (k = 2) and a restrictive one (k = 3).

We applied a logarithmic transformation on the num-
ber of SEMs, expressed as log(SEM) for all analyses. To 
assess the relationship between SEMs per patient and 
post-RT toxicities, logistic regression models were fitted 
with the phenotype, age and CTp as covariates. Initially, 
all SEMs throughout the genome were included in the 
analysis. Subsequently, the analysis was repeated, con-
sidering the number of SEMs separately within specific 
genomic regions: TSS200 (Region from the Transcription 
Start Site to 200  bp upstream), TSS1500 (Region from 
1500 to 200 bp upstream of the Transcription Start Site), 
TSS200 + 1500 (Region that includes both the TSS200 
and TSS1500), 1st exon, gene body and intergenic 
regions.

Furthermore, we investigate the influence of SEMs on 
three pathways associated with RT response: DNA repair, 
cell senescence, and the immune system. Genes involved 
in each pathway were obtained from the Reactome data-
base [33]. Subsequently, we conducted a separate analy-
sis focussing specifically on SEMs located within the 
genomic regions of each pathway.

Epigenetic clock measures
We estimated the age acceleration (AA) as the difference 
between the predicted methylation age and the actual 
individual age. To determine methylation age and AA, 
we used the most recent iteration of Horvath’s epigenetic 
clock [36]. We then compared the mean values of meth-
ylation age and AA between cases and controls using a 

[Q1(k · IQC),Q3+ (k · 1QR)]
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t-test. Additionally, given that SEMs can influence age-
ing processes, we explored the association between 
log(SEMs) and both methylation age and AA.

Results
Sample characteristics
The epigenetic analysis of the RADIOGEN cohort 
included 105 patients (52 cases and 53 controls) diag-
nosed with non-metastatic prostate adenocarcinoma. 
These patients underwent radical treatment with a mean 
total dose of 68.6 Gy in three-dimensional conformal RT 
(3D-CRT), at an average age of 70.9 years (71.0 years for 
cases and 70.7  years for controls). No statistically sig-
nificant differences were observed between cases and 
controls in terms of clinical, comorbidities, treatments, 
dosimetry data, or tumour characteristics (Table  1). 
Although there was an initial observation of significance 
in the percentage of the rectum receiving a dose of 65 Gy 
(V65Gy) with a p-value < 0.05, this significance was not 
maintained after adjustment for multiple comparisons 
(FDR-adjusted p-value = 0.94).

Differential methylation analysis
Out of 850,000 probes, 681,806 successfully passed the 
quality control filters, with no patients excluded from 
the analysis. There were no significant differences in the 
estimation of per-sample CTp, except for CD8T-cells that 
were higher in controls (t = 2.58; p-value = 0.011) (Fig. 1).

Adjusting the linear model for all CTp deconvo-
luted and patients’ age, we identified 56 DMPs associ-
ated (Fig.  2A) with 43 unique genes. Among these, 15 
DMPs were intergenic, while three DMPs (cg00162348: 
chr16, 30,773,695 bp| cg11679914: chr7, 99,662,323 bp | 
cg12593138: chr12, 53,439,997 bp) were situated at posi-
tions overlapping two genes. Specifically, 34.7% of the 
DMPs were located upstream of genes (n = 6 at − 1500 bp 
and n = 11 at − 200 bp), 16.3% (n = 8) in the 5’-UTR, 6.1% 
(n = 3) in the first exon, 36.7% (n = 18) in the gene body 
region, and the remaining 6.1% (n = 3) in the 3’-UTR. 
The PCA performed on the 56 DMPs shows clear 
patient stratification, with principal components 1 and 2 
explaining 19.6% and 11.3% of the variance, respectively 
(Fig. 2B). Of these 56 DMPs, 31 exhibited higher meth-
ylation levels in cases, while the remaining 25 showed 
higher methylation in controls (Fig. 2C).

We identified 6 statistically significant DMRs (Fisher’s 
exact test p-value ≤ 0.05) (Fig.  2D), where adjacent CpG 
probes exhibited varying methylation levels between 
cases and controls, as shown in Fig. 3. The DMR associ-
ated with the neurotrimin gene (NTM) (p-value = 0.002) 
encompassed a 185  bp region within the first intron, 
containing three hypermethylated CpG probes in cases 
(cg09294095, cg18009484, cg15277677). The second most 

significant DMR (p-value = 0.006) was the only region to 
display significant hypomethylation in cases compared to 
controls. This hypomethylation was consistently observed 
across all 10 CpG probes (cg08324090, cg06721232, 
cg25900902, cg07925670, cg20217592, cg15713546, 
cg02448825, cg02676175, cg07148458, cg07520074) 
within a 1255  bp region covering exons and introns 
19, 20, and 21 of the ArfGAP with coiled-coil domain-
containing gene (ACAP1). Another DMR with a length 
of 50  bp, exhibited hypermethylation in cases across 
three CpGs (cg21181713, cg13779009, cg08023416; 
p-value = 0.015) within the first intron of interleukin 1 
receptor-like 2 gene (IL1RL2). Another DMR, 149 bp in 
length containing three CpGs (cg03357999, cg25966908, 
cg03014829), was identified as hypermethylated in cases 
(p-value 0.023) within the second intron of VOPP1 WW 
domain-binding protein (VOOP1) gene. The final DMR 
within a gene region (p-value = 0.032) spanned 626  bp 
with 11 CpGs (cg00578885, cg25162403, cg22362895, 
cg09305334, cg19165274, cg20282550, cg19392551, 
cg13218425, cg00700969, cg12255897), where all but 
two CpG probes displayed hypermethylation in cases 
versus controls within the upstream region and first 
exon of aldo–keto reductase family 1 member E2 gene 
(AKR1E2). The sixth DMR (p-value = 0.018), situated 
within an intergenic region, encompassed 10 CpG probes 
(cg26361286, cg15973954, cg01863042, cg08083251, 
cg03042692, cg05215994, cg20395040, cg18959621, 
cg05656990, cg17136073) exhibiting higher methylation 
rates in cases (Table 3, Fig. 3).

In the GO analysis, we identified 18 significantly 
enriched biological processes. The most prominent GO 
terms included intrinsic apoptosis, lipid and sugar meta-
bolic processes, and the response to tumour necrosis fac-
tor (Fig.  4). Additionally, using the Reactome database, 
we found five pathways significantly enriched with the 
DMPs, all displaying an adjusted p-value < 0.05 (Fig.  4). 
Notably, the GO terms carbohydrate catabolic process, 
cellular response to tumour necrosis factor, monosaccha-
ride metabolic process, and regulation of small molecule 
metabolic processes exhibited predominant hypomethyl-
ation, while the cellular response to molecule of bacterial 
origin and intrinsic apoptotic signalling pathway were 
predominantly hypermethylated (Fig. 5).

Assessment of biomarkers’ classification ability.
The MRSsites model, derived from the weighted sum of 
the 56 identified DMPs (Table 2), demonstrated a mean 
AUC of 0.87 (Fig. 6).

The MRSregions model, which integrated the 6 DMRs 
(Table 3) into a logistic regression framework, achieved 
a mean AUC of 0.89 (Fig. 6). After fourfold cross-valida-
tion with 2,000 iterations of the MRSregions model, the 
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Table 1  Characteristics of prostate patients in the RADIOGEN cohort

Cases Controls β [p-value] Total
(N = 52) (N = 53) (N = 105)

Age Mean [Min, Max] 71.0 [55.0, 83.0] 70.7 [57.0, 82.0] 0.005 [0.73]a 70.9 [55.0, 83.0]

Frozen blood sample Yes 32 (61.5%) 36 (67.9%) 0.119 [0.39] 68 (64.8%)

Weight Mean [Min, Max] 78.1 [60.0, 103] 79.4 [53.0, 111] 0.006 [0.37]a 78.8 [53.0, 111]

Missing 1 (1.9%) 0 (0%) – 1 (1.0%)

Smoker status Never 24 (46.2%) 27 (50.9%) 51 (48.6%)

Former 23 (44.2%) 20 (37.7%) − 0.067 [0.53] 43 (41.0%)

Current 5 (9.6%) 6 (11.3%) 0.088 [0.93] 11 (10.5%)

Alcohol intake Never 16 (30.8%) 14 (26.4%) 30 (28.6%)

Former 7 (13.5%) 11 (20.8%) 0.026 [0.90] 18 (17.1%)

Current 28 (53.8%) 27 (50.9%) 0.008 [0.96] 55 (52.4%)

Missing 1 (1.9%) 1 (1.9%) – 2 (1.9%)

Diabetes Yes 9 (17.3%) 11 (20.8%) 0.114 [0.53] 20 (19.0%)

Hypertension Yes 32 (61.5%) 29 (54.7%) − 0.213 [0.18] 61 (58.1%)

History of Heart disease Yes 8 (15.4%) 11 (20.8%) 0.149 [0.43] 19 (18.1%)

Haemorrhoids Yes 8 (15.4%) 4 (7.5%) − 0.181 [0.35] 12 (11.4%)

Depression Yes 3 (5.8%) 0 (0%) − 0.745 [0.13] 3 (2.9%)

On ACE inhibitor? Yes 18 (34.6%) 16 (30.2%) − 0.013 [0.94] 34 (32.4%)

On Beta blocker? Yes 9 (17.3%) 11 (20.8%) 0.046 [0.81] 20 (19.0%)

On 5-alpha reductase inhibitor? Yes 1 (1.9%) 2 (3.8%) 0.104 [0.78] 3 (2.9%)

On alpha blocker? Yes 10 (19.2%) 7 (13.2%) − 0.220 [0.27] 17 (16.2%)

Clinical T stage  < T2a 25 (48.1%) 30 (56.6%) 55 (52.4%)

 > T2b 26 (50%) 22 (41.5%) − 0.113 [0.47] 48 (45.7%)

Missing 1 (1.9%) 1 (1.9%) – 2 (1.9%)

Clinical N stage N0 26 (50.0%) 32 (60.4%) 58 (55.2%)

N1 3 (5.8%) 0 (0%) − 0.553 [0.06] 3 (2.9%)

Nx 23 (44.2%) 21 (39.6%) − 0.077 [0.44] 44 (41.9%)

M stage M0 30 (57.7%) 33 (62.3%) 63 (60.0%)

Mx 22 (42.3%) 20 (37.7%) − 0.028 [0.80] 42 (40.0%)

TURP Yes 1 (1.9%) 1 (1.9%) 0.328 [0.50] 2 (1.9%)

Radical Prostatectomy Yes 18 (34.6%) 15 (28.3%) 0.085 [0.80] 33 (31.4%)

Lymphadenectomy Yes 3 (5.8%) 3 (5.7%) 0.096 [0.78] 6 (5.7%)

Gleason Score  ≤ 7 45 (86.5%) 49 (92.2%) 94 (89.5%)

 ≥ 8 7 (13.4%) 4 (7.5%) 11 (10.4%)

PSA prediagnostic (ng/mL) Mean [Min, Max] 10.8 [3.00, 58.0] 15.8 [3.42, 95.5] 0.005 [0.40]a 13.3 [3.00, 95.5]

Hormone therapy Yes 28 (53.8%) 26 (49.1%) 0.012 [0.95] 54 (51.4%)

RT interrupted Yes 1 (1.9%) 1 (1.9%) − 0.383 [0.51] 2 (1.9%)

RT type 3D-CRT​ 52 (100%) 53 (100%) NA 105 (100%)

RT external beam dose (Gy) Mean [Min, Max] 69.6 [37.5, 76.0] 67.7 [24.0, 76.0] 0.030 [0.43]a 68.6 [24.0, 76.0]

Missing 0 (0%) 1 (1.9%) – 1 (1.0%)

PTV (cm3) Mean [Min, Max] 135 [65.0, 241] 164 [71.0, 993] 0.002 [0.46]a 149 [65.0, 993]

Missing 0 (0%) 1 (1.9%) – 1 (1.0%)

CTV (cm3) Mean [Min, Max] 44.9 [15.0, 103] 45.6 [18.0, 89.0] − 0.001 [0.87]a 45.3 [15.0, 103]

Missing 0 (0%) 2 (3.8%) – 2 (1.9%)

Dose per fraction (Gy) 2 47 (90.4%) 46 (86.8%) 93 (88.6%)

2.5 5 (9.6%) 6 (11.3%) 1.461 [0.60] 11 (10.5%)

Missing 0 (0%) 1 (1.9%) – 1 (1.0%)

Pelvic RT Yes 7 (13.5%) 6 (11.3%) − 0.119 [0.61] 13 (12.4%)

Missing 0 (0%) 1 (1.9%) – 1 (1.0%)
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mean effect sizes and directions for each of the 6 DMRs 
were obtained (Fig. 7, Suppl. Figure 1). DMRs overlap-
ping the ACAP1 (mean effect = 0.62, p-value = 0.004), 
IL-1RL2 (mean effect = 1.60, p-value = 0.020), NTM 
(mean effect = 1.20, p-value = 0.025), VOOP1 (mean 
effect = 1.29, p-value = 0.032), and an intergenic region 
(mean effect = 0.38, p-value = 0.026) showed signifi-
cant positive directional effects. In contrast, the DMR 
within the AKR1E2 gene region displayed inconsistent 
directional effect across iterations (Fig.  7) and did not 
reach the significance threshold (mean effect = 0.70, 
p-value = 0.29).  

Using the ReliefF feature selection algorithm with a 
100-repetition bootstrap approach, 8 CpG sites with 

mean importance weight > 0.11 were identified (Suppl. 
Table  1). These CpG sites also exhibited pairwise cor-
relations r2 < 0.6, as determined by Pearson’s correla-
tion coefficient (Suppl. Figure 2). The SVMsites model 
developed by integrating these features exhibited supe-
rior performance, with a mean AUC of 0.98.

Stochastic epigenetic mutations
The cumulative analyses of SEMs did not yield signifi-
cant results for either k = 2 or k = 3 (p-values 0.78, 0.84 
respectively). Similarly, no significant association was 
found when regressing the phenotype on SEMs grouped 
by gene regions.

N Number, Min Minimum, Max Maximum, RT Radiation Therapy
a Lineal regression

Table 1  (continued)

Cases Controls β [p-value] Total
(N = 52) (N = 53) (N = 105)

Pelvic RT dose (Gy) Mean [Min, Max] 46.3 [44.0, 50.0] 46.0 [46.0, 46.0] NA 46.2 [44.0, 50.0]

RT Rectum V65Gy (%) Mean [Min, Max] 15.0 [0, 48.0] 11.0 [0, 29.0] − 0.020 [0.04]a 13.0 [0, 48.0]

Missing 1 (1.9%) 1 (1.9%) – 2 (1.9%)

RT Bladder V60Gy (%) Mean [Min, Max] 18.9 [0, 56.0] 14.9 [0, 54.0] − 0.007 [0.29]a 16.9 [0, 56.0]

Missing 1 (1.9%) 1 (1.9%) – 2 (1.9%)

Fig. 1  Comparison of cell type proportion between cases (red) and controls (light blue). The x-axis represents cell types (CT) and the y-axis count 
proportions. *p-value < 0.05
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When examining the number of SEMs included within 
RT pathways, no significant association was observed 
with the phenotype. This was consistent for genes 
involved in DNA repair (k2 p-value = 0.95), cell senes-
cence (k2 p-value = 0.95), and the immune system (k2 
p-value = 0.64; k3 p-value = 0.343) (Table 4).

Epigenetic clock
No significant differences were observed between 
the two groups when comparing chronologi-
cal age (mean cases = 71.0, mean controls = 70.7, 
t = 0.23, p-value = 0.81), predicted methylation age 
(mean cases = 72.99, mean controls = 72.39, t = 0.53, 
p-value = 0.59) or acceleration age (mean cases = 0.21, 
mean controls = −  0.19, t = 0.56, p-value = 0.57). Addi-
tionally, no significant correlation was found between 
the total number of SEMs (log(SEM)) and patients’ 
chronological age (k2: r2 = −  0.0536, p-value = 0.59 
| k3: r2 = −  0.0657, p-value = 0.51), epigenetic age 

(k2: r2 = −  0.0030, p-value = 0.98 | k3: r2 = 0.00278, 
p-value = 0.98) or acceleration age (k2: r2 = 0.0569, 
p-value = 0.56 | k3: r2 = 0.0797, p-value = 0.42).

Discussion
In this study, we conducted the first epigenome-wide 
association analysis in prostate cancer patients to iden-
tify methylation patterns that could stratify individu-
als based on their risk of developing toxicities following 
RT. We discovered 6 significant DMRs and 56 DMPs in 
peripheral blood, which serve as potential biomarkers for 
predicting severe long-term GI and GU adverse effects 
induced by RT. These epigenetic biomarkers are located 
in genes that provided insights into potential mechanisms 
underlying these radiation-induced adverse effects. Nota-
bly, we observed substantial changes in DNA methylation 
within genes associated with DNA repair and inflamma-
tory pathways, as well as DMRs linked to tissue repair 
and oxidative stress response. Additionally, our findings 

Fig. 2  EWAS Results. A Volcano plot, B Principal Component Analysis (PCA) plot, C Heatmap, and D Manhattan plot illustrating the association 
of DNA methylation CpGs with radiation-induced grade ≥ 2 genitourinary and/or gastrointestinal late toxicities in prostate cancer patients (52 cases 
and 53 controls). In the volcano plot, dark blue and red dots represent significant hypomethylated and hypermethylated CpG sites, respectively, 
in cases compared to controls (the grey dashed line represents the cutoffs of adjusted p-value < 0.05 and logFC =|0.2|). The PCA plot demonstrates 
segregation between cases (red dots) and controls (light blue dots), with the explained variance for each principal component (PC1-2) displayed. 
The heatmap includes unsupervised clustering of the 56 significant differentially methylated positions (DMPs), with a colour gradient where black 
denotes low methylation and yellow denotes high methylation. In the Manhattan plot, the X-axis represents chromosome positions, while the Y-axis 
represents the –log10 adjusted p-values. The gray line indicates the significance threshold at an adjusted p-value < 0.05, with red dots highlighting 
CpGs belonging to significant differential methylation regions
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suggest a potential role for Short Interspersed Nuclear 
Elements (SINEs) and Long Interspersed Nuclear Ele-
ments 1 (LINE-1) in radiation-induced adverse effects, 
warranting further investigation.

Five of the 6 identified DMRs are located within gene 
regions, while one is situated in an intergenic region. 
The gene neurotrimine (NTM), which is  expressed in 
multiple tissues including the intestine and urinary blad-
der [37], promotes neurite outgrowth and cell adhesion 
through homophilic mechanisms during both normal 
development and smooth muscle repair [38]. The hyper-
methylated DMR identified in NTM may contribute to 
RT-induced GI and GU toxicities by impairing smooth 

muscle repair through the disruption of neurite out-
growth and cell adhesion.

Our analysis identified a 10-CpG hypomethylated DMR 
within the body of the ACAP1 gene, which is crucial for 
integrin β1 recycling. As integrin β1 plays a fundamen-
tal role in tissue repair and regeneration [39, 40], the 
reduced methylation of this DMR in ACAP1 may impair 
the recycling efficiency of integrin β1. This impairment 
could lead to defective repair and regeneration of tissues 
damaged by ionizing radiation, ultimately contributing to 
GI and GU adverse effects following RT.

A hypermethylated DMR was identified within 
IL-1RL2, a gene essential for the regulation of 

Fig. 3  Boxplots of CpGs Comprising 6 DMRs of Radiation-Induced Severe Adverse Effects. Box plots display the differences in mean DNA 
methylation levels between cases (red) and controls (light blue). The y-axis represents the methylation rates
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proinflammatory cytokine secretion. This differen-
tial methylation pattern may be associated with post-
RT inflammation [41]. Additionally, we identified two 
hypermethylated DMRs linked to the oxidative stress 
response: one within the VOPP1 gene, where reduced 

expression leads to elevated ROS levels and induced 
apoptosis [42], and another in the promoter region of 
the AKR1E2 gene, which is involved in the detoxifica-
tion of reactive compounds generated during oxidative 
stress [43].

Fig. 4  Dot plot of the 18 gene ontology biological processes and the five significantly enriched pathways. Dot colours along the x-axis represent 
different FDR p-values, and dot size indicates the number of genes involved
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These findings suggest that epigenetic alterations 
in genes regulating both inflammatory responses and 
oxidative stress may contribute to the development of 
radiation-induced toxicities.

The hypermethylated intergenic DMR on chromosome 
13 overlaps with a conserved 70-bp region containing 
SINE and a LINE-1. Typically, CpG methylation sup-
presses the retrotransposition of LINE-1s and regulates 

Fig. 5  Density plot of methylation changes in genes with significantly enriched biological functions and pathways. Density curves illustrate 
the distribution of hypo- and hypermethylated genes in cases. A black dashed line marks zero mean methylation change, indicating no net 
methylation change
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Table 2  Significant DMPs associated with late severe GI and GU adverse effects

Probe ID Chr Genomic position logFC t p-value Adjusted p-value Overlapping genes Gene regions

cg13574053 22 49,749,233 0.268 6.27 8.69E−09 0.0059 – –

cg00162348 16 30,773,695 0.270 6.00 3.03E−08 0.0098 RNF40 and C16orf93 5’UTR; TSS200

cg08657377 7 139,875,178 − 0.464 − 5.89 4.90E−08 0.0098 JHDM1D Body

cg01353941 3 191,781,655 − 1.015 − 5.82 6.61E−08 0.0098 – –

cg18382341 1 230,778,080 0.317 5.81 7.16E−08 0.0098 COG2 TSS00

cg18009484 11 131,630,593 − 0.764 − 5.70 1.15E−07 0.0131 NTM Body

cg25666010 1 1,726,516 − 0.276 − 5.58 1.92E−07 0.0168 GNB1 Body

cg09057763 16 73,205,994 − 0.248 − 5.58 1.97E−07 0.0168 – –

cg27230044 7 94,285,993 0.177 5.49 2.94E−07 0.0212 PEG10 TSS1500

cg14825555 1 27,190,639 − 0.230 − 5.44 3.58E−07 0.0212 SFN 1stExon; 3’UTR​

cg15490596 19 54,415,736 − 0.458 − 5.42 3.92E−07 0.0212 CACNG7 TSS1500

cg02534744 19 863,226 − 0.556 − 5.41 4.13E−07 0.0212 CFD Body

cg17872757 11 128,564,180 − 0.350 − 5.40 4.23E−07 0.0212 FLI1 Body; 5’UTR​

cg05779526 3 23,084,046 0.379 5.40 4.34E−07 0.0212 – –

cg08417142 16 89,439,771 − 0.199 − 5.30 6.50E−07 0.0296 ANKRD11 5’UTR​

cg07268021 13 30,054,459 − 0.303 − 5.28 7.13E−07 0.0304 MTUS2 Body

cg07345874 14 21,248,717 − 0.456 − 5.25 8.05E−07 0.0323 RNASE6 TSS1500

cg26359940 12 41,221,579 − 0.434 − 5.23 8.79E−07 0.0333 CNTN1 TSS200; 5’UTR​

cg11679914 7 99,662,323 0.301 5.22 9.38E−07 0.0337 ZNF3 and ZSCAN21 3’UTR​

cg13638229 10 131,697,080 − 0.714 − 5.21 9.90E−07 0.0337 EBF3 Body

cg15055494 17 17,140,558 0.251 5.19 1.05E−06 0.0342 FLCN TSS200

cg10459387 3 180,319,718 − 0.603 − 5.18 1.11E−06 0.0344 TTC14 TSS200

cg16379698 4 187,457,682 − 0.631 − 5.15 1.27E−06 0.0369 MTNR1A Body

cg03493516 16 29,742,019 − 0.250 − 5.14 1.30E−06 0.0369 – –

cg12593138 12 53,439,997 − 0.656 − 5.13 1.39E−06 0.0378 TNS2 and LOC283335 TSS1500; Body

cg11701055 19 2,785,324 0.345 5.12 1.44E−06 0.0378 THOP1 TSS200

cg02918253 19 19,323,996 − 0.433 − 5.11 1.50E−06 0.0379 NCAN 5’UTR​

cg16924102 4 20,044,588 0.656 5.08 1.65E−06 0.0389 – –

cg16063716 14 105,045,992 0.245 5.08 1.70E−06 0.0389 C14orf180 TSS200

cg17089162 7 156,851,277 0.346 5.07 1.76E−06 0.0389 – –

cg12469150 18 60,992,501 0.326 5.06 1.82E−06 0.0389 – –

cg27446047 18 44,702,797 0.356 5.06 1.83E−06 0.0389 IER3IP1 TSS200

cg13332944 17 16,769,594 0.234 5.02 2.20E−06 0.0402 – –

cg04927113 5 142,950,693 − 0.211 − 5.01 2.21E−06 0.0402 – –

cg03323503 17 80,965,251 − 0.281 − 5.01 2.22E−06 0.0402 B3GNTL1 Body

cg13218425 10 4,868,364 − 0.570 − 5.00 2.30E−06 0.0402 AKR1E2 TSS200

cg26878190 5 1,794,420 0.365 5.00 2.35E−06 0.0402 – –

cg22417797 12 101,801,627 0.265 5.00 2.37E−06 0.0402 ARL1 TSS200

cg15682476 6 88,537,469 0.374 4.99 2.43E−06 0.0402 LOC101928911 Body

cg03840924 17 47,645,509 0.327 4.99 2.43E−06 0.0402 – –

cg02352281 3 46,139,305 0.321 4.99 2.45E−06 0.0402 – –

cg22657044 20 48,551,982 − 0.499 − 4.98 2.55E−06 0.0402 RNF114 TSS1500

cg21827912 4 86,763,803 0.520 4.97 2.63E−06 0.0402 ARHGAP24 Body; 5’UTR​

cg18377764 14 66,869,995 0.312 4.97 2.67E−06 0.0402 – –

cg20354777 3 140,814,133 − 0.511 − 4.97 2.70E−06 0.0402 SPSB4 Body

cg09294095 11 131,630,464 − 0.368 − 4.96 2.81E−06 0.0402 NTM Body

cg00152975 19 17,981,922 − 0.223 − 4.96 2.82E−06 0.0402 SLC5A5 TSS1500

cg09056281 1 84,164,484 − 0.243 − 4.95 2.83E−06 0.0402 LOC101927587 Body

cg04631318 1 48,231,352 0.263 4.95 2.89E−06 0.0402 TRABD2B 3’UTR​
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Chr chromosome, logFC Fold change converted to a logarithmic scale, t t-statistic

Table 2  (continued)

Probe ID Chr Genomic position logFC t p-value Adjusted p-value Overlapping genes Gene regions

cg25094081 6 31,829,205 0.265 4.91 3.44E−06 0.0469 NEU1 Body

cg16113298 11 31,832,729 − 0.273 − 4.89 3.66E−06 0.0481 PAX6 5’UTR; 1stExon

cg14861221 3 57,743,016 0.256 4.89 3.74E−06 0.0481 SLMAP TSS200

cg01236268 22 49,552,838 − 0.354 − 4.88 3.86E−06 0.0481 – –

cg14185656 9 94,493,225 0.252 4.88 3.87E−06 0.0481 ROR2 Body

cg00276256 10 1,330,230 − 0.269 − 4.88 3.88E−06 0.0481 ADARB2 Body

cg07786675 1 27,189,985 − 0.271 − 4.87 3.95E−06 0.0481 SFN 1stExon

Fig. 6  Mean ROC curves and AUC violin plots from cross-validation of three methylation classification models. The mean ROC curves A and AUC 
violin plots B derived from four-fold cross-validation with 2,000 iterations for three methylation classification models: MRSsites (red), MRSregions 
(light blue), and SVMsites (dark blue). The ROC curves depict the average classification performance of each model, while the violin plots show 
the distribution of AUC values across cross-validation iterations. The horizontal red dashed line in the plots indicates a zero-effect threshold

Table 3  Significant DMRs Associated with Late Severe GI and GU Adverse Effects

Chr chromosome, no.CpGs number of CpGs in the region, IR intergenic region
a GRCh37
b Fisher’s exact test
c Hypermethylation in cases versus controls
d Hypomethylation in cases versus controls

Chr Starta Enda width (bp) no.CpGs Gene region p-valueb Overlapping genes

chr11 131,630,464 131,630,648 185 3 1st exon 0.002 NTMc

chr17 7,253,189 7,254,443 1255 10 19th, 20th, 21st exon–intron 0.006 ACAP1d

chr2 102,803,738 102,803,787 50 3 1st exon 0.015 IL1RL2c

chr13 23,309,689 23,310,675 987 10 IR 0.018 –c

chr7 55,516,724 55,516,872 149 3 2nd intron 0.023 VOPP1c

chr10 4,867,773 4,868,398 626 11 promotor + 1st exon 0.032 AKR1E2c
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SINEs retrotransposition [44], preventing exon or intron 
disruption and mis-splicing. Ionizing radiation can alter 
this pattern, potentially increasing retrotransposition 

[45]. While this observation suggests that RT could influ-
ence LINE-1 methylation and their expression, the extent 
of their genomic impact remains unclear. These find-
ings underscore the need for further investigation into 
the potential role of SINEs and LINE-1s in the genomic 
response to RT.

Among the 56 identified DMPs, 43 are located within 
gene regions. Eight of these DMPs are in genes involved 
in processes relevant to RT response in non-tumoral 
tissues and their repair, such as apoptosis, fibrosis, 
epithelial-mesenchymal transition (EMT), inflamma-
tion, and DNA repair. Specifically, JHDM1D/KDM7A 
(cg08657377) modulates TGF-β-mediated transcription 
of RHOJ, thereby influencing angiogenesis and apoptosis 
through BCL2 [46–48]. FLCN (cg15055494) is involved 
in TGF-β1-mediated tissue repair and fibrosis [49–52]. 
Three DMPs are associated with genes related to EMT, 
which is essential for wound healing, tissue regeneration, 
and fibrosis. These include GNB1 (cg25666010) [53, 54], 
which impacts cell proliferation and migration, CNTN1 
(cg26359940), which influences PI3K/Akt signalling [55, 
56], and ROR2 (cg14185656), which affects proliferation, 

Fig. 7  Violin plots showing weight distributions for six significant DMRs in the MRSregions logistic regression model. Each violin plot depicting 
the weight distributions from the logistic regression model for six significant differentially methylated regions (DMRs) forming the MRSregions 
model. Each plot represents the effect size and direction of the DMRs associated with the gene regions ACAP1, AKR1E2, IL1RL2, NTM, VOOP1, 
and an intergenic region (IR)

Table 4  SEM Regression Analysis Results with k Parameter Set to 
2 or 3

SEM Stochastic Epigenetic Mutation

Analysis’ name K2 K3

Regress. Coeff p-value Regress. Coeff p-value

All SEMs − 0.279 0.7802 − 0.203 0.8388

TSS1500 0.072 0.9430 0.265 0.7908

TSS200 0.653 0.5138 0.742 0.4583

TSS200 + 1500 0.235 0.8141 0.433 0.6647

5’UTR​ 0.264 0.7915 0.193 0.8472

1st exon 0.673 0.5012 0.445 0.6566

Body gene − 0.345 0.7301 − 0.539 0.5902

IR − 0.207 0.8363 − 0.166 0.8682

DNA repair − 0.066 0.9476 – –

Cell senescence − 0.062 0.9503 – –

Immune system − 0.456 0.6483 − 0.948 0.3430



Page 15 of 18Lopez‑Pleguezuelos et al. Clinical Epigenetics           (2025) 17:43 	

migration, and EMT in the context of tumour pro-
gression [57]. Additionally, two DMPs are linked to 
DNA repair and DNA damage response: ANKRD11 
(cg08417142), which regulates chromatin accessibility 
and gene expression [58–61], and RNF114 (cg22657044), 
which is involved in the PARylation-dependent DNA 
damage response [62]. Lastly, CFD (cg02534744) exhibits 
potential anti-inflammatory effects by modulating IL-6 
and IL-4 levels [63].

Additionally, 6 of these DMPs are associated with genes 
directly involved in the response to ionizing radiation: 
RNF40, SFN, RNASE6, FLI1, C14orf180, and ADARB2. 
RNF40, which is phosphorylated by ATM and ATR​ fol-
lowing ionizing radiation, works alongside RNF20 to 
facilitate H2B ubiquitination and chromatin reorgani-
zation, essential for effective DNA repair [64–66] and 
apoptosis regulation [67]. The FLI1 gene enhances RT 
resistance by improving DNA repair [68]. Mithramycin 
A (MithA), an EWS::FLI1 fusion protein inhibitor, has 
been proposed as a radiosensitizer [69]. The SFN gene 
encodes a cell cycle checkpoint protein crucial for radia-
tion response [70]. In association studies, RNASE6 has 
been shown to predict radiation response and survival 
in glioblastoma [71], C14orf180 is included in a signature 
related to radiosensitivity in soft tissue sarcoma [72], and 
a SNP in ADARB2 is associated with radiation cytotoxic-
ity in lymphoblastoid cell lines [73].

We used the identified DMPs and DMRs to develop 
prognostic prediction models for GI/GU post-RT tox-
icities. When analysing large-scale datasets (> 850 k CpG 
sites), the risk of overfitting becomes significant. To miti-
gate this issue, model performance was evaluated using 
fourfold cross-validation with 2,000 iterations.

The methylation risk score (MRSregions), derived from 
the logistic regression model incorporating the 6 DMRs 
achieved a mean AUC of 0.89, demonstrating strong clas-
sification potential [18]. Furthermore, the mean weight 
coefficients (Fig. 7) and mean p-values (Suppl. Figure 1) 
for each region within the model indicated that the genes 
NTM, ACAP1, IL-1RL2, and VOPP1, discussed above, 
exert the most substantial impact on the progression of 
GI/GU post-RT toxicities.

The logistic regression model incorporating all DMPs 
(MRSsites) achieved a mean AUC of 0.87, demonstrating 
the classification capability of the 56 CpG methylation 
signature. However, despite efforts to prevent overfitting, 
using 56 features to classify a cohort of 105 patients may 
have resulted in the identification of patterns specific to 
this study population, potentially limiting the model’s 
generalisability.

To address this limitation, we employed the Reli-
efF feature selection algorithm with a 100-repetition 

bootstrap approach, identifying 8 key DMPs for build-
ing a Support Vector Machine model (SVMsites). This 
classifier achieved a remarkable mean AUC of 0.98, 
further highlighting the predictive potential of CpG 
methylation for post-RT toxicities. As the performance 
evaluation of the three models was conducted exclu-
sively on the discovery cohort, the high classification 
accuracy observed may not necessarily translate to 
independent datasets. Without external validation in 
replication cohorts, the robustness and clinical utility 
of the proposed models remain uncertain.

Enrichment analysis of DMPs and DMRs revealed 
that the intrinsic apoptotic signalling pathway and p53 
transcriptional regulation are the most significantly 
affected processes. These pathways are critical in cel-
lular responses to radiation, causing direct damage like 
DNA strand breaks and mitochondrial dysfunction, as 
well as indirect damage through ROS [74]. Such dam-
age can activate intrinsic apoptosis, either through 
p53 or independently, leading to pre-mitotic cell death 
[74–76]. In high-turnover tissues, like the GI epithe-
lium, p53 promotes apoptosis by interacting with pro-
apoptotic Bcl-2 family proteins at the mitochondrial 
membrane, inducing mitochondrial permeabilization 
[75, 76].

Certain CpG sites demonstrate consistent changes in 
DNA methylation with age, allowing for the estimation 
of biological or epigenetic age. However, our analysis 
did not reveal any association between these markers 
and radiation-induced late toxicities in prostate cancer. 
Additionally, SEM analysis did not identify any statisti-
cally significant associations in our study.

This study had several limitations, including the rela-
tively small sample size and recruitment from a single 
hospital, which might affect the generalisability of our 
findings, particularly the resulting machine learning 
classification models. The high AUC values observed 
must be interpreted with caution, as they were derived 
from the discovery cohort and may reflect overfitting 
rather than true predictive power. Validation in inde-
pendent cohorts from diverse medical centres is essen-
tial to assess the robustness and real-world applicability 
of these models. Additionally, while we utilized blood 
samples, which may not fully capture the epigenetic 
landscape of irradiated tissues, blood-based biomark-
ers remain valuable for non-invasive risk assessment 
and personalized treatment strategies. Future research 
should focus on confirming the identified methylation 
markers, validating the prediction models in larger and 
more diverse populations, and exploring the potential 
role of epigenetic modifiers in reducing radiation sensi-
tivity in healthy tissues.
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Conclusions
We conducted the first epigenomic study to assess the 
risk of RT-induced adverse effects in prostate cancer 
patients. We identified candidate methylation biomark-
ers and key genes associated with radiation-induced 
adverse effects, highlighting their involvement in criti-
cal biological processes such as fibrosis, inflammation, 
DNA repair, and tissue regeneration. Additionally, we 
identified an association potentially related to SINE and 
LINE-1 elements which may influence genome struc-
ture and function, though their precise role requires 
further investigation.

Our findings suggest that DNA methylation changes 
could predict RT-induced toxicity in prostate cancer. 
Incorporating these biomarkers into risk prediction 
models prior to treatment could facilitate more person-
alized RT strategies, potentially improving patient out-
comes and quality-of-life by minimizing adverse effects. 
However, as the classification models were developed 
and evaluated within a single discovery cohort, their 
generalisability remains uncertain. External validation 
in larger, independent cohorts is essential to establish 
their robustness and clinical applicability.
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