
MOLECULAR AND CLINICAL ONCOLOGY  25:  44,  2026

Abstract. Volumetric modulated arc therapy (VMAT) is 
an advanced radiotherapy technique for prostate cancer that 
improves dose conformity but is often accompanied by early 
urinary toxicities. Non‑invasive biomarkers for predicting 
such adverse events remain limited. In the present study, a 
secondary analysis of a public urinary metabolomics dataset 
(MxP® Quant 500; 630 metabolites) from 11 patients treated 
with VMAT (76 Gy/38 fractions) was performed. Patients were 
grouped as patients with urinary toxicities (n=7; Grade 1) and 
those without (n=4). Patient‑level Spearman's rank correlation 
coefficients (ρ) between the metabolite concentration and 
fraction number were calculated and summarized within each 
group. Overlaps in the top 60 positively correlated metabo‑
lites and bottom 60 negatively correlated metabolites across 
groups were identified and assessed using OmicsNet 2.0. Four 
metabolites [cholesteryl ester 20:4, taurodeoxycholic acid, 
triglyceride (TG) 18:0_32:2 and TG 18:3_34:1] were positively 
correlated in the toxicity group but negatively correlated in 
controls. Conversely, five metabolites, including phosphatidyl‑
cholines (PCs; PC aa C42:2 and PC ae C42:1), TG 16:0_38:1, 
fatty acid (FA) 20:2 and diglyceride 18:1_18:1, showed the 
opposite trend. Network analysis indicated impaired lipolysis, 
specifically the hydrolysis of TGs into FAs, involving carboxyl 
ester lipase and adipose TG lipase/hormone‑sensitive lipase 
pathways. One patient with toxicity was on ursodeoxycholic 
acid, possibly influencing bile acid‑related metabolites. 
Overall, early urinary adverse events in VMAT were associ‑
ated with lipid metabolism dysregulation. No metabolites 

remained significant after false discovery rate correction, and 
this exploratory, hypothesis‑generating analysis suggested that 
urinary metabolomics may serve as a non‑invasive biomarker 
platform for toxicity prediction, warranting validation in larger 
cohorts.

Introduction

Prostate cancer is the second most commonly diagnosed 
malignancy in men worldwide, with an estimated 1.5 million 
new cases and approximately 400,000 deaths annually (1). 
In Japan, diagnosis and treatment decisions are guided by 
prostate‑specific antigen (PSA) levels, Gleason score, and 
the National Comprehensive Cancer Network (NCCN) risk 
classification (2).

Radiotherapy remains a key treatment option for local‑
ized prostate cancer. Volumetric Modulated Arc Therapy 
(VMAT), an advanced technique within intensity‑modulated 
radiotherapy, delivers highly conformal dose distributions 
while minimizing exposure to surrounding normal tissues (3). 
Despite these advantages, early urinary toxicities‑including 
frequency, dysuria, and reduced urinary f low‑remain 
common. Even low‑grade (Grade 1) toxicities can significantly 
affect quality of life. However, robust biomarkers capable of 
predicting such events are still lacking.

Radiation exposure not only causes direct and indirect 
DNA damage but also induces substantial alterations in 
proteins and lipids, leading to oxidative stress and inflamma‑
tory responses (4). These biological disturbances are reflected 
in shifts in metabolite profiles. Metabolomics, which compre‑
hensively characterizes small molecules in biological samples, 
has therefore gained increasing attention in radiation research 
as a means to capture these downstream effects (5,6). Urinary 
metabolomics, in particular, offers a non‑invasive method to 
monitor treatment‑related physiological changes (7). In our 
previous analysis of this dataset, we examined the role of 
phospholipase A2 (PLA2) activity during VMAT and identi‑
fied its potential as a predictor of acute urinary toxicity (8). 
Although this finding highlighted an important enzymatic 
pathway, it provided only a partial perspective on the broader 
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metabolic disruptions caused by irradiation. A narrow focus on 
PLA2 leaves open the question of whether other lipid‑related 
pathways‑such as triglyceride (TG) hydrolysis, bile acid 
(BA)‑mediated mechanisms, or cholesterol ester turnover‑also 
contribute to urinary adverse events.

A secondary analysis of the same comprehensive dataset 
provides an opportunity to overcome this limitation. By 
re‑evaluating all 630 quantified metabolites with a focus on 
treatment‑related toxicity rather than a single enzymatic 
pathway, we can uncover novel candidate biomarkers, delineate 
alternative metabolic routes, and reinforce the biological ratio‑
nale for metabolomic monitoring in radiotherapy. In particular, 
correlation‑based ranking and network analysis enable the 
detection of coordinated alterations across lipid classes, 
rather than isolated enzymatic signals. In the present study, 
we conducted a secondary analysis of a previously published 
urinary metabolomics dataset generated in an original 
clinical study during VMAT (8) and deposited in MetaboBank 
(accession numbers MTBKS242 and MTBKS243). No new 
patient recruitment or urine collection was performed for this 
secondary analysis.

Accordingly, the present study aimed to identify urinary 
metabolites and metabolic pathways associated with early 
urinary adverse events during VMAT, extending beyond 
PLA2 to achieve a more integrative understanding of lipid 
metabolism under irradiation.

Materials and methods

Study design. The present study is a secondary analysis of a 
previously published urinary metabolomics dataset originally 
generated in a clinical study during VMAT and made publicly 
available in MetaboBank  (8). No new patient recruitment, 
intervention, sample collection, or metabolomic data genera‑
tion was performed as part of the present study. As this study 
exclusively analyzed de‑identified data obtained from a public 
repository, additional ethical approval was not required. The 
cohort comprised 11 males (0 females), with a median age of 
70 years (range, 59‑75), who underwent VMAT at Hirosaki 
University Hospital between June 2021 and March 2022, as 
described in the original report (8). All patients received 76 Gy 
in 38 fractions (2 Gy per fraction, five fractions weekly). Clinical 
characteristics‑including age, PSA level, Gleason score, TNM 
stage, NCCN risk classification, prior or concurrent hormone 
therapy, and acute adverse events‑were documented in the 
initial publication (8). Seven patients experienced Grade 1 
urinary toxicities (frequency, dysuria, or decreased flow), 
while four patients reported no acute urinary events. Toxicities 
were graded according to the Common Terminology Criteria 
for Adverse Events, version 5.0 (9).

Metabolomics profiling. In the original clinical study (8), daily 
first‑morning urine samples (10 ml) had been self‑collected 
during the treatment period using a standardized collec‑
tion device and stored at ‑80˚C until analysis, as previously 
described  (8). Metabolomic profiling was performed with 
the MxP® Quant 500 kit (Biocrates Life Sciences AG, 
Innsbruck, Austria), enabling quantification of 630 metabo‑
lites, comprising 107 small molecules and 523 lipids. Sample 
preparation, LC‑MS/MS acquisition, and quality control 

procedures followed the manufacturer's standard operating 
protocol and were fully detailed in the original report  (8). 
Briefly, metabolite concentrations were determined using 
multiple reaction monitoring with isotope‑labeled internal 
standards and normalized to urinary creatinine to correct for 
dilution variability. The complete metabolomics dataset is 
publicly available in MetaboBank under accession numbers 
MTBKS242 (https://mb2.ddbj.nig.ac.jp/study/MTBKS242.
html) and MTBKS243 (https://mb2.ddbj.nig.ac.jp/study/
MTBKS243.html), as described in the original report (8).

Statistical analysis. Because this study is exploratory and 
hypothesis‑generating, statistical interpretation focused 
on the direction and magnitude of associations rather than 
confirmatory inference. For each patient and each metabolite, 
Spearman's rank correlation coefficient (ρ) was calculated 
between the number of delivered radiation fractions and the 
creatinine‑normalized metabolite concentration. Patient‑level 
ρ values were summarized within each group [AE(+) vs. 
AE(‑)], and metabolites were ranked by the median ρ in each 
group. To screen for group‑specific metabolic alterations, we 
used a bidirectional rank‑based screening as follows: (i) the 
top 60 metabolites with the highest median ρ in AE(+) were 
compared with the bottom 60 metabolites with the lowest 
median ρ in AE(‑); and (ii) the top 60 metabolites in AE(‑) 
were compared with the bottom 60 metabolites in AE(+). 
Overlapping metabolites across these contrasted sets were 
carried forward for network analysis (a predefined exploratory 
threshold). Network analyses of the selected metabolites were 
performed using OmicsNet 2.0 (https://www.omicsnet.ca) 
(10), which integrates curated metabolite‑enzyme and pathway 
interaction data from public databases including KEGG, 
HMDB, Reactome, and SMPDB. Networks were generated 
under the Homo sapiens setting using the platform's default 
metabolite‑enzyme interaction resources. Statistical analyses 
were carried out with Statcel 5 (OMS Publishing Inc., Saitama, 
Japan). Between‑group differences in patient‑level ρ values 
were assessed using Mann‑Whitney U tests. P‑values were 
adjusted for multiple testing using the Benjamini‑Hochberg 
false discovery rate (FDR) procedure; nominal p‑values and 
FDR‑adjusted q‑values are reported. FDR adjustment was 
implemented in Python (Google Colab) using statsmodels.
stats.multitest (method=̔fdr_bh’). In addition, changes in 
metabolite levels (Δ) were calculated for each patient as the 
difference between metabolite levels at the end of radiotherapy 
(fraction 38) and baseline (fraction 0). These Δ values were 
compared between the AE(+) and AE(‑) groups using the 
Mann‑Whitney U test. This analysis was performed as a 
complementary evaluation of pre‑post changes.

Sensitivity analysis. To assess potential confounding by 
concomitant ursodeoxycholic acid (UDCA) treatment, we 
repeated the between‑group comparison after excluding the 
single AE(+) patient receiving UDCA (Pt.7) and summarized 
the results for the key metabolites in Tables SI and SII.

Results

Patient characteristics. The clinical profiles of the 11 patients 
included in this secondary analysis are summarized in 
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Table I. The median age was 70 years (range, 59‑75). Median 
PSA level was 7.23 ng/ml, and the median Gleason score 

was 7. According to the NCCN risk classification, 6 patients 
(54.5%) were categorized as high risk. Seven patients (63.6%) 

Table I. Clinical characteristics of patients.

			   Gleason 	  	  					   
			   score 							     
		  Stage	 (prior to							     
Patient	 TNM	 (risk	  the start of 	 Age,	 Delivered	 Urine	 PSA,	 Hormone		
no.	 classification	 level)	 irradiation)	 years	 fractions	 samples, n	 ng/ml	 therapy	 AE	 CC

  1	 cT3N0M0	 III (high)	 5+4	 69	 38	 8	 5.10	 CAB 	 (+)	 Urethral pressure,
								        (leuprorelin		   painful urination
								        acetate +		
								        estramustine 		
								        phosphate 		
								        sodium 		
								        hydrate); 		
								        leuprorelin 		
								        acetate SR		
  2	 cT3aN0M0	 III (high)	 4+3	 69	 38	 8	 18.44	 CAB; 	 (+)	 Urethritis, painful
								        leuprorelin 		  urination, 
								        acetate SR		  difficulty 
										          urinating, frequent
										          urination
  3	 cT2bN0M0	 II (mid)	 5+4	 72	 38	 8	 26.60	 CAB	 (+)	 Frequent urination
  4	 cT3aN0M0	 III (high)	 5+3	 61	 38	 8	 23.30	 CAB; 	 (+)	 Urethritis, 
								        bicalutamide		  difficulty urinating
								        for 8 weeks		
  5	 cT3N0M0	 III (high)	 4+5	 75	 38	 7	 4.05	 NHT	 (+)	 Frequent
										          urination, 
										          decreased urinary 
										          flow
  6	 cT1cN0M0	 II (mid)	 3+4	 71	 38	 7	 8.80	 Bicalutamide	 (+)	 Frequent urination
  7	 cT2bN0M0	 II (mid)	 4+3	 71	 38	 7	 4.44	 CAB using	 (+)	 Frequent
								        bicalutamide 		  urination,
								        and leuprorelin		  decreased urinary
								        acetate SR, and		  flow
								        ursodeoxy		
								        cholic acid		
  8	 cT2bN0M0	 II (mid)	 3+4	 68	 38	 5	 7.23	 CAB	 (‑)	 ‑
  9	 cT2aN0M0	 II (high)	 4+4	 73	 38	 5	 4.38	 Degarelix 	 (‑)	 ‑
								        acetate +		
								        estramustine		
								        phosphate 		
								        sodium hydrate		
10	 cT1cN0M0	 I (mid)	 3+3	 70	 38	 5	 27.20	 CAB; 	 (‑)	 ‑
								        leuprorelin 		
								        acetate SR		
11	 cT1cN0M0	 I (low)	 3+3	 59	 38	 5	 6.97	 ‑	 (‑)	 ‑

The age at the start of irradiation, baseline PSA level and Gleason score (assessed prior to the start of irradiation) are shown. AE(+) patients 
developed Grade 1 urinary toxicities during volumetric modulated arc therapy, including increased urinary frequency, dysuria or decreased 
urinary flow, according to Common Terminology Criteria for Adverse Events version 5.0. CAB, combined androgen blockade; NHT, neoadju‑
vant hormonal therapy; AE, adverse event; CC, chief complaint; PSA, prostate‑specific antigen; SR, sustained release.

https://www.spandidos-publications.com/10.3892/mco.2026.2953
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developed Grade 1 urinary adverse events [AE(+)], while 
4 patients (36.4%) experienced no acute urinary events [AE(‑)].

Correlation analysis of urinary metabolites. In total, 630 
urinary metabolites quantified by the MxP® Quant 500 kit were 
analyzed. For each patient, Spearman's rank correlation coef‑
ficients (ρ) were calculated between the number of delivered 
radiation fractions and the creatinine‑normalized concentra‑
tions of each metabolite, yielding a patient‑level ρ for each 
metabolite. Between‑group differences in patient‑level ρ values 
were then assessed using Mann‑Whitney U tests, and p‑values 
were adjusted using Benjamini‑Hochberg FDR correction. 
After FDR correction across 630 metabolites, none of the 
metabolites remained significant (minimum q‑value=0.49) 
(Table SII). Therefore, the metabolites highlighted below should 
be interpreted as exploratory candidates based on consistent 
directional differences and nominal associations. We focused 
on metabolites that demonstrated strong positive or negative 
correlations with radiation fraction number based on rank 
order of patient‑level Spearman's ρ values. Specifically, because 
the sample size was limited and the analysis involved a large 
number of metabolites (n=630), strict multiple‑testing correc‑
tion markedly reduced statistical power. Therefore, to identify 
biologically meaningful directional patterns while limiting 
the number of candidates for downstream network analysis, a 
rank‑based screening strategy focusing on metabolites showing 
the strongest positive or negative correlations with radiation 
fraction number was adopted. Specifically, this approach aimed 
to identify metabolites showing opposite directional trends 
between groups [those increasing with treatment in the AE(+) 
group while decreasing in the AE(‑) group, and vice versa]. 
Specifically, the top 60 metabolites showing the strongest posi‑
tive correlations with fraction number in AE(+) patients and 
the 60 metabolites showing the strongest negative correlations 
(lowest ρ values) in AE(‑) patients were selected. Thus, the ‘top 
60’ refers to metabolites with the most extreme correlation coef‑
ficients in each direction based on rank order, including those 
with the strongest negative correlations. Conversely, metabo‑
lites with the opposite directional patterns [top 60 metabolites 
with the strongest positive correlations in AE(‑) patients and 
top 60 metabolites with the strongest negative correlations 
in AE(+) patients] were also examined. This bidirectional 
screening approach was designed to identify metabolites exhib‑
iting consistent but opposite directional changes between the 
AE(+) and AE(‑) groups. The overlap structure of these ranked 

sets is summarized in Fig. 1, and this bidirectional screening 
yielded 9 overlapping metabolites (Tables II and III). Of these, 
4 metabolites‑cholesteryl ester [CE(20:4)], taurodeoxycholic 
acid (TDCA), TG(18:0_32:2), and TG(18:3_34:1)‑showed 
positive correlation in AE(+) but negative correlation in AE(‑). 
Conversely, 5 metabolites‑phosphatidylcholine (PC aa C42:2), 
PC ae C42:1, TG(16:0_38:1), fatty acid [FA(20:2)], and diglyc‑
eride [DG(18:1_18:1)]‑demonstrated the opposite trend (positive 
in AE(‑), negative in AE(+)). As a complementary analysis, 
changes in metabolite levels (Δ) between baseline (fraction 0) 
and the end of radiotherapy (fraction 38) were compared 
between AE(+) and AE(‑) groups. The results of this Δ‑based 
comparison are summarized in Table SI. Overall, several 
metabolites exhibited opposite directional changes between 
groups, consistent with the correlation‑based findings. Among 
these, TG (16:0_38:1) and DG (18:1_18:1) showed nominally 
significant differences between groups in the primary analysis, 
although this was not consistently observed in the sensitivity 
analysis. These results should be interpreted as exploratory.

Network analysis of lipid metabolism. To explore the biolog‑
ical significance of the overlapping metabolites, interaction 
networks were generated using OmicsNet 2.0. Metabolites 
that increased in AE(+) patients were enriched in pathways 
involving cholesterol esters, BAs, and TGs (Fig. 2). In contrast, 
those that decreased in AE(+) were predominantly linked to 
diglycerides, fatty acids, and PCs (Fig. 3). Expanded network 
analysis further identified 29 metabolites connecting PCs with 
FAs (Fig. 4; Table SIII) and 12 metabolites bridging fatty acids 
with diglycerides/TGs (Fig. 5; Table SIV). These coordinated 
alterations pointed to a disruption in lipolytic processes. 
Sensitivity analysis excluding the UDCA‑treated patient (Pt.7) 
showed that the nominal associations and directional patterns 
for the key metabolites were largely preserved (Table SII).

In particular, TDCA remained nominally different between 
groups (p=0.01), although q‑values increased after exclusion 
due to reduced sample size.

Hypothesized involvement of TG hydrolysis. Building on 
these results, we focused on the lipolysis pathway, which 
converts TGs into fatty acids and glycerides. A schematic 
representation is shown in Fig. 6 (Table SV). The simul‑
taneous increase in specific TG isomers and paradoxical 
reduction in their corresponding fatty acids suggested a 
potential inhibition of lipolysis. In addition, alterations 

Table  II. Median (range) patient‑level Spearman's rank correlation coefficients (ρ) between radiation fraction number and 
metabolite concentration in the AE(+) and AE(‑) groups for metabolites showing opposite directional correlations.

	 Metabolites
	-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
AE group	 CE (20:4)	 TDCA	 TG (18:0_32:2)	 TG (18:3_34:1)

AE(+)	 0.34 (0.10 to 0.67)	 0.22 (‑0.20 to 0.70)	 0.22 (‑0.16 to 0.46)	 0.21 (‑0.16 to 0.46)
AE(‑)	 ‑0.35 (‑0.80 to 0.30)	 ‑0.37 (‑0.78 to ‑0.30)	 ‑0.46 (‑0.90 to 0.05)	 ‑0.60 (‑0.90 to ‑0.40)

Statistical comparisons of patient‑level ρ values between groups were performed using the Mann‑Whitney U test with Benjamini‑Hochberg 
false discovery rate correction. Full statistical results are provided in Table SII. AE, adverse event; CE, cholesteryl ester; TDCA, taurodeoxy‑
cholic acid; TG, triglyceride.
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in cholesteryl ester metabolism appeared to be involved. 
Collectively, these exploratory findings suggest that early 
urinary adverse events during VMAT may be linked to 
dysregulated lipid metabolism, particularly impaired hydro‑
lysis of TGs into fatty acids.

Discussion

In this secondary analysis of urinary metabolomics from 
patients receiving VMAT for localized prostate cancer, 
we observed distinct lipid metabolic alterations showing 

Figure 1. Venn diagram of rank‑based metabolite sets derived from patient‑level Spearman’s rank correlation coefficients (ρ). Metabolites were ranked 
according to the median ρ between radiation fraction number and metabolite concentration within each group. Four ranked sets were defined: Positive correla‑
tion [AE(+)], positive correlation [AE(‑)], negative correlation [AE(‑)] and negative correlation [AE(+)]. Overlaps among these sets with opposing correlation 
directions between the AE(+) and AE(‑) groups were examined to identify metabolites showing opposite directional correlation patterns. AE, adverse event; 
negative correlation [AE(‑)], top 60 negatively correlated metabolites in the AE(‑) group; negative correlation [AE(+)], top 60 negatively correlated metabolites 
in the AE(+) group; positive correlation [AE(‑)], top 60 positively correlated metabolites in the AE(‑) group; positive correlation [AE(+)], top 60 positively 
correlated metabolites in the AE(+) group.

Table  III. Median (range) patient‑level Spearman's rank correlation coefficients (ρ) between radiation fraction number and 
metabolite concentration in the AE(‑) and AE(+) groups for metabolites showing opposite directional correlations.

	 Metabolites
	----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
AE group	 PC aa C42:2	 TG (16:0_38:1)	 PC ae C42:1	 FA (20:2)	 DG (18:1_18:1)

AE(‑)	 0.61 (0.53 to 0.90)	 0.48 (0.20 to 0.67)	 0.36 (0.20 to 0.80)	 0.35 (‑0.20 to 0.60)	 0.32 (‑0.90 to 0.90)
AE(+)	 ‑0.19 (‑0.77 to 0.06)	 ‑0.23 (‑0.57 to 0.05)	 ‑0.15 (‑0.45 to 0.29)	 ‑0.22 (‑0.76 to 0.36)	 ‑0.35 (‑0.76 to ‑0.02)

Statistical comparisons of patient‑level ρ values between groups were performed using the Mann‑Whitney U test with Benjamini‑Hochberg 
false discovery rate correction. Full statistical results are provided in Table SII. AE, adverse event; DG, diglyceride; FA, fatty acid; PC, 
phosphatidylcholine; TG, triglyceride.

https://www.spandidos-publications.com/10.3892/mco.2026.2953
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directional differences between AE(+) and AE(‑) groups; 
however, none of the metabolites remained statistically signifi‑

cant after FDR correction. Four metabolites‑CE(20:4), TDCA, 
TG(18:0_32:2), and TG(18:3_34:1)‑showed positive correla‑
tions with radiation fractions in AE(+) but negative correlations 
in AE(‑), whereas five metabolites‑PC aa C42:2, PC ae C42:1, 
TG(16:0_38:1), FA(20:2), and DG(18:1_18:1)‑displayed the 
opposite pattern. Network analysis revealed convergence on 
lipid pathways, particularly TG hydrolysis into fatty acids.

We previously reported phospholipase A2 (PLA2) 
activity in urinary metabolites as a potential biomarker for 
predicting acute toxicities during VMAT (8). While that work 

Figure 2. Network of metabolites positively correlated in the AE(+) group 
and negatively correlated in the AE(‑) group. The network centers on triglyc‑
eride and cholesterol ester nodes connected to enzymes or proteins involved 
in lipid hydrolysis. AE, adverse event.

Figure 3. Network of metabolites positively correlated in the AE(‑) group and 
negatively correlated in the AE(+) group. Yellow nodes represent key lipid 
classes (fatty acid, triglyceride, diglyceride and 3‑sn‑phosphatidylcholine), 
and red nodes represent associated enzymes and interacting molecules 
derived from curated pathway databases. AE, adverse event.

Figure 4. Enlarged subnetwork centered on 3‑sn‑phosphatidylcholine and 
fatty acid. The red nodes represent 29 enzymes and interacting molecules 
connecting these metabolites in the network analysis.

Figure 5. Interaction network centered on fatty acid, diglyceride and triglyc‑
eride. A total of 12 associated enzymes and interacting proteins linking these 
lipid classes are shown as red nodes.
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emphasized phospholipid remodeling, the present analysis 
broadens the perspective to the lipid network as a whole. The 
discordant behavior of TGs and their corresponding fatty 
acids points to impaired lipolysis as a candidate mechanism 
for urinary AEs, thereby complementing earlier findings by 
shifting from a single enzymatic activity to a pathway‑level 
view.

Lipolysis proceeds through sequential hydrolysis of TGs 
by adipose TG lipase (ATGL), hormone‑sensitive lipase 
(HSL), and monoglyceride lipase, ultimately producing free 
fatty acids and glycerol  (11). Cholesteryl ester lipase also 
contributes by hydrolyzing cholesterol esters and TGs (12). 
The paradoxical accumulation of certain TG species with 
reduced levels of corresponding fatty acids in AE(+) patients 
suggests suppression of this pathway. Possible inhibitory 
mechanisms include G0/G1 switch gene 2 (G0S2), a direct 
ATGL inhibitor (11), and insulin‑mediated downregulation of 
HSL via cAMP signaling (12). Furthermore, cytokines such as 
TNF‑α are known to influence lipolysis through NF‑κB and 
ERK pathways, potentially intersecting with radiation‑induced 
inflammation (13). Collectively, these findings are consistent 
with the possibility that radiation perturbs lipolytic regulation, 
leading to TG accumulation, reduced fatty acid release, which 
may be associated with urinary toxicity.

Only limited urinary biomarkers have been investi‑
gated for predicting early urinary AEs during radiotherapy. 
Previous studies have primarily focused on inflammatory 
cytokines (e.g., IL‑6, IL‑8), oxidative stress markers such as 
8‑hydroxy‑2'‑deoxyguanosine (8‑OHdG), or tubular injury 
markers including NGAL and β2‑microglobulin. These 
markers reflect downstream inflammation or tissue injury but 
do not capture broader metabolic pathway alterations. To our 
knowledge, comprehensive urinary metabolomic profiling 
integrated with fraction‑dependent correlation analysis has 
not previously been applied to early urinary toxicity during 
VMAT. Our pathway‑oriented, lipid‑focused analysis there‑
fore provides a systems‑level perspective that extends beyond 
single‑marker approaches. The identification of lipid metabolic 
dysregulation highlights the potential of urinary metabolomics 
for toxicity monitoring. The involvement of bile acid‑related 
metabolites such as TDCA further underscores the need to 
consider background medications when interpreting metabo‑
lomic findings.

This study has several limitations. First, the sample size 
was small (n=11), which precludes statistical generalization 
and limits power. Second, only Grade 1 urinary toxicities 
were observed, leaving it unclear whether similar metabolic 
alterations would be observed in higher‑grade AEs. Third, 

Figure 6. Schematic of TG hydrolysis (lipolysis) and associated intermediates. TNF signaling via NF‑κB and ERK may influence transcriptional regulation of 
lipolytic enzymes. Inhibitors, including insulin and G0S2, suppress ATGL activity. Observed metabolite changes in the adverse event‑positive group are indi‑
cated by arrows. ATGL, adipose triglyceride lipase; HSL, hormone‑sensitive lipase; MGL, monoglyceride lipase; CEL, carboxyl ester lipase; TG, triglyceride; 
DG, diglyceride; MG, monoglyceride; FA, fatty acid; BA, bile acid; TDCA, taurodeoxycholic acid; G, glycerol.

https://www.spandidos-publications.com/10.3892/mco.2026.2953
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as a secondary analysis of an existing dataset, this work is 
hypothesis‑generating rather than causal. In addition, none 
of the identified metabolites remained statistically significant 
after FDR correction, underscoring the exploratory nature of 
these findings. Although Grade 1 urinary AEs are clinically 
mild, we consider them to reflect early radiation‑induced 
biological perturbations in the urinary tract that may precede 
more severe toxicity. Whether similar or amplified metabolic 
patterns are observed in Grade ≥2 urinary AEs should be 
evaluated in larger prospective cohorts. One AE(+) patient 
received ursodeoxycholic acid (UDCA), which could theoreti‑
cally influence BA‑related metabolites. However, a sensitivity 
analysis excluding this patient yielded similar nominal 
associations and preserved the directional patterns of the key 
metabolites (Table SI and SII), suggesting that our main inter‑
pretation was unlikely to be entirely driven by this single case.

Future research should validate these findings in larger, 
prospectively collected cohorts with broader toxicity profiles. 
Complementary experimental approaches, such as in vitro irra‑
diation models or enzymatic assays, may help clarify whether 
the paradoxical increase in TGs alongside reduced fatty acids 
reflects inhibition of lipolysis. Such studies would provide 
mechanistic evidence for the associations reported here and 
enhance the translational potential of urinary metabolomics 
in radiotherapy.

In summary, this study suggests that early urinary AEs 
during VMAT may be associated with dysregulated lipid 
metabolism, particularly impaired hydrolysis of TGs into fatty 
acids. These results build upon our prior findings on PLA2 
activity (8) and support the potential of urinary metabolomics 
as a non‑invasive biomarker platform for predicting radio‑
therapy‑related toxicities. Although exploratory, this analysis 
generates testable hypotheses that warrant validation in larger 
cohorts and mechanistic studies to better define the role of 
lipid metabolism in radiation‑induced urinary toxicity.
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