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Abstract. Prostate cancer (PC) is a highly prevalent malig‑
nancy in men with substantial prognostic heterogeneity. The 
present study aimed to identify novel prognostic biomarkers 
and investigate their functional roles and underlying mecha‑
nisms in PC. To this end, integrated bioinformatics analyses 
were performed using The Cancer Genome Atlas‑prostate 
adenocarcinoma cohort and two Gene Expression Omnibus 
datasets. A total of 95 common differentially expressed 
genes were identified and were significantly enriched in the 
STAT3 signaling pathway. Lasso and Cox regression analyses 
screened nine independent prognostic genes, among which 
SRRT exhibited the highest risk coefficient. The constructed 
risk model showed strong predictive performance for 
disease‑free survival and favorable calibration in nomogram 
analysis. Experimental validation demonstrated that SRRT 
was markedly upregulated in PC tissues and cell lines, and 
functional assays revealed that SRRT knockdown inhibited, 
whereas overexpression promoted, proliferation and migration 
of DU145 and PC‑3 cells in vitro and tumor growth in vivo. 
Mechanistically, SRRT enhanced STAT3 phosphorylation, 
and activation of STAT3 by colivelin partially reversed the 
suppressive effects of SRRT silencing, indicating that SRRT 
promotes PC progression through activation of the STAT3 

signaling pathway. Collectively, SRRT acts as an independent 
adverse prognostic biomarker that promotes PC progression, 
and the present findings provide integrated bioinformatic 
and experimental evidence linking SRRT to STAT3 pathway 
activation.

Introduction

Prostate cancer (PC) is one of the malignant tumors with a 
high incidence among men worldwide and has become a major 
public health issue threatening men's reproductive health and 
overall survival  (1,2). In recent years, although diagnostic 
and therapeutic approaches such as prostate‑specific antigen 
screening, radical prostatectomy, radiotherapy and androgen 
deprivation therapy have been continuously developed, signifi‑
cantly improving the prognosis of some patients, the clinical 
outcomes of patients with advanced or metastatic PC remain 
unsatisfactory (3,4). Tumor recurrence, drug resistance and 
metastasis are still major challenges in clinical treatment (5). 
Currently used clinical prognostic evaluation indicators have 
limitations: They cannot accurately distinguish survival differ‑
ences among patients with different risk stratifications, nor can 
they provide a sufficient molecular‑level basis for the formula‑
tion of individualized treatment regimens (6). Recent studies 
have attempted to improve prognostic stratification by inte‑
grating gene expression signatures. Xie et al (7) constructed a 
prognostic model based on ribosome biogenesis‑related genes, 
highlighting the value of molecular features in risk prediction. 
However, the heterogeneity of PC indicates that additional 
robust biomarkers and regulatory mechanisms remain to be 
identified. Therefore, exploring key molecular biomarkers 
closely related to the occurrence, development and prognosis 
of PC, and clarifying their regulatory mechanisms, is of great 
significance for optimizing the PC prognostic evaluation 
system and developing novel molecular stratification strategies 
and improving risk‑adapted clinical management.

With the rapid development of high‑throughput sequencing 
technology and bioinformatics, public databases [for example, 
The Cancer Genome Atlas (TCGA); Gene Expression 
Omnibus, (GEO)] have accumulated a large amount of PC 
gene expression and clinical prognostic data, providing strong 
support for the systematic screening of differentially expressed 
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genes (DEGs) and prognosis‑related molecular targets (8,9). 
Integrative analysis of multiple datasets can effectively reduce 
the bias of a single dataset and improve the reliability of 
screening results. Functional enrichment analysis of DEGs can 
further reveal the key biological processes and signaling path‑
ways they participate in, pointing out directions for subsequent 
mechanistic studies (10). Existing studies have shown that the 
abnormal activation of multiple signaling pathways plays a 
core role in the malignant progression of PC. Among them, 
the sustained activation of the Signal Transducer and Activator 
of Transcription 3 (STAT3) signaling pathway can promote the 
occurrence, development, and metastasis of PC by regulating 
the expression of genes related to cell proliferation, apoptosis 
and migration, highlighting its important role in PC progres‑
sion and its potential relevance for therapeutic research (11,12).

SRRT, a serine/arginine‑rich splicing factor, was initially 
found to be involved in the regulation of RNA splicing (13,14). 
In recent years, studies have suggested that it is abnormally 
expressed in a variety of malignant tumors and is closely related 
to tumor cell proliferation, migration and prognosis (15). For 
example, SRRT is highly expressed in liver cancer (16) and 
breast cancer  (17), and its high expression is significantly 
associated with poor prognosis of patients, which can promote 
tumor progression by regulating downstream signaling path‑
ways (18). Notably, it has been also previously reported that 
SRRT is associated with prostate cancer (PC) progression and 
poor prognosis (14). However, the precise functional role and 
underlying molecular mechanisms of SRRT in PC remain 
incompletely understood, which needs further investigation.

Based on this, the present study first integrated the 
TCGA‑PRAD dataset and the GSE32571, GSE3325 datasets 
in the GEO database to screen common DEGs in PC tumor 
and adjacent normal tissues and analyzed their functional 
characteristics by combining Gene Ontology (GO)/Kyoto 
Encyclopedia of Genes and Genomes (KEGG) enrichment 
analyses. Subsequently, Lasso regression and Cox regression 
analyses were used to screen independent prognostic genes, 
construct a prognostic risk model, and verify its efficacy. 
Finally, focusing on the SRRT gene with the highest risk coef‑
ficient, in vitro cell experiments [Cell Counting Kit‑8 (CCK‑8), 
Transwell, scratch assay and western blotting) were conducted 
to verify its effects on the proliferation, and migration of PC 
cells, and explore its regulatory relationship with the STAT3 
signaling pathway. The present study aims to further elucidate 
the functional role and molecular mechanism of SRRT in PC, 
with a particular focus on its potential involvement in STAT3 
signaling.

Materials and methods

Data acquisition and preprocessing. Gene expression data of 
PC tumors and adjacent normal tissues were obtained from 
the TCGA‑PRAD dataset and the GSE32571 and GSE3325 
datasets in the GEO database. The TCGA‑PRAD cohort 
included 502 primary tumor samples and 52 normal pros‑
tate tissues with available clinical and survival information. 
The GSE32571 dataset comprised 59 PC samples and 39 
normal prostate samples. The GSE3325 dataset included 13 
PC samples and 6 normal prostate samples. TCGA‑PRAD 
RNA‑sequencing (RNA‑seq) data were downloaded from the 

Genomic Data Commons portal in HTSeq‑count format. The 
GSE32571 and GSE3325 datasets were obtained as raw CEL 
files or series matrix files using the GEOquery R package 
(Bioconductor; version 2.78; https://bioconductor.org/pack‑
ages/release/bioc/html/GEOquery.html). For TCGA RNA‑seq 
data, raw count data were used for downstream analysis.

Screening of DEGs. Differential expression analysis was 
performed using methods appropriate for each data type. For 
RNA‑seq data from the TCGA‑PRAD cohort, differential 
expression analysis was conducted using the DESeq2 package 
based on raw count data. DESeq2 internally normalizes count 
data using size factors and models gene expression using a 
negative binomial distribution. Genes with |log2FoldChange|>1 
and adjusted P<0.05 were considered significantly differen‑
tially expressed. For microarray data from GSE32571 and 
GSE3325, the limma package (version 3.54.2, https://biocon‑
ductor.org/packages/release/bioc/html/limma.html) was used 
to construct linear models, and differential expression was 
calculated after empirical Bayes moderation. Finally, lists of 
upregulated and downregulated DEGs were obtained for each 
dataset.

GO and KEGG enrichment analyses. After loading DEGs 
into the R environment, functional annotation analysis was 
performed using the ‘clusterProfiler’ package (19). GO func‑
tional annotation: Enrichment tests were conducted separately 
for three dimensions, namely biological process (BP), cellular 
component (CC) and molecular function (MF). P‑values were 
calculated based on hypergeometric distribution tests, signifi‑
cant terms were screened by combining gene count thresholds, 
and the FDR was controlled using the Benjamini‑Hochberg 
method. KEGG signaling pathway analysis: The pathway 
mapping function of clusterProfiler was used to analyze the 
metabolic and signal transduction networks involved in DEGs. 
A dual screening criterion of P<0.05 and FDR<0.1 was set 
to ensure both biological significance and statistical rigor. 
Visualization of expression patterns: A two‑color gradient 
heatmap was generated using the ‘pheatmap’ package (20), 
with tumor samples and normal tissues compared in separate 
columns; red modules indicated upregulated gene clusters, 
and blue modules indicated downregulated gene clusters. Row 
clustering was performed using the correlation coefficient 
distance algorithm. The built‑in plotting function of ‘cluster‑
Profiler’ (21) was called, where the bubble area reflected the 
number of genes covered by each term, and the color gradient 
depth corresponded to the ‑log10(P‑value) intensity; signifi‑
cantly enriched terms were concentrated in the upper left area 
of the chart.

Lasso regression analysis. Lasso regression analysis was 
performed using the ‘glmnet’ package in R to screen DEGs 
related to PC prognosis. The parameter α was set to 1 (Lasso 
mode), and 10‑fold cross‑validation was used to optimize the 
regularization strength λ. In the coefficient profile plot, as the λ 
value increased (x‑axis: Log Lambda), the number of genes 
with non‑zero coefficients gradually decreased. Finally, the λ 
value corresponding to the point with the smallest deviation 
was selected, and genes with non‑zero coefficients were identi‑
fied as prognosis‑related candidate genes.
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Univariate and multivariate cox regression analyses. The 20 
genes screened by Lasso were included in survival analysis, 
and the ‘survival’ package  (22) was used to construct a 
univariate Cox proportional hazards model. With patients' 
disease‑free survival (DFS) as the endpoint event, the risk 
coefficient (coef) and P‑value of each gene were calculated, 
and genes with P<0.05 were screened as potential prognostic 
biomarkers. To eliminate the interference of confounding 
factors, genes that were significant in the univariate analysis 
and clinicopathological parameters (age, staging) were jointly 
included in a multivariate Cox model. Stepwise regression was 
used to identify independent prognostic factors.

Construction of risk model and verification by survival 
analysis. Based on the expression profiles of the 9 indepen‑
dent prognostic genes, a risk scoring model (Riskscore) was 
constructed using a linear weighted method. Patients were 
divided into high/low‑risk groups according to the median risk 
score. The ‘survival’ package was used to draw Kaplan‑Meier 
curves, and the log‑rank test was used to compare survival 
differences between groups. Model verification: The 
‘timeROC’ package  (23) was used to draw 1‑year, 3‑year, 
and 5‑year time‑dependent receiver operating characteristic 
(ROC) curves, and the area under the curve (AUC) value was 
calculated to evaluate the prediction accuracy of the model.

Cell culture. Human PC cell lines (DU145, LNCaP and PC‑3), 
murine PC line (RM‑1) and a normal prostate epithelial 
cell line (RWPE‑1) were cultured in RPMI‑1640 medium 
(cat. no. 11875093; Thermo Fisher Scientific, Inc.) supplemented 
with 10% fetal bovine serum (FBS; cat. no. 10099‑141C; Gibco; 
Thermo Fisher Scientific, Inc), under the conditions of 37˚C 
and 5% CO2. Cells were digested and passaged with 0.25% 
trypsin every 2‑3 days to maintain a cell density of 70‑80% 
confluence. All cell lines were purchased from the Chinese 
Academy of Medical Sciences.

Gene intervention. Cell models with transient knockdown 
or overexpression of SRRT were established in DU145 and 
PC‑3 cell lines, respectively. For knockdown experiments, 
SRRT‑siRNA (si‑SRRT) and negative control (si‑NC) were 
transfected using Lipofectamine 3000 reagent. For overex‑
pression experiments, overexpression vector (OE‑SRRT) 
and empty vector (NC) were transfected. The transfec‑
tion reagent was Lipofectamine 3000 (cat.  no  455560) 
from Invitrogen; Thermo Fisher Scientific, Inc. A total 
of 24 h before transfection, cells were seeded in 6‑well 
plates at a density of 2x105 cells/well. Tube A (containing 
50 µl Opti‑MEM and 5 µl Lipofectamine 3000 per well) 
and Tube B [containing 50  µl Opti‑MEM and 2.5  µg 
small interfering RNA (siRNA) per well] were prepared 
separately, mixed, and incubated at room temperature for 
15 min, then added to the cells. After 6 h, the medium was 
replaced with complete medium, and cells were collected 
for RNA or protein extraction 48  h after transfection. 
The overexpression vector pCDNA3.1‑SRRT (OE‑SRRT; 
pcDNA3.1 vector: Invitrogen; Thermo Fisher Scientific, 
Inc.) and empty vector (NC) were verified by sequencing. 
For their transfection, the preparation of Tube A (50 µl 
Opti‑MEM + 5 µl Lipofectamine 3000 per well) and Tube 

B (50 µl Opti‑MEM + 2.5 µg plasmid per well) and subse‑
quent steps were the same as those for siRNA transfection. 
The siRNA sequences are shown as follows: si‑SRRT‑1 
sense, 5'‑CAG​UUC​UAA​UGA​UGA​CAA​AAC‑3' and anti‑
sense, 5'‑UUU​GUC​AUC​AUU​AGA​ACU​GUC‑3'; si‑SRRT‑2 
sense, 5'‑CGC​AAA​ACC​CGA​UCU​UGA​AGA‑3' and anti‑
sense, 5'‑UUC​AAG​AUC​GGG​UUU​UGC​GAG‑3'; and si‑NC 
sense, 5'‑UUC​UCC​GAA​CGU​GUC​ACG​U‑3' and antisense, 
5'‑ACG​UGA​CAC​GUU​CGG​AGA​A‑3'.

Western blotting. Total protein was extracted using RIPA 
lysis buffer (Beyotime Institute of Biotechnology) supple‑
mented with protease inhibitor cocktail (Roche Diagnostics) 
and phosphatase inhibitors, according to the manufacturer's 
instructions. Total protein was quantified using the BCA 
method. Equal amounts of protein (20‑30 µg per lane) were 
loaded onto 10% SDS‑PAGE gels, separated by electrophoresis, 
and then transferred to a PVDF membrane, which was then 
blocked with 5% bovine serum albumin (Beyotime Institute 
of Biotechnology) for 1  h at room temperature. Primary 
antibodies against SRRT (1:1,000; cat.  no.  20353‑1‑AP), 
STAT3 (1:1,500; cat. no. 10253‑2‑AP), phosphorylated (p‑) 
STAT3 (1:1,000; cat. no. 28945‑1‑AP) and GAPDH (1:3,000; 
cat. no. 10494‑1‑AP; all from Proteintech Group, Inc.) were used 
for incubation at 4˚C overnight, followed by incubation with 
HRP‑conjugated secondary antibody (1:5,000; cat. no. 31460; 
Thermo Fisher Scientific, Inc.) at room temperature for 1 h 
the next day. Enhanced chemiluminescence (cat. no. P0018M; 
Beyotime Institute of Biotechnology) development was 
performed, and the gray value was quantified using ImageJ 
software (version: 1.42q; National Institutes of Health). 
GAPDH was used as the internal reference to calculate the 
relative expression level. All Western blot experiments were 
performed with at least three independent biological replicates 
(n=3).

Immunohistochemistry (IHC). Adjacent benign and PC tissue 
specimens from 70 patients with PC (all male, median age 
71 years, range 51‑84 years) were collected and processed 
according to established histopathological protocols  (24). 
Briefly, tissues were fixed in 10% neutral‑buffered formalin 
at room temperature for 24 h, embedded in paraffin, and 
sectioned at a thickness of 4  µm. IHC was performed as 
previously described (25,26) to evaluate SRRT expression. 
After deparaffinization and rehydration, antigen retrieval was 
carried out in citrate buffer (pH 6.0) using microwave heating. 
Endogenous peroxidase activity was quenched with 3% 
hydrogen peroxide, followed by blocking with normal serum 
for 30 min at room temperature. The sections were then incu‑
bated overnight at 4˚C with primary antibody against SRRT 
(1:1500; cat. no. 20353‑1‑AP; Proteintech Group, Inc). The 
present study was approved (approval no. KY‑H‑2023‑039‑01) 
by the Ethics Committee of Soochow University (Suzhou, 
China) and followed the principles outlined in the Declaration 
of Helsinki. Written informed consent was obtained from all 
patients.

Subsequently, the slides were processed using the strep‑
tavidin‑biotin‑peroxidase method, with diaminobenzidine 
(DAB) as the chromogen, and counterstained with hematox‑
ylin. Negative controls were included in each run by omitting 
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the primary antibody or substituting it with isotype‑matched 
irrelevant antibodies to confirm staining specificity.

IHC staining was independently evaluated by two 
observers, including an experienced pathologist, who were 
blinded to the clinical data. Discrepancies were resolved by 
joint review to reach a consensus. SRRT expression levels were 
semi‑quantitatively scored based on both staining intensity 
(0=none, 1=weak, 2=moderate, 3=strong) and the percentage 
of positive tumor cells (0=0%, 1=1‑25%, 2=26‑50%, 3=>50%). 
The final immunoreactivity score was calculated by summing 
these two parameters and classified as negative (0), weak (1‑2), 
moderate (3‑4), or strong (5‑6) (27).

CCK‑8 assay. Cells were seeded in 96‑well plates at a density 
of 3,000 cells/well, and after 24 h of culture, the medium was 
replaced with medium containing different treatment factors. 
A total of 10 microliters of CCK‑8 reagent (cat. no. C0037; 
Beyotime Institute of Biotechnology) was added to each well, 
followed by incubation at 37˚C for 2 h. The absorbance (OD 
value) at 450 nm was measured using a microplate reader. 
Wells without cells were used for zero adjustment, and cell 
viability was calculated according to the formula: (OD of treat‑
ment group/OD of control group x100%). Each experimental 
condition was performed in triplicate wells and independently 
repeated at least three times (n=3).

Transwell assay. For the migration assay, Transwell inserts 
with an 8‑µm pore size were used. 200 µl of serum‑free medium 
containing 5x104 cells was added to the upper chamber of the 
Transwell, and 600 µl of medium containing 20% FBS was 
added to the lower chamber. After 24 h of culture at 37˚C, 
non‑migratory cells in the upper chamber were wiped off with 
a cotton swab. Cells in the lower chamber were fixed with 4% 
paraformaldehyde for 15 min at room temperature, stained 
with 0.1% crystal violet for 15 min at room temperature, and 
images were captured using a light microscope (x100), and 
the number of migratory cells in 5 random fields was counted. 
Each experiment was independently repeated at least three 
times (n=3).

Scratch assay. Cells were seeded in 6‑well plates until 
reaching 90% confluence, then scratched vertically with a 
200‑µl pipette tip. Cells were washed 3 times with PBS to 
remove floating cells, and the medium was replaced with 
serum‑free medium for further culture. Images were captured 
under a light microscope (x40) at 0 and 48 h, respectively. The 
scratch healing area was measured using ImageJ software, 
and the healing rate was calculated according to the formula: 
[(Initial area‑Remaining area)/Initial area x100%]. All experi‑
ments were conducted in triplicate and repeated independently 
at least three times (n=3).

In  vivo tumor growth assay. A total of 16 male BALB/c 
athymic nude mice (6 weeks old΄ weighing 20‑22 g at the 
start of the experiment) were subcutaneously injected with 
either control or SRRT‑overexpressing PC cells. Mice were 
randomly divided into two groups (n=8 per group). For the 
tumor growth assay, 1x106 cells suspended in 100 µl PBS 
were inoculated subcutaneously into six‑week‑old mice. 
All mice were maintained under specific pathogen‑free 

conditions at a constant temperature of 25˚C, relative 
humidity of 40‑70%, with a 12/12‑h light/dark cycle and free 
access to food and water. Tumor dimensions were measured 
every 3 days before tumor formation became evident, and 
once tumors were detectable, measurements were performed 
daily. Tumor volumes were calculated using the formula: 
Length x width2 x 0.5 (mm3). Humane endpoints were 
predefined: animals were euthanized if tumor size exceeded 
15 mm in any dimension or if tumor weight reached 10% of 
the body weight. If these criteria were not met, all mice were 
sacrificed at 54 days post‑injection. Mice were euthanized by 
CO2 asphyxiation at a flow rate of 35% chamber volume per 
minute and were exposed to CO2 for at least 1 additional min 
after cessation of breathing. Death was confirmed by cessa‑
tion of heartbeat and respiration, as well as physical signs 
including body stiffness and dilated pupils. No animals were 
excluded from the analysis. All animal experiments were 
approved by the Ethics Committee of Suzhou Ninth People's 
Hospital (approval no. KY2023‑039‑01; Suzhou, China) and 
were conducted in accordance with relevant institutional and 
national guidelines. Our study was reported as described by 
the ARRIVE guidelines.

Statistical analysis. Statistical analyses were performed using 
R (version 4.1.0; R Foundation for Statistical Computing; 
https://www.r‑project.org/) and GraphPad Prism (v9.0.0; 
Dotmatics). For TCGA‑PRAD data, specific software pack‑
ages and statistical methods were applied for screening DEGs, 
conducting enrichment analyses, and identifying prognostic 
genes. Experimental data were presented as the mean ± stan‑
dard deviation. Comparisons between two groups were 
analyzed using an unpaired Student's t‑test, while compari‑
sons among multiple groups were performed using one‑way 
analysis of variance (ANOVA) followed by Tukey's post hoc 
test. P<0.05 was considered to indicate a statistically signifi‑
cant difference.

Results

Exploration of DEGs in PC based on multiple datasets. 
To identify DEGs associated with PC, differential expres‑
sion analyses were performed across multiple datasets. 
In the TCGA‑PRAD dataset, volcano plots and heatmaps 
revealed distinct expression patterns between tumor and 
adjacent normal tissues (Fig. 1A and B). Similar differential 
expression patterns were observed in the GSE32571 dataset 
(Fig. 1C and D) and the GSE3325 dataset (Fig. 1E and F). 
By integrating the results from TCGA‑PRAD, GSE32571 
and GSE3325, a total of 85 commonly upregulated and 10 
commonly downregulated DEGs were identified through 
overlap analysis (Fig. 1G and H), providing a reliable basis for 
subsequent analyses.

GO and KEGG enrichment analyses. To investigate the 
molecular functional characteristics of DEGs and the key 
biological processes they participate in, GO biological process 
enrichment analysis and KEGG pathway enrichment analysis 
were performed on the commonly upregulated DEGs from the 
three datasets. The results of GO biological process enrich‑
ment showed significantly enriched biological processes, such 
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as carboxylic acid biosynthesis and organic acid metabolism 
(Fig. 2A). The results of KEGG signaling pathway enrichment 
highlighted key pathways, including the STAT3 signaling 
pathway and drug metabolism (Fig. 2B). This analysis provides 
directions for subsequent mechanistic studies.

Screening of independent prognostic genes for PC. To 
construct a robust prognostic signature, LASSO regression 
was first applied to the 85 upregulated DEGs, yielding 20 
candidate genes with potential prognostic relevance. These 
candidates were subsequently subjected to univariate and 

multivariate Cox regression analyses, resulting in the identi‑
fication of nine independent prognostic genes. The LASSO 
model demonstrated effective coefficient shrinkage with 
increasing penalty parameter (λ), and cross‑validation 
analysis was used to determine the optimal model complexity 
(Fig. 3A and B). The final prognostic model incorporated 
nine genes, each of which assigned a corresponding regres‑
sion coefficient (Fig. 3C). Among them, SRRT exhibited the 
largest coefficient, indicating its prominent contribution to the 
risk score and a stronger association with unfavorable clinical 
outcomes in PC.

Figure 1. Comprehensive analysis of DEGs in PC. (A) Volcano plot of DEGs between PC and adjacent normal tissues in the TCGA‑PRAD dataset; the 
x‑axis represents the fold change in gene expression, the y‑axis represents statistical significance, and red dots indicate genes with significant differences. 
(B) Heatmap of DEGs between PC and adjacent normal tissues in the TCGA‑PRAD dataset; red indicates high expression, and blue indicates low expression. 
(C) Volcano plot of DEGs between PC and adjacent normal tissues in the GSE32571 dataset. (D) Heatmap of DEGs between PC and adjacent normal tissues 
in the GSE32571 dataset. (E) Volcano plot of DEGs between PC and adjacent normal tissues in the GSE3325 dataset. (F) Heatmap of DEGs between PC 
and adjacent normal tissues in the GSE3325 dataset. (G) Commonly upregulated DEGs across the three datasets (TCGA‑PRAD, GSE32571 and GSE3325). 
(H) Commonly downregulated DEGs across the three datasets (TCGA‑PRAD, GSE32571 and GSE3325). DEGs, differentially expressed genes; PC, prostate 
cancer; TCGA, The Cancer Genome Atlas;
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Figure 2. Functional enrichment analysis of common differentially expressed genes. (A) Bar plot of Gene Ontology biological process enrichment. (B) Bar plot 
of Kyoto Encyclopedia of Genes and Genomes pathway enrichment.
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Efficacy verification of the constructed risk model. Kaplan‑Meier 
survival analysis and time‑dependent ROC curve analysis were 
performed to evaluate the prognostic performance of the risk 
model. The results showed that patients in the high‑risk group 
had significantly poorer DFS compared with those in the 
low‑risk group in both the TCGA cohort and the GSE3325 
validation dataset (Fig. 4A and B; P<0.001). Consistently, risk 
distribution analysis indicated that events occurred earlier and 
more frequently in the high‑risk group.

Time‑dependent ROC analysis demonstrated that the 
model achieved AUC values of 0.78, 0.82 and 0.85 at 1, 
3 and 5 years, respectively (Fig. 4C and D), indicating favor‑
able predictive performance over time. These findings suggest 
that the risk score may serve as a useful indicator for prog‑
nostic stratification in PC.

Construction and evaluation of a nomogram for individualized 
prognostic prediction. To further assess the clinical applica‑
bility of the model, a nomogram integrating SRRT‑based risk 
score with clinicopathological variables (race, stage, T stage, N 
stage, grade and age) was constructed to predict 1‑, 3‑ and 5‑year 
DFS probabilities. Calibration curves demonstrated favorable 
agreement between predicted and observed outcomes across all 
time points (Fig. 4E), indicating acceptable predictive accuracy.

The nomogram (Fig. 4F) enabled estimation of individual 
patient risk by assigning weighted scores to each variable and 
calculating total points, which were subsequently translated 
into corresponding DFS probabilities. Overall, these results 
suggest that the integrated model may provide a quantitative 
approach for individualized prognostic assessment, although 
its clinical utility requires further validation. 

Figure 3. Screening of independent prognostic genes for PC. (A) Coefficient profile plot of Lasso regression, showing the trend of gene coefficient changes 
with Log Lambda; different colored curves represent the coefficient change trends of different genes, reflecting the effect of the penalty parameter on gene 
coefficients. (B) Cross‑validation plot of Lasso regression; the y‑axis represents the deviation, the x‑axis represents Log (λ), and the dashed lines indicate the λ 
value corresponding to the minimum deviation and the λ value under the 1‑SE criterion, respectively, which are used to select the optimal penalty parameter. 
(C) Table of coefficients of the nine prognostic genes included in the risk model. SRRT had the highest coefficient, suggesting its potential key role in PC 
prognosis. PRAD, prostate cancer.

https://www.spandidos-publications.com/10.3892/or.2026.9134


LU et al:  SRRT IN PROSTATE CANCER8

Functional verification of SRRT in PC. To explore the 
biological role of SRRT in PC, in vitro functional verification 
experiments were performed. Western blot results showed that 
compared with the normal cell line RWPE‑1, SRRT was highly 
expressed in the PC cell lines DU145 and PC‑3 (Fig. 5A). IHC 

staining of PC samples further validated these findings, iden‑
tifying significantly elevated SRRT protein levels in tumor 
tissues relative to benign controls (Fig. 5B). Further siRNA 
knockdown experiments revealed that the protein levels of 
SRRT in DU145 and PC3 cells were significantly reduced, 

Figure 4. Verification analysis, calibration and visualization of the prognostic model. (A and B) Kaplan‑Meier curves of DFS for high‑ and low‑risk groups. 
Red represents the high‑risk group, and blue represents the low‑risk group. P<0.05 indicates a statistically significant difference in survival between the groups. 
The risk table below shows the number of surviving patients at each time point. (C and D) Time‑dependent Receiver Operating Characteristic curves showing 
the predictive performance of the model at 1, 3 and 5 years. (E) Calibration plots for 1‑, 3‑ and 5‑year DFS, comparing predicted and observed outcomes. 
(F) Nomogram for predicting 1‑, 3‑ and 5‑year DFS based on the risk score and clinicopathological variables. DFS, disease‑free survival; AUC, area under 
the curve.
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while overexpression experiments increased the expression of 
SRRT in both cell lines (Fig. 5C and D). These results confirm 
that SRRT can be effectively regulated in PC cells, providing 
an experimental basis for subsequent functional and mecha‑
nistic studies.

Regulatory role of SRRT in the proliferation of PC cells. To 
verify the effect of SRRT on the proliferation of PC cells, 
CCK‑8 proliferation curves showed that after SRRT knock‑
down or overexpression in DU145 cells, the cell proliferation 
ability was significantly decreased or increased, respectively 
(Fig. 6A and B). This finding was further confirmed in the 
PC‑3 cell line and the same results were obtained after SRRT 
knockdown or overexpression (Fig. 6C and D). To assess the 
effects in vivo, a xenograft tumor model was generated using 
DU145 cells in male BALB/c athymic nude mice (n=16). 
Subcutaneous xenograft assay confirmed that SRRT‑OE led 
to significantly increased tumor volume over time and greater 
final tumor weight compared with controls (Fig. 6E). The 
maximum tumor volume observed in the present study was 
1,485.3 mm3, with a corresponding maximum tumor diameter 
of 14.4 mm, both of which were within the predefined humane 

endpoint criteria. These results suggest that SRRT may partici‑
pate in the progression of PC by promoting cell proliferation in 
androgen‑independent PC models.

SRRT could promote the migration ability of PC cells. To 
further investigate the role of SRRT in regulating the migra‑
tory capacity of PC cells, Transwell and wound healing assays 
were performed. SRRT knockdown significantly reduced the 
migration of DU145 and PC‑3 cells, as demonstrated by the 
Transwell assay (Fig. 7A), which was further confirmed by 
wound healing analysis (Fig. 7B). By contrast, SRRT overex‑
pression significantly enhanced the migratory ability of both 
cell lines (Fig. 7C) and accelerated scratch closure at 48 h, 
indicating increased cell motility (Fig. 7D). Collectively, these 
results suggest that SRRT may enhance the migratory ability 
of PC cells.

SRRT promotes PC progression via the STAT3 pathway. 
Finally, the potential mechanism by which SRRT promotes 
the progression of PC was further explored. KEGG pathway 
analysis revealed that the STAT3 signaling pathway was the 
most significantly enriched, prompting us to investigate its 

Figure 5. Verification of SRRT expression and regulation in PC. (A) Western blot analysis of SRRT expression differences between PC cell lines and the 
normal prostate epithelial cell line (RWPE‑1). GAPDH was used as the internal reference for normalization. (B) Representative IHC staining of SRRT in 
benign and prostate cancer tissues, with quantitative scoring confirming higher SRRT protein expression in tumors (Scale bars, 100 µm). (C and D) Western 
blot was used to verify the knockdown or overexpression efficiency in (C) DU145 and (D) PC3 cells. Changes in protein expression were detected. Specific 
siRNAs (Si‑SRRT#1 and #2) were designed and transfected into cells, with a non‑targeting siRNA (Si‑NC) as the control. SRRT OE vectors (OE‑SRRT) were 
constructed and transfected into cells, with an empty vector (NC) as the control. ***P<0.0001. PC, prostate cancer; IHC, immunohistochemistry; siRNA, small 
interfering RNA; NC, negative control; OE, overexpression.
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involvement. Western blot analysis demonstrated that SRRT 
expression markedly affected the phosphorylation status of 
key proteins in the STAT3 pathway. In DU145 cells (Fig. 8A), 
SRRT knockdown significantly reduced the p‑STAT3/STAT3 
ratio, whereas SRRT overexpression increased this ratio in 
both cell lines. To further validate the mediating role of STAT3 
signaling in SRRT‑induced tumor promotion, SRRT‑silenced 
DU145 cells were treated with the STAT3 activator colivelin 
(0.5 µM) and it was found that colivelin partially restored the 
reduced p‑STAT3/STAT3 ratio caused by SRRT knockdown 
(Fig. 8B). Moreover, cell proliferation and migration assays 
revealed that colivelin treatment rescued the inhibitory effects 
of SRRT silencing on these cellular behaviors (Fig. 8C and D). 
These findings suggest that SRRT promotes PC progression 
by activating the STAT3 signaling pathway, particularly in 
androgen‑independent cellular models, further confirming that 
SRRT serves as an important upstream regulator of STAT3 
signaling.

Discussion

The malignant progression and prognostic heterogeneity of 
PC are orchestrated by multiple genes and signaling pathways. 
Identifying molecular determinants with prognostic relevance 
and potential biological significance remains a central 
challenge in PC research (28,29). Through integrated bioin‑
formatics analysis and in vitro validation, the present study 
systematically characterized the expression pattern, prog‑
nostic significance and regulatory mechanism of SRRT in PC, 
providing new insights for precise diagnosis and molecular 
stratification of patients.

At the bioinformatics level, data from the TCGA‑PRAD 
and GEO (GSE32571 and GSE3325) datasets were combined, 
identifying 85 commonly upregulated and 10 commonly 
downregulated DEGs  (30). Cross‑validation across data‑
sets minimized potential bias and technical variability, 
thereby enhancing the robustness of th present findings. GO 

Figure 6. Regulatory role of SRRT in the proliferation of prostate adenocarcinoma cells. (A‑D) Trends of OD450 values over time in (A and B) DU145 and 
(C and D) PC3 cells after SRRT knockdown (si‑SRRT) or OE (OE‑SRRT). (E) Xenograft analyses of DU145‑derived tumors with control vector or SRRT OE. 
**P<0.01 and ***P<0.001. si‑, small interfering; OE, overexpression.
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enrichment analysis showed that the upregulated DEGs were 
mainly involved in carboxylic acid biosynthesis and organic 
acid metabolism‑biological processes closely related to tumor 
metabolic reprogramming, a well‑recognized hallmark of 
malignancy (31,32). Furthermore, KEGG pathway analysis 
highlighted significant enrichment of the STAT3 signaling 
pathway. Persistent activation of STAT3 has been shown 
to promote PC proliferation and migration by regulating 
downstream targets such as Cyclin D1 and MMP‑9 (33,34), 
supporting our focus on STAT3 in subsequent mechanistic 
studies.

To identify prognosis‑related DEGs, Lasso regression 
analysis was performed, followed by univariate and multi‑
variate Cox analyses, which identified nine independent 
prognostic genes. Among these, SRRT exhibited the highest 
risk coefficient, indicating a strong association with unfavor‑
able survival outcomes. The prognostic model constructed 
from these genes demonstrated high predictive accuracy 
in both TCGA and GEO cohorts, with a 5‑year AUC of 

0.85  (35,36). Moreover, the nomogram integrating SRRT 
expression with clinicopathological parameters (for example, 
age, TNM stage) achieved excellent calibration, providing 
a potentially useful tool for risk stratification, although its 
added value beyond standard clinicopathological models 
requires further validation (37). In this context, SRRT may 
help identify patients with biologically aggressive disease, 
particularly in the context of androgen‑independent PC, 
who are at higher risk of progression and may benefit from 
closer surveillance or more intensive management strategies. 
From a clinical perspective, such molecular stratification 
could complement existing clinicopathological factors (for 
example, stage and grade) and improve risk classification, 
particularly in patients with heterogeneous disease courses. 
This may be especially relevant for distinguishing patients 
who are less suitable for active surveillance or those who 
require closer follow‑up after definitive treatment. However, 
these potential applications remain speculative and require 
validation in well‑defined clinical cohorts. Future studies 

Figure 7. In vitro verification of SRRT regulating the migration of prostate adenocarcinoma cells. (A) Migration of DU145 and PC3 cells after treatment with 
si‑NC or si‑SRRT (scale bars, 50 µm). (B) Scratch healing of DU145 and PC3 cells after treatment with si‑NC or si‑SRRT at 0 and 48 h under a microscope 
(Scale bars, 100 µm). (C) Observations of cell migration abilities after SRRT overexpression in DU145 and PC3 cell lines, respectively (Scale bars, 50 µm). 
(D) Scratch healing of DU145 and PC3 cells after treatment with NC or OE‑SRRT at 0 and 48 h under a microscope (Scale bars, 100 µm). *P<0.05, **P<0.01 
and ***P<0.001. si‑, small interfering; OE, overexpression; NC, negative control.
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should compare models with and without SRRT to determine 
whether it provides meaningful improvement in predictive 
performance and clinical utility.

Functional experiments further confirmed the onco‑
genic role of SRRT. Western blotting showed that SRRT 
was markedly overexpressed in PC cell lines (DU145 
and PC‑3) compared with normal prostate epithelial cells 
(RWPE‑1). Silencing SRRT significantly inhibited cell 
proliferation and migration, whereas SRRT overexpres‑
sion enhanced these malignant behaviors. Mechanistically, 
SRRT knockdown reduced, while overexpression increased, 
the p‑STAT3/STAT3 ratio, indicating that SRRT activates 
STAT3 signaling through enhanced STAT3 phosphoryla‑
tion. This mechanism aligns with previous findings showing 
SRRT's involvement in tumor progression via modulation 
of signaling pathways. For instance, SRRT promotes hepa‑
tocellular carcinoma growth through PI3K‑AKT pathway 
activation  (16,38). The present study extends current 
knowledge by linking SRRT to STAT3 pathway activa‑
tion in PC, providing additional mechanistic insight into 
its role in cancer progression. Moreover, the data of the 
present study demonstrate that SRRT promotes cell migra‑
tion, suggesting a potential role in metastatic progression. 

Given that the functional experiments were performed in 
androgen‑independent PC cell lines (DU145 and PC‑3), 
which are widely used models of aggressive disease, SRRT 
may also be relevant to castration‑resistant PC. However, 
the role of SRRT in the development of castration resis‑
tance was not directly investigated in the present study and 
requires further validation in clinically defined cohorts.

Nevertheless, several aspects warrant further investigation. 
Traditionally, SRRT has been characterized as a serine/argi‑
nine‑rich splicing factor involved in RNA processing (13,39). 
However, the current results indicate its involvement in STAT3 
activation. Future studies should determine whether SRRT 
modulates STAT3 phosphorylation indirectly through RNA 
splicing of the STAT3 transcript or via direct protein‑protein 
interaction. Additionally, the current experiments were 
conducted in androgen‑independent PC cell lines, whereas 
PC also includes androgen‑dependent subtypes. Therefore, 
the present findings may be more applicable to aggressive or 
androgen‑independent disease contexts rather than the full 
spectrum of PC. Future studies using androgen‑dependent 
models and in vivo systems will be essential to assess the univer‑
sality of SRRT's oncogenic role across different PC subtypes. 
Moreover, prospective clinical validation and evaluation in 

Figure 8. Regulation of key protein expression in the STAT3 pathway by SRRT. (A) Western blot analysis of the expression of SRRT, p‑STAT3, STAT3 and 
the internal reference protein GAPDH in different treatment groups of the DU145 cell line. (B) Protein expression of SRRT, p‑STAT3 and STAT3 in control 
and SRRT‑knockdown DU145 cells treated with colivelin. (C) Cell Counting Kit‑8 assay evaluating the proliferative capacity of control and SRRT‑knockdown 
DU145 cells treated with colivelin. (D) Transwell migration assay assessing the migratory ability of control and SRRT‑knockdown DU145 cells following 
colivelin treatment (Scale bars, 50 µm). **P<0.01 and ***P<0.001. p‑, phosphorylated; si‑, small interfering; NC, negative control.
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well‑defined patient cohorts will be required to determine 
the practical utility of SRRT in clinical decision‑making. In 
addition, whether SRRT represents a druggable target or can 
predict response to STAT3‑directed therapies remains to be 
determined.

The present study also has limitations. First, the bioinfor‑
matics analyses were based on retrospective public datasets, 
which may introduce sample selection bias, and prospective 
validation in independent clinical cohorts is still lacking. 
Second, while it was demonstrated that SRRT regulates 
STAT3 phosphorylation, the precise molecular mechanism 
underlying their interaction remains to be elucidated. Third, 
the functional experiments were primarily conducted in 
androgen‑independent PC cell lines, which may limit the 
generalizability of the present findings across different disease 
states. Fourth, although DFS was used as a more clinically 
relevant endpoint, it may still not fully capture key PC‑specific 
outcomes, such as metastasis‑free survival or progression to 
castration‑resistant disease. Finally, the current study does 
not provide direct evidence that SRRT expression can inform 
clinical decision‑making or guide treatment selection, and 
its clinical utility requires further investigation. In addition, 
the in vivo validation was limited to a single subcutaneous 
xenograft model based on SRRT overexpression in DU145 
cells, which may not fully recapitulate the complexity of PC 
progression in vivo.

In summary, integrated bioinformatics and experimental 
analyses identified SRRT as a key oncogenic factor in PC. 
SRRT serves as an independent poor prognostic biomarker 
and promotes PC cell proliferation and migration by acti‑
vating the STAT3 signaling pathway. The SRRT‑based 
risk model accurately predicts patient outcomes, and the 
nomogram integrating SRRT with clinicopathological 
parameters enables individualized prognostic assessment. 
Compared with previous studies, the present study provides 
integrated multi‑cohort bioinformatics evidence supporting 
the prognostic value of SRRT, establishes a risk model incor‑
porating SRRT for patient stratification, and demonstrates 
its functional role in promoting PC progression through 
STAT3 pathway activation. Collectively, SRRT represents 
a biomarker associated with PC progression and may have 
potential value for risk stratification and clinical deci‑
sion‑making pending further validation. These findings may 
be particularly relevant to aggressive or androgen‑indepen‑
dent PC, although further validation across diverse disease 
states is required. However, its role as a therapeutic target 
remains to be established, and further studies are needed to 
determine whether SRRT provides incremental prognostic 
value beyond established clinical factors.
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