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A prognostic senescence-related long non-coding RNA signature
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Abstract. Patients with stomach adenocarcinoma (STAD)
have a poor prognosis, and the efficacy of immunotherapy
varies widely. The present study aimed to screen effective long
non-coding RNAs (IncRNAs) as molecular targets for assessing
the prognosis of STAD and guiding precision immunotherapy.
A total of five key prognostic senescence-related IncRNAs
(SenRLs; AL139147.1, LINC02057, AC093801.1, AL353804.2
and AC005363.2) were screened using bioinformatics methods.
A novel validated prognostic risk model was constructed for
STAD based on the SenRLs signature. For the training, test
and entire set, the 5-year area under the curve values were
0.828, 0.703 and 0.772, respectively. A nomogram combining
clinical variables and risk scores effectively predicted overall
survival (OS) in patients with STAD. Clinical tissue samples
were collected from patients with STAD, and quantitative
PCR (qPCR) was employed to assess the tissue expression
of SenRLs. The qPCR results showed that the expression of
LINCO02057, AL139147.1 and AC093801.1 was significantly
higher in STAD tissues than in paracancerous tissues. By
contrast, the expression of AC005363.2 and AL353804.2 was
decreased in STAD tissues. The tissue expression profiles of
these IncRNAs were consistent with the bioinformatics find-
ings. The risk groups differed in their immune infiltrating
cells, immune checkpoints and susceptibility to chemothera-
peutic agents. Following clustering analysis, the two clusters
had distinct tumor microenvironment profiles. Notably, based
on well-established immunological characteristics, Cluster 2
was identified as representing hot tumors that are presumably
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more likely to benefit from immunotherapy. The newly
developed SenRLs signature can serve as an independent
prognostic biological marker of STAD. These SenRLs can
effectively distinguish between hot and cold tumors, thereby
better facilitating the screening of the beneficiary population
for STAD immunotherapy.

Introduction

Gastric cancer is a markedly genetically heterogeneous
malignant tumor, which notably affects human life and health.
Among all cancer types, gastric cancer ranks fifth in both inci-
dence rate (4.9%) and mortality rate (6.8%) (1). It is reported
that >95% of pathological subtypes of gastric cancer are
stomach adenocarcinoma (STAD), and numerous patients with
gastric cancer have local or remote metastases when they are
diagnosed (2). Although the level of early detection and overall
therapy continues to improve, the management of progressive
gastric cancer remains challenging (3). Its overall efficacy is
still unsatisfactory, and new treatments are needed (4).

Immunotherapy has improved the treatment of advanced
gastric cancer, but only some patients can benefit from this
therapy (5). The biggest challenge with immunotherapy is the
wide variation in patient efficacy (6). Some tumor tissues are
tolerant or resistant to immunotherapy, leading to the new clin-
ical concepts of cold and hot tumors (7). Tumors characterized
by a high density of surrounding T cells and immune cells,
which typically respond well to immunotherapy, are classified
as ‘hot’ tumors. By contrast, ‘cold’ tumors are characterized by
sparse immune cell infiltration and poor T cell abundance, and
are generally resistant to immunotherapy (8,9). The molecular
targets currently used to guide immunotherapy are mainly
limited to programmed death ligand-1 (PD-L1) expression
levels, microsatellite instability-high and tumor mutational
burden (10). These molecular targets, despite some progress,
remain controversial (11). STAD tissue stroma is infiltrated
by a large number of T lymphocytes, which means that the
occurrence of STAD may be more closely related to the tumor
microenvironment (TME) (12). Therefore, there is a need to
screen for more molecular markers through the comprehensive
analysis of the TME to differentiate hot and cold tumors to
guide STAD precision immunotherapy.
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Cellular senescence is the entry of cells into a state of
irreversible proliferative arrest and a specific state of tumor
suppression (13). As with other cellular life activities, the
onset and progression of cellular senescence are regulated
in a sophisticated manner (14). Although the specific mecha-
nisms regulating cellular senescence are not clear, several
bioactive substances and their constituent signaling pathways
are recognized to participate in the induction, maintenance
and termination of senescence, such as p53, p21, pl6, p38
and p27 (15). Long non-coding RNAs (IncRNAs) perform
numerous functions in life activities, including epigenetics,
cell cycle and cellular differentiation (16). LncRNAs are
involved in almost all types of diseases, among which the
most studied are tumorigenic diseases (17). There is an
inextricable link between tumors and senescence (18).
Cellular senescence serves a dual role in tumor initiation and
progression, acting as either a tumor suppressor or a driver
of malignant transformation. Previous studies have shown
that certain IncRNAs have been found to appear specifically
in senescent cells, interacting with genes or proteins and
participating in the regulatory mechanisms of senescence as
anode on the senescence signaling pathway (19,20). LncRNA
OVAAL, which is notably expressed in ovarian cancer cells,
binds PTBP1 competitively with p27 mRNA and inhibits
p27 expression, thereby circumventing tumor cell senes-
cence (21). In breast cancer cells, IncRNA PANDAR can
regulate the cell cycle G1/S transition by recruiting Bmil to
the pl6 promoter region (22). Recent studies have elucidated
that senescence-related IncRNAs (SenRLs) may be utilized
as prognostic markers for a variety of cancers, including
ovarian cancer (23), colon cancer (24) and head and neck
squamous cell carcinoma (25).

A limitation of prior studies is that they have not validated
the capacity of corresponding signatures to discriminate
immune phenotypes linked to immunotherapeutic benefit. How
to precisely identify patients who may derive clinical benefit
from such treatments and establish a reliable prognostic strati-
fication system for STAD remains an urgent clinical issue. In
the present study, the involvement of SenRLs in STAD prog-
nosis and tumor immune infiltration was investigated using
bioinformatic analyses. Notably, the ability of SenRLs to distin-
guish hot and cold tumor phenotypes was further evaluated,
with the ultimate aim of providing a novel reference indicator
for precise STAD immunotherapy by identifying immune
phenotypes associated with immunotherapy responsiveness.
To the best of our knowledge, the signature established in the
present study represents the first IncRNA-based prognostic
signature in STAD that simultaneously incorporates SenRLs
and hot/cold tumor classification.

Materials and methods

Datasets and preprocessing. RNA-sequencing (RNA seq)
datasets, metadata and clinical information for 375 STAD
samples and 32 control samples were obtained from The
Cancer Genome Atlas (TCGA) database (https://portal.gdc.
cancer.gov/). The RNA-seq dataset and metadata files were
processed using the Perl script (version 1.7.8) (https://bioperl.
org/) to obtain the gene expression matrix, followed by ID
transformation to obtain the corresponding gene names.

STAD samples with indeterminate clinical stages and survival
time <30 days were excluded.

Obtaining SenRLs. Human senescence genes were obtained
from the Human Ageing Genomic Resources database
(https://genomics.senescence.info/) (Table SI). To create
the senescent gene expression matrix file, the limma R
package (version 3.56.0) (https://bioconductor.org/pack-
ages/release/bioc/html/limma.html) was used to determine
the intersection of senescent genes with the gene expression
matrix. Pearson correlation analysis was applied to analyze
the co-expression of IncRNAs and senescence-related genes.
The expression of IncRNAs and senescence-related genes was
defined as function variables, and the correlation between
them was tested to obtain correlation coefficients and P-values.
The SenRLs were extracted with |Correlation Coefficient!>0.4
as well as P<0.001 (26). Cytoscape (version 3.6.1) (https://
cytoscape.org/) was used to visualize the coexpression
network.

SenRLs survival data acquisition. The sample name, survival
time and survival status were the only information kept in the
clinical data of STAD cases that were obtained from the TCGA
database. The survival times were sorted in ascending order
to remove samples with unclear survival times. Next, survival
status was sorted in ascending order, and samples with unclear
survival status were deleted. The processed survival informa-
tion was merged with the SenRLs expression data to produce
SenRLs survival data for STAD for subsequent analysis.

Identification and verification of risk models. Using R soft-
ware packages (version 4.3.1; RStudio, Inc.), patients within
the SenRLs survival data file were split into training and test
sets at random. Univariate Cox regression was performed
to screen STAD prognostic SenRLs based on P<0.05.
Kaplan-Meier analyses were also conducted requiring KM
<0.05 and plotted forest plots using the survival (version 3.4-0;
https://cran.r-project.org/package=survival) and survminer
(version 0.4.9; https://cran.r-project.org/package=survminer)
R packages. Next, these SenRLs were further included in a
multivariate Cox regression to get the key IncRNAs applied to
create the prognostic risk model and to get the regression coef-
ficients. Risk scores were calculated utilizing the regression
coefficients and expression values of SenRLs. The median risk
score was used to divide patients into different risk groups.
The Sankey diagrams were made using the R tool ggalluvial
(version 0.12.5) (https://cran.r-project.org/package=ggalluvial).
Survival analysis was then carried out using the survminer
(version 0.4.9; https://cran.r-project.org/package=survminer)
R package. To examine the survival disparities between the
two groups, Kaplan-Meier survival curves were charted.
Receiver operating characteristic (ROC) curves were
produced using timeROC (version 0.4; https://cran.r-project.
org/package=timeROC), and area under the curve (AUC)
values were calculated to compare the role of different
factors in predicting outcomes. Scatterplot3D (version 0.3-44;
https://cran.r-project.org/package=scatterplot3d) R package
was applied to create principal component analysis (PCA)
plots. Univariate and multivariate Cox regression analyses
were carried out on risk value as well as clinicopathological



Bzl SPANDIDOS
7] .§, PUBLICATIONS

Table I. Reverse transcription-quantitative PCR primer details.
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Primer Sequence Tm, °C Product size, bp
AL139147.1-F CTCTACCAATGTGATGCGAATGA 59.40 193
AL139147.1-R GGCTCTCTGTTTGTCTGTTATTTGT 60.30

LINC02057-F TAAGGCAGGCTTCGGAAATGAG 61.21 129
LINC02057-R GTGAATGATGTCCAGCTTTTTGGTC 61.62

AL353804.2-F GGAATAATGTGAAAACACTTGAGCA 59.08 177
AL353804.2-R CTCTAATAGTAAGAAAACTGAGTCCTG 57.73

AC005363.2-F CATTTGTAGCCAGCGTTTACTCCT 60.73 134
ACO005363.2-R TTATTTATCAAGAGCCACACTGCGA 60.86

AC093801.1-F AAGCTCCCTACAGCATCCAC 59.46 102
AC093801.1-R GCCACACATTGTCTCATGTTCATAC 60.67

ACTB-F CAGTCGGTTGGAGCGAGCAT 62.84 135
ACTB-R TGGCTTTTAGGATGGCAAGGGAC 63.03

GAPDH-F AACAGCCTCAAGATCATCAGCAA 61.16 104
GAPDH-R GTCATGAGTCCTTCCACGATACC 61.08

Tm, melting temperature; F, forward; R, reverse.

information to clarify whether risk values were independent
prognostic indicators.

Nomogram and gene set enrichment analysis (GSEA). With
the rms (version 6.7-1; https://cran.r-project.org/package=rms)
R package, a clinically useful nomogram was developed and
validated. Calibration curves were applied to demonstrate
the predictive power of the nomogram. To further investi-
gate the biological functions and pathways associated with
the prognostic SenRLs signature, Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analyses were performed using the GSEA software
(version 4.1.0; https://www.gsea-msigdb.org/gsea/index.jsp).
The analysis was conducted with the following parameters: the
phenotypic file was set to h_vs._1, the permutation type was
adjusted to phenotype, the number of simulations was fixed to
1,000 and the plot graphs for the top sets of each phenotype
were set to 5. Significantly enriched pathways were identified
based on a nominal P-value <0.05 and a false discovery rate
(FDR) <0.25.

Reverse transcription-quantitative PCR (RT-gPCR) assay of
tissue specimens. STAD tissue specimens and paired paraneo-
plastic tissue specimens were acquired from 15 patients treated
at Xingtai People's Hospital (Xingtai, China) and identified as
STAD by postoperative pathology between March 2025 and
September 2025. All included STAD cases were exclusively
identified as the intestinal type according to Lauren's classi-
fication (1965) (27), with pathological diagnoses established
in accordance with the WHO Classification of Tumours of
the Digestive System (28). To ensure diagnostic accuracy, the
histological subtyping and final diagnosis were independently
reviewed and confirmed by two senior pathologists from
Xingtai People's Hospital. The patients with STAD included
8 males and 7 females, aged 41 to 68 years. All patients were
strictly screened, with no history of other malignant tumors

and no prior radiotherapy, chemotherapy, targeted therapy
or immunotherapy. The Xingtai People's Hospital Ethics
Committee approved the study (approval no. 2025-048).
Written informed consent was voluntarily obtained from
each patient or their authorized family member. The present
study was conducted in accordance with The Declaration of
Helsinki. Tissue samples were collected immediately after
the operation, quickly frozen with liquid nitrogen and then
carefully transported and kept in a refrigerator at -80°C.

Total RNA was extracted using TRIzol® reagent (Invitrogen;
Thermo Fisher Scientific, Inc.) according to the manufacturer's
protocol. First-strand cDNA was synthesized using the Takara
PrimeScript RT Kit (Takara Bio, Inc.) following the manufac-
turer's instructions. RT-qPCR detection employed the SYBR
Premix Ex Taq™ Kit (Takara Bio, Inc.), strictly adhering to
the manufacturer's operating procedures. The primers used in
this procedure were synthesized by Sangon Biotechnology Co.,
Ltd., and Table I lists the primer sequences. The following are
the thermal cycling conditions employed for gPCR: An initial
denaturation step at 95°C for 5 min; followed by 40 cycles,
each consisting of 5 sec denaturation at 95°C, 30 sec annealing
at 60°C and 30 sec extension at 72°C; concluding with a final
extension step at 72°C for 2 min. The relative amounts of
genes were analyzed by 2-4°¢¢ (29) with GAPDH and ACTB
as internal reference. A paired t-test was employed to compare
the expression levels of these SenRLs between STAD tissues
and paired paracancerous tissues.

Immune cell infiltration and drug sensitivity analysis.
The immune infiltration landscape of each STAD sample
was quantified utilizing CIBERSORT (version 1.03)
(https://cibersort.stanford.edu/). For immune cell analysis
and visualization using bubble plots the following were
utilized: XCELL, TIMER, QUANTISEQ, MCPCOUNTER,
EPIC, CIBERSORT-ABS and CIBERSORT on TIMER2.0
(http://timer.cistrome.org/). Following this, the limma,
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ggplot2 (version 3.4.2) (https://ggplot2.tidyverse.org), ggpubr
(version 0.6.0; https://rpkgs.datanovia.com/ggpubr/) and
ggextra (version 0.10.1; https:/github.com/daattali/ggExtra) R
packages were utilized to determine the association between
the immune infiltration and the model. According to the
Genomics of Drug Sensitivity in Cancer (https:/www.cancer-
rxgene.org/), the half-maximal inhibitory concentration (IC50)
differences across groups were compared, and the results are
presented as box plots.

Cluster analysis based on SenRLs. Using the
ConsensusClusterPlus (version 1.66.0; https://bioconductor.
org/packages/ConsensusClusterPlus/) in R software,
consensus clustering was carried out utilizing the expression
of key prognostic SenRLs. The pheatmap (version 1.0.12;
https://cran.r-project.org/package=pheatmap) R package was
used to build heatmaps for clustering. PCA and t-distributed
stochastic neighbor embedding (t-SNE) analysis were carried
out using the Rtsne (version 0.16; https://cran.r-project.
org/package=Rtsne) R package. Utilizing the survival
(version 3.5-7; https://cran.r-project.org/package=survival)
and survminer R packages, survival analysis was performed
for clusters, and survival curves were plotted. Utilizing single
sample GSEA with the GSVA (version 1.48.3; https://biocon-
ductor.org/packages/GSVA/) R package, enrichment scores
of immunological pathways were calculated. The TME of
the two clusters was scored and compared using the estimate
(version 1.8.2; https://bioconductor.org/packages/estimate/),
limma and BiocManager (version 1.30.22; https://cran.r-project.
org/package=BiocManager) R packages. Immunocheckpoint
gene analysis was performed for both clusters using ggplot2
and ggpubr R packages.

Multi-model machine learning validation and Shapley addi-
tive exPlanations (SHAP) analysis. To further validate the
reliability and interpretability of the established prognostic
SenRLs signature, multi-model machine learning and SHAP
analysis were performed. A total of four distinct classifica-
tion models were constructed: Random Forest (RF), Gradient
Boosting Machine (GBM), Support Vector Machine (SVM)
and K-Nearest Neighbors (KNN). Subsequently, SHAP
analysis was conducted using the SHAP Python package
(version 0.44.0; https:/github.com/slundberg/shap).

Statistical analysis. Survival analyses utilizing the
Kaplan-Meier method were performed for different groups
or clusters. A weighted test (Renyi test) was used to compare
the survival differences between the high and low IncRNAs
expression groups. Clinical information was analyzed
through GraphPad Prism (version 8.0; Dotmatics) using the
y* test. Statistical analysis was performed utilizing R software
(version 4.3.1; RStudio, Inc.). P<0.05 was considered to indi-
cate a statistically significant difference.

Results

STAD prognostic SenRLs screening. Co-expression analysis
among cellular senescence-associated genes and IncRNAs
revealed 1,619 SenRLs, visualized as a network (Fig. 1A).
The expression differences of SenRLs in STAD and normal

samples were examined [llog2 fold changel>1 and false
discovery rate (FDR)<0.05]. The findings demonstrated that
there were variations in the expression levels of 789 SenRLs,
with 192 IncRNAs exhibiting low expression and 597 IncRNAs
exhibiting high expression. The results were visualized with a
volcano plot (Fig. 1B). Heatmaps were constructed to demon-
strate the expression density of 100 of these SenRLs (Fig. 1C).
The survival of patients with STAD was notably correlated
with 11 SenRLs, according to univariate Cox regressions and
Kaplan-Meier analysis (P<0.05; KM<0.05; Table SII). A total
of six of these were protective IncRNAs [hazard ratio (HR)<1],
and the other five were risk-related IncRNAs (HR>1) (Fig. 1D).
Heatmaps were used to display the expression of 11 SenRLs in
patients with STAD and normal samples (Fig. 1E).

Development and assessment of STAD prognostic models. A
total of five key prognostic SenRLs (AL139147.1, LINC02057,
AC093801.1, AL353804.2 and AC005363.2) were screened
by multivariate Cox regression analysis (P<0.05; Table SIII).
AL353804.2 and AC005363.2 were protective IncRNAs, and
the remaining three were risk-related IncRNAs (Fig. 2A).
Kaplan-Meier survival curves were plotted, utilizing the
expression of each of these five IncRNAs. The Renyi test
was employed to compare survival differences between high-
and low-expression groups, given its robustness in handling
survival curve crossovers. The high expression group of
AL139147.1, LINC02057 and AC093801.1 showed poorer
overall survival (OS) (P<0.05), as demonstrated in Fig. 2B-D.
The AL353804.2 and AC005363.2 high-expression groups
had a prolonged survival time (P<0.05; Fig. 2E and F).

Based on these five IncRNAs, the prognostic SenRLs
signature was established. Risk score=(coef 1.81069714813647
x expr AL139147.1) + (coef 0.950768101588694 x
expr LINC02057) + (coef 1.17094750602435 x expr
AC093801.1) + (coef-1.06513974991373 x expr AL353804.2) +
(coef-1.25744132430942 x expr AC005363.2). coef denotes the
regression coefficient derived from multivariate Cox regres-
sion analysis, and expr indicates the expression level of each
SenRL. The allocation of risk score distribution, survival status
and expression of the five IncRNAs were determined in the
two groups of patients from the TCGA dataset (Fig. 3A-I). The
results indicate that the risk score determines the prognosis of
STAD, and patients with high-risk values had worse survival
status. In the high-risk group, the expression of LINC02057,
AL139147.1 and AC093801.1 was notably greater, while the
expression of AC005363.2 and AL353804.2 was decreased.
Kaplan-Meier survival analysis was performed in the present
study for the training set, test set and whole set, respectively
(Fig. 3J-L). The results all displayed that the OS of patients in
the high-risk group was significantly lower (P<0.05). For the
training set, test set and whole set, the 5-year AUC values were
0.828, 0.703 and 0.772, respectively (Fig. 3M-0). The 5-year
ROC of the SenRLs signature had notable predictive efficacy.

Verification of the SenRLs signature. As demonstrated in the
univariate Cox regression analysis (Fig. 4A), the risk score
was significantly associated with patient prognosis (P<0.001).
Furthermore, the multivariate Cox regression analysis (Fig. 4B),
which adjusted for other clinical covariates, confirmed that
the risk score remained a significant prognostic indicator



= |
@D SPANDIDOS ONCOLOGY LETTERS 32: 350, 2026 5

A _— B

Volcano

14

12

10 +

&,

Y

—Log10 (fdr)

LD
€

et

Ee

0—
-6
* Down

«Up
« Not

Type
Normal
Tumor

lmlnnnmunumnlmumnmllmlnmnnllllnnmnnnnlmumnlml Type
fay i ] 53

_Ilullllllu.lll\lllulullLI.|.L|II\IIIUJ.IIJILIIJJI\III\IIUIIJAIIU.II\IIII\llulullu]III\IIILllLIJII.I.|.l\III\l\II!Lllull.lLII\III\II!\LIIIAIIUII\IIII\II.LIIIJI]MI Type

| I [ e
H J V il "J 0 i

P-value Hazard ratio E
AC005498.3 0005  3.122 (1.403-6.947) e
AL139147.1  0.019 2.668 (1.173-6.066) E
LINC02057 0.016 1.610 (1.091-2.376) I)-H
AL033527.2 0.013 0.293 (0.111-0.775) l-ll
AL353804.2 0.035 0.553 (0.319-0.958) -{
PVT1 0.007 0.652 (0.479-0.888) -‘
AC010719.1  0.009 0.804 (0.683-0.947) I
AC129507.1 0.005 3.603 (1.468-8.840)
AC005363.2 0.044 0.526 (0.281-0.983)
TMEM75 0.025 0.266 (0.083-0.845) -—n
AC093801.1  0.046 2.301 (1.015-5.215) :—-—c

0

——

—_—

‘!
H

{1/
i iEEZTf’"I
“u A

Figure 1. Identification of SenRLs. (A) Network diagram between senescence-related mRNAs and IncRNAs. Yellow dots represent IncRNAs, and blue
dots represent mRNAs. (B) Volcano plot of differential expression of SenRLs. Red dots indicate high expression, and green dots indicate low expression.
(C) Expression heatmap of 100 SenRLs. The horizontal coordinates represent samples, and the vertical coordinates represent IncRNAs. (D) Forest plot of
11 prognostic SenRLs. (E) 11 SenRLs' expression in samples is shown in a heatmap. IncRNA, long non-coding RNA; SenRLs, senescence-related IncRNAs;
FC, fold change; fdr, false discovery rate.

‘ ‘ AC005498.3"**
H ‘ AC129507.1***

‘ ‘H AL139147.1***

: AC093801.1**
Hazard ratio

(P<0.001). These results suggest that the SenRLs signature is  other medical factors (Fig. 4C), indicating the notable accu-
an independent factor affecting patient prognosis. The AUC  racy of the model. Next, PCA was performed based on all the
of the risk score was 0.752, which was greater than that of the = SenRLs identified via univariate Cox regression and the 5 key


https://www.spandidos-publications.com/10.3892/ol.2026.15705

HE et al: SENESCENCE-RELATED IncRNAs SIGNATURE PREDICTS COLD/HOT TUMORS IN STAD

Renyi (P = 9.64 x 107°)

C

Renyi (P = 6.224 x 107%)

1.0 —— AL139147.1 high expression 1.0 ——LINC02057 high expression
——AL139147.1 low expression ——LINC02057 low expression
0.8 0.8
2 2
£ 06 S 06+
2 g
o S 0.4 S 0.4
p=3 >
(7] %]
0.2 0.2+
0.0+ 0.0+
T T T T T T T T T T T T
L 0 2 4 6 8 10 0 2 4 6 8 10
mRNA IncRNA Risk type Time (year) Time (year)
Renyi (P = 1.002 x 1072 E Renyi (P = 4.306 x 1072 F Renyi (P = 7.865 x 107)
1.0 —— AC093801.1 high expression 1.0+ —— AL353804.2 high expression 1.0 —— AC005363.2 high expression
——AC093801.1 low expression —— AL353804.2 low expression —— AC005363.2 low expression
0.8 0.8 0.8
2 2 2
© 0.6 S 0.6 S 0.6
K © ©
2 2 >
2 0.4 2 0.4 S 0.4
=3 =1 =3
1%} (7] (7]
0.2 0.24 0.24
0.0 0.04 0.04
T T T T T T T T T T T T T T T T T T
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
Time (year) Time (year) Time (year)

Figure 2. Sankey diagrams and Kaplan-Meier survival curves. (A) The relationship between 5 senescence-related IncRNAs, mRNAs and risk types.
Kaplan-Meier survival curves according to five IncRNAs expression levels: (B) AL139147.1, (C) LINC02057, (D) AC093801.1, (E) AL353804.2 and
(F) AC005363.2. IncRNA, long non-coding RNA.

A 10 — B 10 — C 10 —
o8l High risk 08l High risk 08l High risk
S . |*Low risk S . |+ Low risk S . |vLow risk
36 36 36
34 34 54
T2 2 o2
....... e
0 T T T T 0 T T T T 0 T T T T T T T
0 50 100 150 . 50 100 0 50 100 150 200 250 300
Patients (increasing risk score) Patients (increasing risk score) Patients (increasing risk score)
De E 21 F 3
O D o
§ 6|+ Dead : § + Dead ' ' sl
> LiAive 2 81, Alive =8
g4 ES ‘ ge
=, ' =40 N = 4
g d‘ ) < " b
ERAAY ) z2 of A g2
5, fv. e S QLAY 20 :
>3 T T > T T 5 T T T T T T
@ 0 150 @« 5 0 @0 0 50 100 150 200 250 300
Patients (increasing risk score) Patients (increasing risk score) Patients (increasing risk score)
G Type T:':iei h W P2 High T|y‘»)-ﬁ h
Alssasosz O | Low AL3535042 o i | H AL3533042 o v
| | Acoossea.z -2 | Acoosasaz -2 ’ ’ H AC0053632 2
| ” | LINC02057 |‘4 | ||| | LINC02057 “’ | LINC02057
ALiaotazt 076 AL139147.1 '6 ‘ ‘ AL|39|471 -6
II I |||I | acessons I I |I [l || poomot i HI II\ H ] s
L Risk = High risk =Low risk
Ai ) ) K ! P ) 1.00
sk = High risk = Low risk Risk = High risk == Low risk z
21.00 2 1.00 3075
¥ ¥ E-]
gors gors g 050
8050 8 0.50 K]
2 = 2 025
2 0251p <0.001 2 025{ P<0.001 g P <0.001
2 0.00 2 0.00 @ 0.00
w7 o 7
T2 3 4 5 6 7 8 9 10 01 2 3 45 67 8 910
Time (years) Tlme (years) Time (years)
% Highriskj83 51 11 6 2 0 0 % Highrisk (78 44 12 5 3 2 1 1 1 1 0 E Highrisk|16196 23 11 6§ 2 1 1 1 1 ©
o Lowrsk|84 55 16 10 9 5 3 & Lowrisk [86 61 22 10 6 4 2 2 2 2 1 Low risk[170116 38 20 15 9 5 2 2 2 1
o 1 4 5 6 012 3456 7 8 910 01 2 3 5 6 7 8 9 10
Time (years) Time (years) Tlme (years)
M 1.0 N 1.0 o 1.0
0.8 0.8 0.8
£ o061 £ 06 Zo6-
3 04 5044 304
0241/ AUC at 1 year: 0.711 0241 | L Aucat1 year: 0.601 024 AUC at 1 year: 0652
— AUC at 3 years: 0.682 — AUC at 3 years: 0.667 — AUC at 3 years: 0.669
0.0} — AUC at 5 years: 0628 00, —AUCat5 years: 0.703 0.0 — AUCat§years: 0.772
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
1-Specificity 1-Specificity 1-Specificity

Figure 3. Prognostic value of the SenRLs model. (A-C) Risk score curves for the (A) training set, (B) test set and (C) whole set. (D-F) Survival status for the
(D) training set, (E) test set and (F) whole set. The blue and yellow dots symbolize life and death, respectively. (G-I) Expression of five prognostic SenRLs
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IncRNA, long non-coding RNA; SenRLs, senescence-related IncRNAs; AUC, area under the curve.
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prognostic SenRLs, respectively. As shown in Fig. 4D, all the
SenRLs could not effectively discriminate between the high
and low-risk groups; however, based on the key prognostic
SenRLs signature, there was a significant distribution distinc-
tion between the two groups (Fig. 4E); therefore, the PCA
findings further support the accuracy of the model.

Relationship between SenRLs signature and clinicopatholog-
ical factors. The clinical indicators (including age, gender, tumor
grade, and TNM stage) were subdivided, and Kaplan-Meier
survival curves were plotted for the subgroups stratified by these
clinical indicators. The model was found to apply to clinical
factors such as age, sex, grade 2, grade 3, T3 and T4 staging
(Fig. 5). However, there was no statistical difference in OS in
some subtypes, such as grade 1, T1 and T2. This may be related
to the overly refined subgroup typology and the small number
of patient cases in the subgroup. Next, the relationship between
risk values and clinicopathological parameters was analyzed to
learn more about the function of the SenRLs signature in the
development of STAD. Patients who developed distant metas-
tases had significantly higher risk values than those without
distant metastases (P<0.001; Fig. 6A). In addition, the survival
status was lower for patients with STAD with high-risk values
(P<0.001; Fig. 6B). Risk values in STAD are notably linked to
distant metastases and death, and the SenRLs signature may be
involved in STAD disease progression.

Establishment of a nomogram. To achieve individualized
prognosis prediction of patients with STAD, a nomogram
was constructed combining risk score and clinical variables

(Fig. 7A). There was a high agreement between the expected
and actual observed values, as demonstrated by the calibration
curves, which revealed that the predicted curves for survival
were all around the standard curves (Fig. 7B-D). Therefore,
the nomogram combining medical factors and risk score is
effective in forecasting patient OS.

RT-qPCR to confirm IncRNAs expression. The present study
quantified the expression of five key prognostic IncRNAs
using RT-qPCR in 15 pairs of STAD tissue specimens
and paracancerous tissue specimens in order to further
test the viability of the SenRLs signature. The results
are shown in Fig. 8, and the expression of LINC02057,
AL139147.1 and AC093801.1 was significantly greater in
STAD than in paracancerous tissues. The expression of
AC005363.2 and AL353804.2 was significantly decreased
in STAD tissues. The tissue expression profiles of these
IncRNAs are consistent with the bioinformatics findings,
thus confirming the reliability and accuracy of the above
analysis results.

GSEA. Next the specific signaling pathways involved in
prognostic SenRLs was investigated by enrichment analysis.
Through GO analysis, it could be seen that the signaling
pathways, such as ‘collagen-containing extracellular matrix’,
‘peptide receptor activity’ and ‘glycosaminoglycan binding’,
were enriched in the high-risk group. The low-risk group
was enriched for signaling pathways such as ‘mRNA splice
site selection’, ‘mRNA 5 splice site recognition’ and ‘spli-
ceosomal complex assembly’ (P<0.05; FDR<0.25; Fig. 9A).
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Further analysis by KEGG showed that signaling pathways
such as the ‘intestinal immune network of IgA production’,
‘cytokine-cytokine receptor interaction’ and ‘cell adhe-
sion molecules cams’ were enriched in the high-risk group
(P<0.05; FDR<0.25; Fig. 9B). No significant differences in
KEGG gene concentration were observed in the low-risk
group. The immune response-related signaling pathways
were markedly enriched in the high-risk group, suggesting
that prognostic SenRLs may influence STAD development
through immune pathways. Next, immunological analysis
was performed in the model.

Immunoscape and treatment. The relative proportions of
22 immunological infiltrating cells were analyzed using
CIBERSORT, and the results were displayed as a bar chart
(Fig. S1). A correlation analysis of immune cells was performed
using seven working platforms, including XCELL, TIMER
and QUANTISEQ. As shown in the bubble plot in Fig. 10A,
the high-risk group had more immune cell infiltration, such
as Monocyte, Myeloid dendritic cell, B cell naive, T cell
CD8+, Macrophage, NK cell and B cell (P<0.05, Table SIV).
The study further analyzed the correlation between risk score
and immune cell infiltration. It showed that the risk score was
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positively correlated with most immune cell infiltration, such
as dendritic cells activated, mast cells resting, monocytes and
neutrophils (P<0.05; Fig. 10B). Therefore, this demonstrated
that the SenRLs signature-based risk score is effective in
distinguishing different features of immune cells in STAD.
Immune checkpoint inhibitor (ICI) selectively enhances
host immune response to malignancies by modulating the
TME (30). It was observed how immunological checkpoints
were expressed in patients with STAD. The high-risk group
had high expression levels of the majority of immune check-
point genes, including CD40LG, CD200 and ICOSLG (P<0.05;
Fig. 10C). This implies that patients with STAD can be grouped
by the SenRLs risk patterns to select appropriate checkpoint

inhibitors for them. The IC50 values for the chemotherapeutic
medications methotrexate and mitomycin C differed signifi-
cantly between the two groups, with the high-risk group having
higher IC50 values (P<0.01; Fig. 10D and E). Therefore, the
SenRLs signature could be used as a potential predictor of
drug sensitivity for oncology treatment.

Hot and cold tumor classification in STAD. Clustering
analysis of STAD samples was performed depending on
the SenRLs signature to improve the characterization of the
subtypes of cold and hot tumors in the samples. Combining the
matrix clustering heatmap, cumulative distribution function
(CDF) and area change beneath the CDF plot, the sub-groups
at K=2 (the highest intra-group correlation) were selected as
the clustering result in this study (Fig. 11A and B and Fig. S2).
The samples were divided into 2 groups, named Cluster 1
and Cluster 2, respectively. Both t-SNE and PCA showed
that the above division could better classify the samples into
two clusters (Fig. 11C and D). The OS of the two clusters was
compared, and the OS of Cluster 2 was superior to Cluster
1, but no significant difference was found (P=0.188; Fig. S3).
Cluster subtyping cannot be used as a prognostic indicator,
and the risk score of the SenRLs signature remains the main
OS predictor. In addition, charts were developed to understand
the correlation of clustering with risk groups, and according to
Fig. 11E, Cluster 1 is linked to high risk, whereas Cluster 2 is
linked to low risk.

The examination of the various platforms showed discrim-
ination in the immune cell infiltration of the clusters (P<0.01;
Table SV). The enrichment scores for the immunological
pathways and immune cells were calculated. These findings
revealed that a variety of immune cells, such as regulatory
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T cells (Treg), T follicular helper cells (Tfh), T helper (Th)1
cells, dendritic cells (DCs), immature DCs (iDCs), plasmacy-
toid DCs (pDCs) and CD8+ T cells, had elevated enrichment
scores in Cluster 2 (P<0.05; Fig. 11F). T cell co-stimulation
and other immune function enrichment fractions were notably
greater in Cluster 2 (P<0.01; Fig. 11G), suggesting that Cluster
2 is more important in immune cell function regulation.
Compared with Cluster 1, Cluster 2 had significantly greater
immune, stromal and estimate scores (P<0.01; Fig. 11H-J).
The two clusters have different TME, and immunotherapy
is dependent on TME (31). Most of the immune checkpoint
genes, including PDCDILG?2 (also called programmed death
ligand-2, PD-L2), HAVCR?2 (also called T-cell Immunoglobulin
and Mucin Domain-containing Protein 3, TIM3) and CD274
(also called PD-L1), were upregulated in Cluster 2 (P<0.05;
Fig. 11K). A tumor is defined as ‘hot’ if it contains abundant
tumor-reactive immune cells, displays an active immune
microenvironment and exhibits high expression of immune
checkpoints (8,9). In the present study, Cluster 2 showed
marked immune cell infiltration, a more active TME (with
greater enrichment of immune function-related pathways and
higher immune/stromal/estimate scores), and elevated immune
checkpoint expression. Based on these canonical immuno-
logical features, Cluster 2 is likely to be more responsive to
immunotherapy and can therefore be classified as a hot tumor.
By contrast, Cluster 1 exhibited immunotherapy resistance
and can be categorized as a cold tumor.

Multi-model validation and SHAP analysis. To verify the
robustness of the model, cross-validation was performed using
four different algorithms, and all AUC values were >0.7. The
RF and GBM models achieved the highest AUC of 0.849, indi-
cating excellent and stable predictive performance (Fig. S4A).
The mean absolute SHAP value of each SenRL served as a
metric for its relative importance; AL139147.1 exhibited the
highest value (0.0412) (Fig. S4B). This ranking of importance
was consistent with the results of the multivariate Cox regres-
sion, in which AL139147.1 showed the highest coefficient

(1.811), validating the logical consistency of the signature.
Additionally, the SHAP waterfall plot visualized the additive
prediction process (Fig. S4C). Starting from a base value
of E[f(x)]=0.913, the final prediction reached f(x)=0.978.
AL139147.1, AC093801.1 and LINC02057 emerged as positive
contributors, whereas AC005363.2 and AL353804.2 contrib-
uted negatively, a pattern consistent with the risk model.
Collectively, these data confirm that the model relies on
distinct, biologically plausible feature contributions rather than
randomness, substantiating its validity and interpretability.

Discussion

Cellular senescence is the basic unit of senescence in the whole
organism, and senescent cells contribute to the gradual aging of
the organism through the release of inflammatory signals (32).
At the same time, cellular senescence can eliminate abnormal
cells and prevent the further release of tissue-damaging factors
from degenerated cells. This is an important mechanism by
which the organism performs self-clearance and maintains
a healthy microenvironment and immune response (32).
LncRNAs have a notable role in the regulatory mecha-
nism of cellular senescence. LncRNA Pvtlb is a mediator
of p53-dependent growth arrest, and Pvtlb expression is
cis-regulated by p53, which causes lung adenocarcinoma and
sarcoma cells to undergo senescence (33).

Numerous senescence-related gene signatures have
been established to predict the prognosis of patients with
malignant tumors, including gastric cancer (34), colon
adenocarcinoma (35) and prostate cancer (36). However,
most previous studies have been mainly based on mRNA
expression profiles. Given the marked regulatory roles of
IncRNAs in tumor cell senescence, the development of a
SenRLs prognostic signature for STAD remains warranted.
In the present study, a STAD prognostic risk model was built
utilizing five SenRLs (AL139147.1, LINC02057, AC093801.1,
AL353804.2 and AC005363.2). The ROC curves indicated
that the SenRLs signature had an excellent predictive
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performance for 5-year OS in patients with STAD. SenRLs
performed better as an independent prognostic indicator than
traditional clinicopathological factors. Furthermore, the risk
values for the prognostic prediction model were shown to
be linked to metastasis stage and survival status, suggesting
that the SenRLs signature is linked to STAD progression.
Using RT-qPCR, the expression of SenRLs was validated,
and the outcomes further supported the validity of the bioin-
formatics analysis findings. The present study constructed a
nomogram by combining risk score, age and TNM staging in
order to achieve individualized prediction of OS in patients
with STAD. The newly developed nomogram can effectively

predict the risk of patient death and is expected to assist in
the development of clinical treatment strategies.

The malignant phenotype of tumors is determined not
only by tumor cell-intrinsic activity but also by immune
cells recruited and activated in the tumor-associated micro-
environment (37). In the present study, GSEA demonstrated
that the SenRLs signature is mainly involved in immune
response-associated pathways. Next, the link between the
SenRLs signature and TME was further investigated. The
high-risk score was significantly correlated with the majority
of immune cells. Furthermore, it was noted that the infiltration
abundance of neutrophils, activated dendritic cells, resting
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Figure 11. Hot and cold tumor identification. (A) Heatmap of matrix clustering at K=2. (B) Sample distribution for K=2-9. (C) t-SNE and (D) PC analysis for
the two clusters. (E) Sankey diagram of risk and subclusters. (F) Enrichment scores of immune cells. (G) Enrichment analysis of immune-related pathways.
The two clusters' (H) Immunescore, (I) Stromalscore and (J) ESTIMATEscore are compared. (K) Differences in checkpoint expression in clusters. "P<0.05,
“P<0.01, *"P<0.001. t-SNE, t-distributed stochastic neighbor embedding; PC, principal component.

mast cells and monocytes rose with the climbing risk score.
The above increased immune cells can be associated with a
poorer outcome in patients with STAD. Previous studies have
revealed that high density of monocytes, activated dendritic
cells and resting mast cells are relatively unfavorable signals
for the prognosis of patients with gastric cancer (38-40),
which is consistent with the present findings. A previous study
demonstrated that patients with gastric cancer had a consider-
able increase in neutrophil infiltration in their tumor tissues,
according to flow cytometry analyses. In addition, neutrophils
promote tumor progression through immunosuppressive
pathways (41). Based on the analysis of drug IC50 values the

present study, the model can be used as a possible predictor of
drug sensitivity for chemotherapy therapies.

Tumor cells prevent immune cells from killing cancer
cells by initiating immunosuppressive mechanisms, a
condition that occurs mainly in hot tumors. To address
this situation, emerging ICI therapies or other immuno-
therapies can target immune cells (mainly T cells) around
tumor cells, thus triggering an immune response that kills
the hot tumor (42). However, in cold tumors, the afore-
mentioned ICI or immunotherapy is not notably effective.
This is mainly due to the lack of effective mutant proteins
on the cell surface of cold tumors to activate and attract
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immune cells (43). STAD is a markedly gene-heterogeneous
malignancy, which makes conventional clinicopathological
assessment unable to reliably predict the effect of immuno-
therapy (44). Consensus clustering was used in the present
study to divide the STAD samples into two clusters based
on the SenRLs risk signature. Notably, the ESTIMATE
score for Cluster 2 was significantly greater than Cluster 1,
and the two clusters had a different TME. Cluster 2 is more
susceptible to infiltration by immune cells, especially T
cells and dendritic cells, such as Treg, Tth, Thl cells, iDCs,
pDCs, DCs and CD8+ T cells. In addition, Cluster 2 has a
greater role in controlling immune cell functions, such as
T cell co-stimulation. It has been confirmed that the immune
effect of the body against tumors is mainly a T cell-mediated
specific cellular immune response (45). The most potent
antigen-presenting cells in the organism, dendritic cells,
play a notable part in the antitumor immune response (46).
Immature dendritic cells in vivo transform and mature
after uptake of foreign antigens. They then activate CD8+
T cells via major histocompatibility complex I molecules,
thereby inducing an immune response (47). Compared with
drug therapy, patients with tumors treated with dendritic
cell vaccines as well as activated T cells after surgery have
notably longer OS (48), and tumor immunotherapy based on
them will likely be one of the most effective therapies (49).
Notably, the present study showed that Cluster 2 had high
expression levels of immunological checkpoints, including
PDCDILG?2 (also called PD-L2), HAVCR?2 (also called
TIM3) and CD274 (also called PD-L1I). The comprehensive
multi-dimensional immune characterization performed in
the present study, encompassing immune cell infiltration,
immune function enrichment, TME scoring and immune
checkpoint expression, provides robust and consistent
in silico evidence that the SenRLs signature can effectively
distinguish hot and cold tumor phenotypes, supporting its
potential value in predicting immunotherapy responsiveness.
Cluster 2 exhibited a higher TME score, greater immune
cell infiltration and pathway enrichment, as well as elevated
expression of immune checkpoints, suggesting that it may
be more sensitive to immunotherapy and thus can be defined
as a hot tumor. By contrast, Cluster 1 can be classified as a
cold tumor. Notably, Cluster typing based on the SenRLs
risk signature can effectively discriminate between hot
and cold tumors, this represents a unique advantage of the
present study, as existing STAD prognostic models (whether
IncRNA-based or senescence-related) fail to integrate these
two dimensions to address the unmet clinical need for
immunotherapy stratification (34,50,51). This capability
will facilitate more accurate identification of patients who
may benefit from STAD immunotherapy.

Among the five identified IncRNAs, only LINC02057
was previously linked to prognosis in lung and esophageal
cancers (52,53), aligning with the present observation of its
risk-associated elevation. To the best of our knowledge, the
present study is the first to characterize LINC02057 as a
SenRL in STAD and to explore its utility in distinguishing
tumor immune phenotypes. Furthermore, the present signature
represents the first model to integrate SenRLs with hot/cold
tumor classification for guiding immunotherapy stratification,
effectively bridging a gap in existing literature.
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Due to the lack of suitable external cohorts with complete
5-year OS and IncRNA profiles, multi-model ROC validation
and SHAP analysis were performed as robust validation strat-
egies. High AUC values across multiple algorithms verified
the stability of the signature. SHAP analysis revealed that
AL139147.1 contributed most notably to the prognostic model,
which was consistent with the results of multivariate Cox
regression. This consistency confirms that the selection of key
SenRLs was not arbitrary but based on their actual contribu-
tions to STAD prognosis, supporting the validity and stability
of the signature. Risk-associated SenRLs exerted positive
contributions, whereas protective SenRLs showed negative
contributions, a pattern consistent with the risk model. These
SHAP results were in line with the bioinformatic and RT-qPCR
findings, further validating the accuracy of the signature and
clarifying the impact of each SenRL on STAD prognosis.

The present study has several limitations. First, a cohort
directly treated with immunotherapy was not included, owing
to the limited availability of public STAD cohorts with
documented immunotherapy administration and complete
follow-up data. In future studies, clinical samples from patients
with STAD receiving immunotherapy will be collected to
further validate the predictive value of the SenRLs signature
for immunotherapy response. Second, detailed stratified
analysis of STAD subtypes was not performed due to incom-
plete subtype annotations in TCGA dataset. In subsequent
research, complete subtype data from public databases will
be integrated to validate the applicability of the SenRLs
signature across different STAD subtypes. Finally, the sample
size for RT-qPCR validation was relatively small, primarily
due to the strict inclusion and exclusion criteria, as well as the
limited availability of voluntarily enrolled cases during the
study period. It is acknowledged that this small sample size
may limit the statistical power of the present validation results.
Consequently, future studies with larger, multicenter cohorts
are warranted to further validate the expression patterns and
clinical significance of these five key SenRLs.

In conclusion, based on five SenRLs (AL139147.1,
LINC02057, AC093801.1, AL353804.2, AC005363.2), the
present study identified a novel prognostic model of STAD.
Notably, the SenRLs signature facilitates the discrimination of
hot and cold tumors in STAD by identifying immune pheno-
types associated with immunotherapy sensitivity. This will
better screen the population for the benefits of immunotherapy
and save medical resources while achieving individualized
immunotherapy.
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