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SUMMARY

Gastric cancer (GC) is a prevalent malignancy with a high mortality rate and limited treatment options. Aging
significantly contributes to tumor progression, and GC was confirmed as an aging-related heterogeneous
disease. This study established an aging-associated index (AAl) using a machine learning-derived gene panel
to stratify GC patients. High AAl scores associated with poor prognosis and indicated potential benefits from
adjuvant chemotherapy, while showing resistance to immunotherapy. Single-cell transcriptome analysis
revealed that AAl was enriched in monocyte cells within the tumor microenvironment. Two distinct molecular
subtypes of GC were identified through unsupervised clustering, leading to the development of a subtype-
specific regulatory network highlighting SOX7 and ELK3 as potential therapeutic targets. Drug sensitivity
analyses indicated that patients with high ELK3 expression may respond to FDA-approved drugs (axitinib,
dacarbazine, crizotinib, and vincristine). Finally, a user-friendly Shiny application was created to facilitate ac-

cess to the prognostic model and molecular subtype classifier for GC.

INTRODUCTION

Gastric cancer (GC) is one of the most lethal malignancies
globally, ranking as the fifth leading cause of cancer-related
mortality. Each year, over a million new cases are diagnosed
in East Asia alone.” The high mortality rate of GC is largely
due to its aggressive tumor progression, diverse clinical mani-
festation, and limited response to treatment. Although several
interventions have been developed to reduce GC-associated
mortality, including endoscopic detection, gastrectomy,
chemotherapy (CT), and chemoradiotherapy (CRT), the out-
comes remain unfavorable.” Accurate prediction models for
stratifying GC patients into distinct risk subgroups are still lack-
ing. Given the limited treatment options and poor prognosis for
GC, there is an urgent need to identify and validate novel ther-
apeutic targets to improve patient outcomes. Developing effec-
tive models to stratify patients into distinct risk groups is crucial
for enabling more targeted therapies for this highly heteroge-
neous cancer.

With the global population aging rapidly, understanding the
fundamental mechanisms driving aging has become essential.
Recently, a revised set of twelve hallmarks of aging was pro-
posed, providing crucial insights into this complex biological

process.” These hallmarks encompass disruptions at multiple
levels, including genetic regulation across genomic, epigenetic,
cellular, and organismal scales that collectively drive the func-
tional decline associated with aging.®>° Aging, a major risk factor
for cancer-related mortality, exhibits significant associations
with several of these hallmarks, such as genomic instability, telo-
mere attrition, epigenetic alterations, loss of proteostasis,
impaired macroautophagy, deregulated nutrient-sensing, mito-
chondrial dysfunction, cellular senescence, stem cell exhaus-
tion, altered intercellular communication, chronic inflammation,
and dysbiosis. Each of these aging hallmarks represents a po-
tential target for novel anti-aging interventions aimed at promot-
ing healthy longevity and reducing cancer risk in older adults.
Notably, aging and cancer share fundamental mechanisms,
with age-related tissue changes fostering an environment
that supports tumor progression.” Therefore, elucidating the bio-
logical mechanisms underlying aging could provide a unique
perspective on improving cancer prognosis and developing
novel treatments. A recent pan-cancer study revealed that GC
exhibits an age-associated profile, showing that overall survival
(OS) in GC patients is inversely correlated with age and that sig-
nificant molecular differences exist across different age groups.®
Despite this, the relationship between aging and GC remains
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Figure 1. The schematic workflow of this study, and the variate landscape of aging-associated genes in GC patients

(A) Flowchart for comprehensive analysis of aging patterns in GC patients.
(B) Heatmap of differentially expressed aging-associated genes between tumor and adjacent normal samples in the TCGA-STAD dataset.

(legend continued on next page)
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largely unexplored, and the specific roles of aging-associ-
ated patterns in GC pathogenesis have not been thoroughly
investigated.

Here, we leveraged an aging-associated signature to establish
a novel prognostic indicator, the aging-associated index (AAl),
and further characterized two distinct molecular subtypes of
GC with unique clinical and molecular features. These findings
were independently validated across multiple public datasets.
Furthermore, we used subtype-specific regulatory network infer-
ence to reveal key transcription factor (TF) master regulators
driving GC invasion and metastasis, highlighting putative thera-
peutic targets. Moreover, drug sensitivity analysis targeting of
these master regulatory TFs prioritized several FDA-approved
drug candidates that could offer more precise treatments for
GC subgroups. In summary, our study dissects the heterogene-
ity of GC and assesses its clinical prognosis, providing insights
that will facilitate the selection of effective therapeutic regimens
for GC patients.

RESULTS

The aging-associated signature exhibits distinct
landscape patterns in GC patients

We analyzed 445 aging-associated genes from the Aging Atlas
database and 196 GC tumor samples with multi-omics profiles
from TCGA-STAD as a training dataset. Two independent vali-
dation cohorts with gene expression profiles and clinical infor-
mation were collected from Gene Expression Omnibus (GEO)
(GSE62254, n = 300, and GSE26899, n = 93). Clinical informa-
tion for GC patients in all three datasets is summarized in
Table S1. The schematic workflow of this study is illustrated
in Figure 1A. To systematically characterize aging-associated
genes, the differential analysis between tumor and adjacent
normal samples was performed on TCGA-STAD training data-
set, identifying 103 differentially expressed aging-associated
signature genes (Jlog2 fold change| > 1 and BH-adjusted
p < 0.01) (Table S2). Among these, 92 genes were upregulated
and 11 were downregulated in GC tumor samples (Figures 1B
and 1C).

A circus plot embedding chromosomal location, expression,
DNA methylation levels, log2 fold change, and p values from
the differential analysis of each gene highlighted the diverse
patterns of the aging-associated signature across multiple ge-
netic layers (Figure 1D). Moreover, the functional annotation of
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways
and Gene Ontology (GO) items indicated that the 445 aging-
associated genes were significantly enriched in biological
pathways, including NF-kB signaling pathway, cellular senes-
cence, and DNA damage binding (Figures 1E and 1F). Genetic
mutation analysis revealed that approximately 90% of GC
samples in TCGA-STAD carried variant mutations, with TP53
possessing the highest mutation rate (~50%) and other genes
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showing mutation frequencies ranging from 7% to 20%
(Figure 1G).

A prognostic risk model based on a prioritized aging-
associated signature in GC

To prioritize a gene signature for predicting the prognosis of GC
patients, we applied a univariate Cox regression analysis to iden-
tify genes with significant survival associations. A total of 54
genes were selected with a p < 0.1 cutoff in the training dataset.
We then employed the least absolute shrinkage and selection
operator (LASSO) regression model with 100 permutations to
refine the panel, retaining genes that appeared in more than 85
iterations, resulting in a final 20-gene panel for building the prog-
nostic model (Figures 2A and 2B).

To assess aging-associated risk in GC patients, we built a multi-
variate Cox regression and introduced the aging-associated index
(AAI), calculated as follows: AAl = (AREG * —0.03518909) +
(AXL * —0.109384956)+ (BDNF * —1.14196311) + (BIRC3 *
—0.34023338) + (CAT * 0.49831949) + (CETP * 0.81387879) +
(CREB3L3 * 0.11688062) + (EGF * 0.53775648) + (FGF23 *
—1.42946464) + (IL7 * —0.23905160) + (MLH1 * 0.06625251) +
(PEX5 * —0.86896108) + (POUTF1 * 2.45172075) + (PTGES *
—0.16415875) + (SERPINE1 * 0.22980775) + (SIRT7 * —0.2548
1754) + (SOCS2 * —0.05342394) + (TCF3 * —0.30544728) +
(TNFRSF1A * 1.23092773) + (UCP1 * —4.16902399). AAl scores
varied significantly in key clinical factors such as tumor stage
(stage I-1V), lymph node metastasis (NO and N1-3), tumor metas-
tasis (MO and M1), and survival status (alive or death) in TCGA-
STAD (Figure 2C) as well as in validation cohorts GSE62254 (Fig-
ure S1A) and GSE26899 (Figure S1B). Several aging-associated
genes showed significant differential expression between the
high- and low-AAl groups (Figure 2D).

Moreover, AAl was consistently identified as an independent
prognostic indicator in GC patients, even when adjusted for
other clinical factors (univariate and multivariate Cox,
p < 0.001) (Figures 2E and 2F). To further confirm the clinical
and therapeutic potential of AAl, we performed a stratified sur-
vival analysis, and the results showed that high-AAl patients
significantly benefited from the adjuvant chemotherapy
(Figures S2A and S2B), while low-AAl patients showed no signif-
icant differences (Figures S2C and S2D). And similar results were
observed from an anti-PD1/PD-L1 therapy cohort, where the
high-AAl group displayed a significantly poorer OS (Figure S2E).
Additionally, patients with higher AAI scores tended to be
more resistant to the anti-PD-1/PD-L1 therapy in the
IMvigor210CoreBiologies dataset, with significant enrichment
in group with progressive or stable disease status (p = 4.44 X
1073, Chi-square test) (Figure S2F). These findings highlighted
the great potential of AAl as an effective indicator for guiding
chemotherapy and immunotherapy decisions. Overall, AAl
could serve as a quantitative risk metric and a promising prog-
nostic indicator for assessing clinical outcomes in GC patients.

(C) Volcano plot showed the DEGs between tumor and adjacent normal samples. Points with gene symbols are obvious DEGs (BH-adjusted p < 0.001 and [log2

fold change| > 3).

(D) The genomic location, gene expression profiles, and DNA methylation levels of aging-associated DEGs in the TCGA-STAD dataset.
(E and F) Functional annotations on DEGs of (E) GO terms and (F) KEGG analysis.
(G) The somatic mutation landscape of aging-associated genes. The top20 mutated genes were presented in the oncoplot.

iScience 28, 112316, May 16, 2025 3




¢? CellPress

OPEN ACCESS

iScience

A ) ) ) B Hazard ratio P
Hazard ratio . Protective ‘ Risk AREG 0.965 (0.79205- 1.18) 0.728
AXL 0.896 (0.60726 - 1.32) 0.582
BDNF 0.319 (0.12716 - 0.80) i 0.015 *
D, BIRC3 0.712 (0.53618 - 0.94) - 0.018*
o INANRARASRRARRRIAL . 1,646 (1.06972 - 2.53) ‘m 0.023 *
Q 75 CETP 2257 (140454 - 363) (S <0.001 ***
c ® CREB3L3 1.124 (0.95202- 1.33) ™ 0.168
© @@ EGF 1712 (1.11466 - 2.63) [F°8 0.014*
8 50 @ FGF23 0.239 (0.07124 - 0.80) J—— 0.021 *
N L7 0.787 (052288 - 1.19) - 0.252
o) MLH1 1.068 (0.70879 - 161) - 0.752
PEX5 0419 (0.23224 - 0.76) - 0.004 **
25 @@® POUIF1 11608 (108309 - 12442) — - 0043"
PTGES 0849 (0.64491- 1.12) - 0.241
@ SERPINE1 1258 (098517 161) i 0,066
0 SIRT? 0.775 (0.43283 - 1.39) - 0.391
- N OLORD - O =~ Y@ ®T = =< SOCS2 0948 (058752~ 1.53) i
im%ﬂ-l'zl_(m)z&—'5“:‘><“—L'-§I'—$80E'—“O'—§D TCF3 0.737 (0.45591 - 1.19) g 8%
<ZQ99QZOWRWE WSOWILOxQOEXLTH <L TNrRSFIA 2424 (143214~ B19) o, 0.006 **
Lp-0d S o PRE<5Z7=%a 2 ucet  o0ot5 (000077 030) —g— | 0,008 *
w o P4 |
c = 1
e . * Kruskal-Wallis, P = 0.08
15 *
. L] L *
6 *
—_— 10
-— —]
3
’ s ==
0 . . . °
: . of . :
3 . . . 3
Alive Death - \ \
MO M1 NO N1-3 a@e\ g?'\\ Qe\\ ge\
SRR G
D 1 1 1 ﬁe?dt_er " Gender
oInm EOUEL DN TUUI U — O o) Sl Female
[ imy T imil T B L auren subytpe Male
1 | o R | [ | I N EEEIE ININ BID 1 B R RSN EEEIES TCGA subtype
EMP subtype Mutati t
Sl group utation rate
1 [ I MMP12 250
i 1 § o HMGB2
I | 1] LMNB1
N N | ih 1 FOXM1 o
| I | CCNA2
I 1 | IU 52815? 3 Survival stat
urvival status
| i il | | | wt NN HRER |2 I Alive
| | 1 1 I PCNA | Death
RIE [, LI | | Rorele :
1 I I 111 | | I H 1 2F1 Lauren subytpe
I | 1 1 ‘I i 11 1 TE)&ZA 0 MIDiffuse
1§ 1 14! g II! 1| HELS - iIn_testina|
v I 1 L . | | ’ Lo R =2 e
1 1 I 1 | AXL . TCGA subtype
0 1 B i 1 b T e i -3 Won
| 1B 1 T Gcl1e Mesv
| l i 1 10 8w o8
11 I N | HGE Hwsi
AR ey
| |'| I | | | CBX7 EMP subtype
{1 1 ' : e -
| i 1 I Il i 1 1GF1 Hwp
| ak| | e A
! I 1 1 nh e AAI-L
E Univariate Cox F Multivariate Cox
Hazard ratio P Hazard ratio P
1 1
Age ] 1.01(0.99, 1.03)  0.337 Age  1.04 (1.02-1.1) [ 0.002
1 1
! 1
T ——— 1.55(0.79,3.03) 0.199 T 1.16 054-25) —m——— 0.701
1-2vs 3-4 1 1-2vs 3-4 1
1 1
N — 1.94 (1.11,3.38) 0.019 N 098 (047-20)—#——— 0.953
Ovs1-3 ! Ovs1-3 1
1 1
M ' —————— 326(149,7.14) 0.003 M 1.67  (0.71-3.9) 1 ™ 0.236
Ovs1 : Ovs1 1
1
Stage | o—— 2.08(1.30,3.33) 0002 [ Stage 171 (0.90-32) W = 0102
I-Il vs 1lI-IV | I-Il vs llI-IV :
AAI ' —— 2.72(2.15, 3.44) <0.001 AAl 290 (225-37) i +—m— <0.001
| 1
1 1

4

iScience 28, 112316, May 16, 2025

(legend on next page)



iScience

Validation of the aging-associated prognostic prediction
model in bulk and single-cell datasets

To assess the prognostic value of AAl scores in GC patients,
we stratified patients based on the median AAl and created
Kaplan-Meier (KM) plots to compare survival difference using
the log rank test. Our results indicated that GC patients with
higher AAl scores had significantly lower survival probabilities,
with poorer OS and disease-free survival (DFS) (p < 0.05, log
rank tests) in the TCGA-STAD training dataset (Figure 3A).

We further validated AAl's prognostic capability in two inde-
pendent GC datasets, GSE62254 and GSE26899, using median
AAl values specific to each dataset. Consistent with the training
dataset, patients in the high- AAl subgroup had a shorter OS and
relapse-free survival (RFS) (all p < 0.05, log rank tests) in both
GSE62254 (Figure 3B) and GSE26899 (Figure 3C).

Additionally, we comprehensively explored AAl in a single-cell
dataset (GSE163558) from seven GC patients. Major cell types
were annotated based on known marker genes (Figures 3D
and S3A). Dot plot showed that AAl was highly composed in
macrophages and monocytes (Figures 3E and S3B), highlighting
a strong association between AAl and tumor immunity, particu-
larly given the role of these myeloid-derived cells. Notably, AAI
scores varied significantly in GC cells based on metastatic status
(Figure 3F), underscoring AAl's potential as a predictive tool
for tumor progression and metastasis, with higher AAl values
observed in advanced-stage GC patients.

Identification of two molecular subtypes with distinct
biological and clinical characteristics

To explore the heterogeneity within GC tumors, we utilized unsu-
pervised clustering on the 54 aging-related prognostic genes
identified in the training dataset. Through consensus clustering
and optimal cluster analysis, we identified two aging-related mo-
lecular subtypes, Cluster1 and Cluster2 (Figures 4A and S4A-
S4C; Table S8), with the optimal number confirmed by the
NbClust algorithm (Figure S4D). Silhouette and principal compo-
nent analysis (PCA) analyses further demonstrated distinct
expression profiles between the two subtypes (Figures 4B
and 4C).

Notably, the survival analysis revealed that Cluster2 patients
had significantly poorer OS and DFS compared to Cluster1
(p < 0.05, log rank test) (Figures 4D and 4E). We then compared
the aging-related subtypes with other subtyping systems, and
found that most of Cluster2 tumors were enriched in the mesen-
chymal phenotype (MP), genomic stability (GS), and diffuse clus-
ters (p < 0.05, Chi-square tests) (Figure 4F).

To validate the robustness and reproducibility of the unsu-
pervised clustering, we built a random forest classifier based
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on the top 1000 candidate genes with high median absolute de-
viation (MAD) across TCGA-STAD samples, then applied it to
the independent GSE62254 and GSE28699 datasets. Consis-
tently, patients in Cluster1 subgroup exhibited significantly
favorable survival outcomes across both validation datasets
(all p < 0.05, log rank tests), while Cluster2 displayed a strong
correlation with MP and diffuse subtypes (p < 0.05, Chi-square
test) (Figures 4G-4L).

Distinct molecular landscapes of GC molecular
subtypes identified through multi-omics
characterization

To systematically dissect the clinical and biological characteris-
tics of the two molecular subtypes identified, we conducted a
multi-omics analysis on the TCGA-STAD cohort. Cluster2, the
subtype associated with poorer prognosis, showed significantly
higher AAIl scores in both TCGA-STAD and GSE62254 cohorts
(Figures S5A-S5C). Strikingly, patients in Cluster2 subtype
tended to be younger than those in Cluster1 (Figure 5A), and
this observation was further validated in the GEO dataset
(GSE62254 and GSE26899) (Figures S5D and S5E), indicating
that early-onset patients may have a predisposition to develop
into this aggressive GC subtype.

We further found that Cluster2 was characterized by distinct
molecular features, including hypermethylation (Figure 5B) and
a low number of somatic copy number alterations (SCNAs) (Fig-
ure 5C). Somatic mutation analysis in TCGA-STAD revealed high
mutation frequencies in TP53 and TTN genes across both sub-
types (Figure 5D). Except CDH11, most of the genes were signif-
icantly mutated in the Cluster1 subtype, indicating an unstable
genomic status (Figure 5E). Gene set enrichment analysis
(GSEA) on the TCGA-STAD expression data highlighted elevated
epithelial to mesenchymal transition (EMT), VEGF, immune-
related pathways, and stromal content in Cluster2. In contrast,
Cluster1 showed significant upregulation in cell cycle related
signature genes (Figure 5F).

Furthermore, given the immune-related distinctions between
the two subtypes, we predicted tumor infiltration profiles using
ESTIMATE and MCPcounter algorithms. Compared to Cluster1,
Cluster2 exhibited a higher presence of immune cell proportions,
particularly T cells, CD8" T cells, and endothelia cells (Figure 5G),
along with elevated immune and stromal scores, while Cluster1
showed higher tumor purity (Figure 5H). Such immune land-
scapes were further validated in the GSE62254 (Figure S5F)
and GSE26899 (Figure S5G) datasets, highlighting the reliability
of the two molecular subtype classification. More specifically,
the higher proportion of monocyte and myeloid cells in Cluster2
corresponded with our previous single-cell analysis, where

Figure 2. The aging-associated index was established for GC patients

(A) A 20-gene panel was prioritized using machine learning method.

(B) The prognostic significances of selected genes using multi-variate Cox regression model.
(C) The AAl significantly associated with several clinicopathological factors, such as survival status, tumor metastasis, lymph node metastasis, and tumor stage.

Data are represented as mean + SEM.

(D) A heatmap showed the significant aging-associated DEGs between high and low AAIl group (stratified by the median value of AAl). The AAl served as a
significant independent prognostic factor when combined with other clinical information in (E) univariate Cox and (F) multi-variate Cox regression analysis. The
Wilcoxon test was used for comparisons between two groups and statistical significance was indicated with asterisks: * p < 0.05, ** p < 0.01, *** p < 0.001; ns
denotes not significant. A p value of <0.05 was considered statistically significant.
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AAl was highly associated with myeloid-related clusters (mono-
cyte and macrophage), and Cluster2 had higher AAl scores
compared to Cluster1.

In addition, immune checkpoint gene expression analysis be-
tween subtypes in TCGA-STAD (Figure S6A) and GSE62254
datasets (Figure S6B) showed consistent upregulation of
immunosuppressive signature genes in the Cluster2, indicating
an elevated level of immunosuppression in this subtype.

Establishment of a subtype-specific regulatory network
uncovers two master regulator TFs in aggressive GC
subtype

To reveal the potential regulatory mechanisms driving the
aggressive GC subtype, Cluster2, we constructed a TF regulato-
ry network inference by integrating TF and potential target gene
expression profiles. Differentially expressed TFs (|log, fold
change| > 0.5 and BH-adjusted p < 0.001) and mRNAs ((|logz
fold change| > 1 and BH-adjusted p < 0.05) between the two sub-
types were prioritized as master regulators and target genes.
These elements were Z-normalized and merged into a regulatory
network inference using the R package “RTN”, followed by
1,000 permutations and weak interaction filtering to ensure
robustness (Figure 6A).

Moreover, to pinpoint specific master regulatory TFs linked to
Cluster2’s regulatory mechanism, a master regulatory analysis
was performed based on a hypergeometric test against curated
EMT signature genes. Nine candidate TFs potentially driving
Cluster2 progression were identified (p < 0.05) (Table S4), among
which two TFs, ELK3 and SOX7, were further confirmed to have
prognostic relevance (univariate Cox p < 0.05) (Figure 6B). Pa-
tients with high expression of the two master regulators ex-
hibited the poorest survival outcomes (Figures 6C and 6D), and
both TFs were significantly upregulated in Cluster2 (Figures 6E
and 6F).

Additionally, receiver-operating characteristic (ROC) curves
based on ELK3 and SOX7 expression levels demonstrated
high predictive accuracy for GC molecular subtype classifica-
tion (Figure 6G). Both TFs were upregulated in Cluster2, which
were consistent with the expression levels (Figures S7A
and S7B) and survival outcomes (Figures S7C-S7F) in the
GSE62254 validation dataset. Additionally, we performed Pear-
son correlation analysis in the TCGA-STAD dataset, revealing
significant negative correlations between gene expression
and DNA methylation levels of ELK3 and SOX7 (all p < 0.05,
Figures S7G and S7H). These findings suggest that epigenetic
changes in Cluster2 subtype patients modulate TF expression
levels, thereby altering downstream target gene expression
and promoting tumor invasiveness. Moreover, the immunohis-
tochemistry staining results from The Human Protein Atlas
(HPA) database® validated the protein expression levels of
ELK3 and SOX7 (Figure 6H).
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In summary, our regulatory network analysis highlights key
TFs involved in the aggressive Cluster2 subtype, underscoring
their potential as diagnostic biomarkers. Further validation of
these findings in larger independent cohorts is needed to estab-
lish their clinical utility.

Prioritization of drug candidates targeting key master
regulator TFs through drug sensitivity analysis

Following the identification of master regulatory TFs in the sub-
type-specific regulatory network inference, we next prioritized
potential drug candidates targeting these TFs, aiming to
advance personalized therapies for GC. We collected drug
sensitivity scores and gene expression profiles for 32 GC cell
lines from the CellMinerCDB database. After filtering out drugs
with over half of missing scores across cell lines, we calculated
the area under the curve (AUC) of each drug response, using
expression levels of SOX7 and ELF3 as predictors and stratifying
drug activity scores by their median values. Our findings re-
vealed several drugs that may be repurposed to target GC pa-
tient subgroups (Figures 7A-7C; Table S5).

Notably, ELK3 expression predicted sensitivity to the FDA-
approved drug axitinib (AUC = 0.81 and ANOVA p = 0.038), a
VEGFR inhibitor used for epithelial ovarian cancer therapy.'°
Another FDA-approved drug, dacarbazine, used as a chemo-
therapeutic agent for metastatic melanomas,’’ also showed
sensitivity in cell lines with high expression of ELK3 (AUC =
0.76 and ANOVA p = 0.047). Additionally, crizotinib, approved
for ALK-positive or ROS1-positive NSCLC, '? was more sensitive
to the elevated ELK3 expression (AUC = 0.75 and ANOVA
p = 0.007), while vincristine, an FDA-approved anticancer drug,
also showed higher efficacy in high-ELK3-expressing GC cell
lines (AUC = 0.84 and ANOVA p = 0.035). Structural diagrams
of the molecules of the identified four drug candidate com-
pounds were obtained from the chEMBL database (https://
www.ebi.ac.uk/) (Figures S8A-S8D). These findings reveal that
the activity of these candidate drugs strongly correlates with
the expression levels of ELK3 and SOX7 (Figure 7D).

In conclusion, our drug sensitivity analysis based on the TF
regulatory network provides promising, subtype-specific thera-
peutic targets that could serve as both prognostic and predictive
biomarkers for GC.

DISCUSSION

Cancers are often considered diseases of aging due to the close
association between aging and dysregulation at molecular and
cellular levels. While the extended hallmarks of aging provide
valuable insights into cancer biology, few studies have compre-
hensively examined aging-related processes in GC. In this study,
we derived an aging-related signature from curated public data-
base and introduced a prognostic marker, the AAl, to predict

Figure 3. The AAI could be utilized as a prognosis and metastasis predictor of GC patients in multiple datasets

(A-C) The GC patients with higher AAI scores showed poorer OS and RFS in (A) the TCGA-STAD discovery dataset, and two other independent validation
datasets, (B) GSE62254 and (C) GSE26899 (patients were stratified by the median value of AAl, separately).

(D) UMAP plot visualization of cell subtypes from seven GC patients. Cell subtypes were annotated by marker expression levels.

(E) UMAP plot visualization of the distribution of the AAl in GC cells.

(F) Violin plot of the AAI value in different tumor status of GC patients. Data are represented as mean + SEM. Survival curves were compared via log rank test.
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high-risk GC patients. The predictive power of AAl was success-
fully validated and testified in both bulk and single-cell datasets.
Moreover, we identified two distinct molecular subtypes of GC,
each with unique prognostic and clinical characteristics. To
further uncover the regulatory mechanisms underlying these ag-
ing-related GC subtypes, we conducted an integrative network
inference analysis, followed by master regulator analysis to pri-
oritize key TFs, ELK3 and SOX7, that drive the aggressive Clus-
ter2 subtype. Finally, drug sensitivity analysis highlighted several
FDA-approved drug candidates that could be repurposed to
target these master regulatory TFs, suggesting their potential
as therapeutic options for GC.

In this study, we prioritized a panel of 20 aging-related
genes (AREG, AXL, BDNF, BIRC3, CAT, CETP, CREB3L3, EGF,
FGF23, IL7, MLH1, PEX5, POU1F1, PTGES, SERPINET1, SIRT?,
SOCS2, TCF3, TNFRSF1A, and UCP1) using a machine learning
approach. The AAl generated by their expression levels signifi-
cantly predicted GC prognosis across multiple datasets. For
example, higher expression of the EGFR ligand AREG was asso-
ciated with favorable survival outcomes in stage II/lll GC patients
enrolled in the adjuvant chemotherapy trial,"® which was consis-
tent with findings from our discovery dataset. A recent study on
AXL revealed that its activation by the cancer-associated fibro-
blast (CAF) induced gene GAS6 could promote GC aggressive-
ness,'* while BDNF, derived from CAFs, activated TrkB-Nrf2
signaling pathway in GC cells, contributing to resistance to anlo-
tinib in GC.'® Further, BIRC3 was identified as a promising
biomarker for esophageal adenocarcinoma patients.'® The pres-
ence of EGF correlates with gastric wall invasion and lymph node
metastasis in GC, as well as EMT promotion in pancreatic can-
cer.'” The fibroblast growth factor FGF2 played a key role in
tumorigenesis, with higher expression levels linked to poorer
0S and serving as a biomarker for bone metastasis prognosis.'®
IL7, essential forimmune regulation, particularly influenced B cell
development and the proliferation of memory and naive
T cells."®?° MLH, a gene responsible for DNA mismatch repair,
was found hypermethylated and related to oxaliplatin resistance
in GC patients.”' High PEX5 expression, interacting with miR-31-
5p, was found to correlate with poor prognosis in liver cancer via
Wnt/B-catenin signaling and HR pathways.”> Recent study
showed that POU7F1 promoted GC progression via regulating
macrophage proliferation, migration, and polarization, high-
lighting its vital relationship with tumor-associated macro-
phages.?®> SERPINE1 promotes tumor progression and angio-
genesis by activating the VEGFR-2 signaling pathway by
interacting with miR-145-5p, a miRNA sponged by the ceRNA
NKX2-1-AS1 in GC.?* Studies have shown that downregulation
of SIRT7 in breast cancer led to lung metastasis and could serve
as a prognostic marker for metastasis-free survival.?>?° Our find-
ings showed the same survival outcomes, indicating that SIRT7
could serving as a protective factorin GC. Additionally, a previous
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study showed that exosome circDIDO1 suppressed GC progres-
sion by regulating the miR-1307-3p/SOSC2 axis, highlighting
that the high expression levels of SOSC2 promoted GC invasive-
ness.”” TCF3 functions as a tumor suppressor and has been
found to be epigenetically silenced by EZH2 and DNMT3B in
endometrial cancer.® Our results showed that higher expression
levels of TNFRSF1A associated with worse OS, consistent with
reports that elevated TNFRSF1A m®A and protein levels correlate
with poor survival in esophageal squamous cell carcinoma.””
Previous research has shown that overexpression of UCP1 could
inhibit proliferation and metastasis in triple-negative breast can-
cer,® and our results similarly indicate that UCPT was upregu-
lated in GC samples. Moreover, five out of 20 AAl genes
(AREG, AXL, BIRC3, PTGES, and SERPINET) overlapped with
differentially expressed genes in mesenchymal GC cell lines,®"
demonstrating that our identified AAI gene panel is also associ-
ated with epigenomic changes in GC.

The two identified molecular subtypes had diverse biological
properties and clinical outcomes. A simplified overview of these
subtypes is shown in Figure 8. Cluster1, characterized by a low
AAIl and favorable survival outcome, was significantly enriched
in epithelial and cell cycle pathways. Mutational analysis
confirmed that Cluster1 possessed more genomic variations,
indicating active genome alterations. In contrast, Cluster2, char-
acterized by a higher AAl, higher stromal and immune contents,
and poor survival prognosis, was enriched in EMT and wound
response pathways. Immune infiltration and checkpoint gene
analysis revealed that Cluster2 had an immunosuppressive
microenvironment, underscoring its distinct immune landscape.
Of note, Cluster2 also had a younger patient demographic
compared to Cluster1, aligning with the rising incidence of
early-onset GC in individuals under 40 in the U.S.*” This subtype,
marked by high metastasis rates,*® likely encompasses early-
onset GC patients who experience poorer survival outcomes
and heightened mesenchymal prosperity. To elucidate the regu-
latory mechanism driving Cluster2’s aggressiveness, an integra-
tive network inference was established and prioritized two clini-
cally relevant TFs, ELK3 and SOX7, as potential contributors to
its progression and metastasis. Specifically, ELK3 has also
been shown to be upregulated in the GC cell lines of mesen-
chymal subtype.®" This finding aligns with our results showing
that ELK3 is upregulated in the Cluster2 subtype, which is
strongly associated with the MP. Recently, studies showed
that enhancers could interact with TFs to regulate aging-related
pathways such as senescence, inflammation, and stress
response,®”*° and also restoring enhancer activity through
epigenetic modulation or targeted gene editing could offer novel
strategies to counteract aging-associated transcriptional dysre-
gulation and improve cellular resilience.®® These previous
studies, combined with our TF regulatory network findings,
suggest that the aging-associated gene signature may be

Figure 4. A two-class molecular subtypes were identified using unsupervised clustering

(A) GC patients were classified into two molecular clusters using gene expression profiles in the TCGA-STAD discovery dataset.

(B) The silhouette analysis demonstrated that the two identified subtypes were identical internally.

(C) The PCA analysis showed that the two subtypes could be clearly separated. The Cluster2 subtype exhibited poorer OS and RFS compared to the Cluster1
subtype, and significantly associated with other GC molecular subtypes in the (D) TCGA-STAD, (E) GSE62254 and (F) GSE26899 datasets. Survival curves were

compared via log rank test.
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(A-C) The Cluster2 subtype patients had significant (A) younger population, (B) higher DNA methylation levels, and (C) less SCNA numbers. Data are represented
as mean + SEM.
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modulated by multi-level regulatory activities, offering novel in-
sights into the molecular mechanisms underlying aging and
identifying potential therapeutic targets for age-related diseases.
Also, the drug sensitivity analysis prioritized several FDA-
approved drugs, including axitinib, crizotinib, dacarbazine, and
vincristine, as promising treatments targeting the two TFs for
Cluster2 patients.

In conclusion, we established a novel prognostic model and
identified two distinct molecular subtypes with well-defined
multi-omics features in GC through a comprehensive analysis
of aging-associated patterns. Our regulatory network analysis
pinpointed two potential druggable targets that may support
individualized therapies for GC patients. Additionally, the
shared prognostic model and molecular subtype classifier
(https://jli-bioinfo.shinyapps.io/AAI_Aging/) provide a resource
for exploring aging-related features in other datasets. We believe
our comprehensive analysis lays the groundwork for the devel-
opment of more personalized, targeted treatments for GC,
informed by an enhanced understanding of the intricate connec-
tions between aging-associated processes and GC tumor het-
erogeneity. Further prospective investigations based on these
insights have significant potential to advance precision oncology
strategies for this disease.

Limitations of the study

While our study provides valuable insights, it still has several lim-
itations. Although we independently validated the AAI prognostic
model and identified GC molecular subtypes, this remains a
retrospective analysis. Validation in larger, multi-center prospec-
tive cohorts will be essential to confirm their clinical utility. Addi-
tionally, the drug sensitivity predictions based on the identified
master regulatory TFs require experimental validation in GC
cell line models to substantiate their therapeutic potential.
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Figure 6. The transcription factor regulatory network was established to identify subtype-specific potential target TF
(A) A regulatory network inference was established using the expression profiles of TF and mRNA.

(B) Univariate Cox analysis revealed two prognostically significant potential TFs.

(C) Patients with higher expression levels of SOX7 showed poorer OS (patients stratified by optional value).

(D) Patients with higher expression levels of ELK3 showed poorer OS (patients stratified by optional value). Survival curves were compared via log rank test.
(E and F) The identified TFs, (E) ELK3 and (F) SOX7 were upregulated in the Cluster2 subtype (Data are represented as mean + SEM), (G) could serve as diagnostic
biomarkers, and (H) further detected at protein expression levels in HPA database (scale bar: 200 um). The Wilcoxon test was used for comparisons between two
groups and statistical significance was indicated with asterisks: * p < 0.05, ** p < 0.01, *** p < 0.001; ns denotes not significant. A p value of <0.05 was considered
statistically significant.
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Figure 7. Drug sensitivity analysis evaluating the predictive values of the two identified TFs
(A) The heatmap showed the correlations between the drug sensitivity scores and the TF expression levels.
(B and C) The drug sensitivity analysis of (B) ELK3 and (C) SOX7.

(D) The correlations between the two TFs and drug sensitivity scores.
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Figure 8. Overview of aging-associated molecular subtypes of GC
We identified two molecular subtypes utilizing aging-associated patterns in GC, and the clinical differences, multi-omics characteristics, and immune infiltration
of the two subtypes were comprehensively explored.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

TCGA-STAD TCGA https://xenabrowser.net/datapages/

GSE62254 Gene Expression Omnibus (GEO) https://www.ncbi.nim.nih.gov/geo/query/
acc.cgi?acc=GSE62254

GSE26899 Gene Expression Omnibus (GEO) https://www.ncbi.nIm.nih.gov/geo/query/
acc.cgi?acc=GSE26899

GSE163558 Gene Expression Omnibus (GEO) https://www.ncbi.nim.nih.gov/geo/query/
acc.cgi?acc=GSE163558

IMvigor210CoreBiologies GitHub https://github.com/SiYangming/
IMvigor210CoreBiologies

Cancer Therapeutics Response Portal CellMinerCDB https://discover.nci.nih.gov/rsconnect/
cellminercdb/

Structural diagrams of the molecules of chEMBL https://www.ebi.ac.uk/

drugs

Aging-related genes Aging Altas https://ngdc.cncb.ac.cn/aging/index

EMT signature genes dbEMT https://bioinfo-minzhao.org/dbemt/

Protein levels of SOX7 and ELK3

The Human Protein Atlas

dbemt1/index.html

https://www.proteinatlas.org/

Transcription factors AnimalTFDB http://bioinfo.life.hust.edu.cn/
AnimalTFDB4/

Software and algorithms

TCGAmutations GitHub https://github.com/PoisonAlien/
TCGAmutations

AnnoProbe CRAN https://cran.r-project.org/web/packages/
AnnoProbe/

Seurat 4.4.0 GitHub https://github.com/satijalab/seurat/
releases/tag/v4.4.0

survival CRAN https://cran.r-project.org/web/packages/
survival/

glmnet CRAN https://cran.r-project.org/web/packages/

consensusClusterplus

cluster

NbClust

randomForest

limma

RTN

RedeR

estimate

Bioconductor

CRAN

CRAN

CRAN

Bioconductor

Bioconductor

Bioconductor

MD Anderson

glmnet/

https://bioconductor.org/packages/
release/bioc/html/ConsensusClusterPlus.
html

https://cran.r-project.org/web/packages/
cluster/

https://cran.r-project.org/web/packages/
NbClust/

https://cran.r-project.org/web/packages/
randomForest/

https://www.bioconductor.org/packages/
release/bioc/html/limma.html

https://www.bioconductor.org/packages/
release/bioc/html/RTN.html

https://www.bioconductor.org/packages/
release/bioc/html/RedeR.html

https://r-forge.r-project.org/projects/
estimate/
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REAGENT or RESOURCE SOURCE IDENTIFIER

MCPcounter GitHub https://github.com/ebecht/MCPcounter

HTSanalyzeR2 GitHub https://github.com/CityUHK-CompBio/
HTSanalyzeR2

clusterProfiler Bioconductor https://bioconductor.org/packages/
clusterProfiler

impute Bioconductor https://bioconductor.org/packages/
release/bioc/html/impute.html

pROC CRAN https://cran.r-project.org/web/packages/
pROC/

survminer CRAN https://cran.r-project.org/web/packages/
survminer/

R version 4.1.3 R software https://www.r-project.org/

METHOD DETAILS

Data collection and pre-processing

For the discovery dataset, we acquired TCGA-STAD gene expression profiles, DNA methylation array, copy humber alteration and
clinical information from the University of California Santa Cruz (UCSC) database.®” Gene expression profiles were then converted to
transcripts per million (TPM) and log2-transformed, yielding data from 195 GC patients. Somatic mutation data for the TCGA-STAD
dataset was acquired using the R package ‘TCGAmutations’.*® Processed microarray gene expression profiles and clinical informa-
tion for two validation datasets (GSE62254 and GSE26899) were downloaded from the Gene Expression Omnibus (GEO) database.
Probe-level data was mapped to gene levels using the ‘AnnoProbe’ R package, with the highest value retained for genes with multiple
probes. For the anti-PDL1 therapy cohort from Mariathasan et al., data from 348 patients with metastatic urothelial tumours treated
with the anti-PD-L1 agent were obtained via the R package ‘IMvigor210CoreBiologies’,* followed by log2-transformation. Patients
with treatment response data and overall survival times longer than one month were selected for further analysis. Single-cell RNA
transcriptome data of seven GC patients was collected from GSE163558 and analysed using the R package “Seurat” (version
4.4.0).°

Construction and validation of aging-associated signature

We compiled a published set of 445 aging-associated genes from the Aging Atlas database for subsequent model analysis.”' Genes
with significant prognostic values (P < 0.1) were identified via univariate Cox regression analysis using the R package ‘survival’. Then,
the least absolute shrinkage and selection operator (LASSO) Cox regression method was adopted to reduce the number of
candidates with 100 times iterations using the R package ‘glmnet’.*” Genes that appeared in over 85 iterations were selected and
prioritized for the final signature panel. Eventually, a multivariate Cox regression risk model was developed using these prioritized
signature genes, and the aging-associated index (AAl) was calculated for each sample as follows:

N
AAI:Z[:1ﬁi * €

Where §; represents the coefficient retrieved from the risk model, ¢; is the expression of each candidate gene, and N is the number of
signature genes. Samples were classified into the high- and low-AAI groups based on the median AAl value, with survival differences
evaluated by Kaplan-Meier (KM) method. The clinical significance of AAl in each dataset was evaluated via the univariate Cox
regression.

Discovery and validation of molecular subtypes

The abovementioned prognostic genes were adopted for downstream clustering analysis using the R package ‘consensusCluster-
plus’,*® setting “maxK” to 5 and “clusterAlg” to “km”, while keeping other parameters as default. Silhouette analysis using the
R package ‘cluster’ was conducted to confirm the cluster consistency, and the R package ‘NbClust’** determined the optimal cluster
count. For the validation of GC molecular subtypes in other datasets, a random forest classifier was trained using the top 1,000 genes

based on median absolute deviation (MAD), and the R package ‘randomForest’*® was used to classify subtypes.

Regulatory network and master regulator analysis

We integrated the gene expression profiles of transcript factors (TFs)*® and mRNAs to construct a regulatory network. Differentially
expressed TFs between identified molecular subtypes (Benjamini-Hochberg [BH]-adjusted P < 0.001 & |log2 fold change| > 0.5) were
selected as potential regulators, while differentially expressed genes (DEGs) were identified as potential targets (BH-adjusted
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P < 0.05 &|log2 fold change| > 1) in the training dataset, using the R package ‘limma’. Z-normalized expression profiles of these po-
tential TFs and target genes were then processed with the R package ‘RTN’,*” with 1,000 permutations, bootstrap resampling, and
weak interaction filtering. Master regulator analysis was subsequently performed based on the hypergeometric test with epithelial-to-
mesenchymal transition (EMT) signature genes."® The regulatory network was visualized with the R package ‘RedeR’.*°

Estimation of tumor infiltration patterns

The ESTIMATE algorithm was employed to evaluate the immune cell content, stromal content and tumor purity scores for each GC
sample.’® The abundances of infiltrating immune and stromal cell subpopulations were estimated using the R package
‘MCPcounter’,®" with the gene expression profiles as input.

Functional enrichment analysis
The gene set enrichment analysis (GSEA) was performed using the R package ‘HTSanalyzeR2’ with 1,000 permutations.®” Analyses
of biological pathways, including the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) gene sets, were

implemented using the R package ‘clusterProfiler’.>®

Drug sensitivity analysis

Drug activity data, including investigational drugs and corresponding gene expression profiles, were downloaded from the Cancer
Therapeutics Response Portal (CTRP) through CellMinerCDB database.* Drugs lacking activity scores in over half of the GC cell
lines were excluded, and missing data was imputed by the R package ‘impute’. To investigate the predictive power of master
regulator TFs, cell lines were stratified by median drug activity scores, and the area under the curve (AUC) was calculated from
TF expressions. Moreover, a univariate linear regression model was constructed to predict drug activity scores based on TF gene
expression levels, with ANOVA tests evaluating the overall significance. A gene was significantly associated with drug sensitivity if
ANOVA P < 0.05 and AUC > 0.70 or with resistance if ANOVA P < 0.05 and AUC < 0.30.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were conducted using R software (v.4.1.3). The Wilcoxon test was used for comparisons between two groups,
while the Kruskal-Wallis test was applied for multiple groups. Receiver-operating characteristic (ROC) curve analysis was performed
using the R package ‘pROC’. Survival curves were plotted using KM analysis and compared via log-rank test, with visualizations
created by the R package ‘survminer’. Statistical significance was indicated with asterisks: * P < 0.05, ** P < 0.01, *** P < 0.001;
ns denotes Not Significant. A P-value of < 0.05 was considered statistically significant.
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