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Integrated analysis of disulfidptosis-related
immune genes signature to boost the efficacy
of prognostic prediction in gastric cancer
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Abstract

Background Gastric cancer (GC) remains a malignant tumor with high morbidity and mortality, accounting for
approximately 1,080,000 diagnosed cases and 770,000 deaths worldwide annually. Disulfidptosis, characterized by the
stress-induced abnormal accumulation of disulfide, is a recently identified form of programmed cell death. Substantial
studies have demonstrated the significant influence of immune clearance on tumor progression. Therefore, we aimed
to explore the intrinsic correlations between disulfidptosis and immune-related genes (IRGs) in GC, as well as the
potential value of disulfidptosis-related immune genes (DRIGs) as biomarkers.

Methods This study incorporated the single-cell RNA sequencing (scRNA-seq) dataset GSE183904 and transcriptome
RNA sequencing of GC from the TCGA database. Disulfidptosis-related genes (DRGs) and IRGs were derived from

the representative literature on both cell disulfidptosis and immunity. The expression and distribution of DRGs were
investigated at the single-cell level in different GC cell types. Pearson correlation analysis was used to identify the IRGs
closely related to disulfidptosis. The prognostic signature of DRIGs was established using Cox and LASSO analyses. We
then analyzed and evaluated the differences in long-term prognosis, Gene Set Enrichment Analysis (GSEA), immune
infiltration, mutation profile, CD274 expression, and response to chemotherapeutic drugs between the two groups.

A tissue array containing 63 paired GC specimens was used to verify the expression of 4 DRIGs and disulfidptosis
regulator SLCZATT through immunohistochemistry staining.

Results The scRNA-seq analysis found that SLCZAT1, SLC3A2, RPNT and NCKAPT were enriched in specific cell types
and closely related to immune infiltration. Four DIRGs (GLA, HIF-1a, VPS35 and CDC37) were successfully identified
to establish a signature to potently predict the survival time of GC patients. Patients with high risk scores generally
experienced worse prognoses and exhibited greater resistant to classical chemotherapy drugs. Furthermore, the
expression of GLA, HIF-1a, VPS35, CDC37 and SLC7A1T were elevated in GC tissues. A high expression of GLA, HIF-1a,
VPS35 or CDC37 was associated with more advanced clinical stage of GC and increased SLC7ATT expression.
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Conclusion Current study first highlights the potential value of DRIGs as biomarkers in GC. We successfully
constructed a robust model incorporating four DRIGs to accurately predict the survival time and clinicopathological

characteristics of GC patients.

Keywords Gastric cancer, Disulfidptosis, Immune infiltration, Prognostic signature, Single-cell RNA sequencing

Introduction

Gastric cancer (GC) has consistently placed among
the top five tumor burden worldwide, with the number
of new cases and deaths increasing over the past two
decades [1-6]. Due to poor dietary habits and Helico-
bacter pylori infection, China accounts for more than
40% of the global incidence and mortality of GC annu-
ally [7, 8]. Consequently, accurate prognosis prediction
and management play a crucial role in addressing this
issue, in addition to enhancing comprehensive patient
treatments [9]. Tumor-node-metastasis (TNM) stag-
ing is a widely used tool in clinical practice for predict-
ing prognosis and guiding postoperative treatment for
GC patients [10]. Multiple studies have demonstrated
that multi-gene signatures with TNM staging can effec-
tively improve the accuracy of prognosis prediction and
enable more precise postoperative therapies for patients
[11-13]. Therefore, it is necessary to develop an effec-
tive signature that can forecast the survival time and risk
stratification of GC patients, thus reducing the burden of
GC in China.

Normal cell apoptosis is crucial for the development
of organisms as it maintains the stability of the micro-
environment [14]. However, aberrant cell death can sig-
nificantly impact tumor progression [15-17]. Under
glucose deprivation, cells with high levels of SLC7A11
consumed excessive amounts of NADPH, resulting in
the accumulation of abnormal disulfides, such as cystine.
This ultimately induces cell death caused by disulfide
stress-induced actin cytoskeleton protein disulfide bond
cross-linking, cytoskeleton contraction, and stripping
from the plasma membrane. This newly identified mode
of programmed cell death is known as disulfidptosis [18].
Immune evasion in the tumor microenvironment (TME)
is regulated by a variety of immune-related genes (IRGs),
cytokines, chemokines, and metabolites [19]. This neces-
sitated the use of immune checkpoint inhibitors (ICIs)
as part of the comprehensive treatment for GC patients.
On the other hand, disulfidptosis of tumor cells may have
a certain relationship to the immune response in TME.
The signal molecules or metabolites generated by disul-
fidptosis of tumor cells may enhance the recognition of
antigen-presenting cells, thereby triggering the immune
clearance of CD8" T cells and boosting cellular immu-
nity. However, the intrinsic correlation between disul-
fidptosis and immune response in GC remains largely
unknown. Hence, we aim to explore the relationship
between disulfidptosis-related genes (DRGs) and IRGs

through bioinformatics analysis. Moreover, the establish-
ment of disulfidptosis-related immune genes (DRIGs)
signature is critical for risk stratification and developing
individualized treatment strategies for GC patients.

In this study, we examined the expression and distribu-
tion of four DRGs at single-cell level in GC. Then, four
DIRGs (GLA, HIF-1a, VPS35 and CDC37) were suc-
cessfully identified to construct a signature that potent
predictive value for the prognosis of GC patients. The
intrinsic regulatory network between GLA, HIF-Ia,
VPS35, CDC37 and disulfidptosis was further elaborated
in GC. In addition, GLA, HIF-1a, VPS35, CDC37 and the
key regulator of disulfidptosis, SLC7A11, were detected
in the tissue array of GC. The constructed signature using
these four DRIGs accurately predicted the survival time
and clinicopathological characteristics of GC patients.

Materials and methods

Tissue specimen

The tissue array containing 63 paired GC tissues and the
corresponding adjacent tissues was gathered from the
Department of General Surgery, Peking Union Medi-
cal College Hospital (PUMCH) from September 2021 to
December 2022. The dissected tissues were fully soaked
and fixed in liquid formaldehyde and embedded in par-
affin within one week to ensure long-term preservation
and subsequent immunohistochemical staining. Prior to
tissue sample collection, all patients provided informed
consent. This project was approved by the Ethics Com-
mittee of the PUMCH (Reference number: K1447).

Data collection

The single-cell RNA sequencing (scRNA-seq) dataset
GSE183904 was obtained from the GEO database [20].
All 18 GC samples from this dataset were included. The
TCGA data containing the TPM (Transcripts Per Mil-
lion) profile, count data matrix, somatic mutation data,
survival data and clinical information of GC patients
were acquired from UCSC Xena (https://xenabrowser.
net/datapages/) [21]. The data was re-annotated using
with Gene Symbol before further analysis using the
annotation file (gencode.v22.annotation.gene.probe-
Map). Subsequently, we extracted the clinical data of the
corresponding patients and retained GC patients with
complete prognostic information to establish a prog-
nostic signature. Finally, the GSE62254 dataset contain-
ing 300 samples and the intact clinical information was
used to validate the accuracy of the disulfidptosis-related
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immune genes signature in the prognostic prediction of
GC patients [22].

Quality control, cluster analysis and cell type annotation of
scRNA-seq

The detailed steps of quality control of scRNA-seq are as
follows: (1) The Seurat object for this analysis was created
by using the Seurat (version 4.0) R package imported the
GSE183904 [20]. Single-cell data filtering was performed
using the following criteria: cells were retained if they
had a number of detected RNA features (nFeature_RNA)
greater than 100 and less than 5000, as well as a per-
centage of mitochondrial genes (percent.mito) less than
20%. Cells meeting these criteria (nFeature_ RNA >100 &
nFeature_ RNA <5000 & percent.mito <20) were included
in the subsequent analysis. In total, 83,371 cells met these
filtering criteria and were used for further analysis. (2)
scRNA-seq dataset is standardized by the ‘Normalize-
Data’ function. (3) Variable counts were determined by
invoking the ‘FindVariableFeatures’ function, which iden-
tified 3000 variable counts in the dataset. (4) The data
was then scaled using the ‘ScaleData’ function and princi-
pal component analysis (PCA) was performed to identify
significant principal components. The ‘ElbowPlot’ func-
tion with variable genes as input was used to determine
the top 20 principal components, which were selected
for the subsequent uniform manifold approximation and
projection (UMAP) analysis (dims=20). The ‘FindClus-
ters’ function is used for cell clustering. Additionally, the
ScType software was utilized to annotate cell types and
identify differential marker genes between cell popula-
tions [23]. The ‘FindAllMarkers’ function was used to
compare the gene expression between different cell types
using the Wilcoxon rank-sum test to identify differential
genes between cell types.

KEGG and GO enrichment analysis

KEGG is a widely used database for storing data on
genomes, biological pathways, diseases and drugs [24].
Gene Ontology (GO) enrichment is also employed to
investigate differentially expressed DIRGs from large-
scale functional enrichment at levels of biological pro-
cess, molecular function and cellular component [25]. p
value<0.05 was considered statistically significant, and
the enrichment results are further visualized using bub-
ble plots.

Construction of a prognostic signature

In our research focused on gastric cancer samples with
complete survival data, we developed a prognostic model
using gene expression profiles. Employing a combination
of analytical methods including univariate Cox regres-
sion, the Least Absolute Shrinkage and Selection Opera-
tor (LASSO), and multivariate Cox regression analysis,
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we identified significant genes from a set of DIRGs. This
meticulous approach allowed us to construct a prognos-
tic model for patients with gastric cancer. The calculation
of the risk score, a key component of our model, pro-
ceeded as follows:

riskScore = ZéCoef (gene;) * Expression (gene;)
K3

Coef (gene,), expression (gene;) and n represent the coef-
ficient, the expression of each gene and the number of
genes, respectively.

Construction of a predictive nomogram

The integration of risk scores and clinicopathological
characteristics was accomplished using the RMS package
(version 5.1-4), facilitating the creation of a nomogram
and calibration curve. This calibration curve served to
assess the congruence between predicted survival prob-
abilities and actual outcomes, with the ideal predictive
accuracy depicted by a 45° line.Following this, the sur-
vival package was employed to construct a forest plot,
enabling a visual examination of the influence exerted
by each clinicopathological feature and risk score on the
prognosis.

Estimation of immune cell infiltration

CIBERSORTX is an analytical tool designed to assess the
infiltration of immune cells [26]. The estimation of pre-
sumed immune cell abundance was carried out through
a reference dataset comprising 22 immune cell subtypes,
utilizing 1000 permutations for accuracy. This process,
when paired with the LM22 characteristic gene matrix,
allowed for the filtration of samples exhibiting a p-value
of less than 0.05, thereby acquiring the immune cell infil-
tration matrix. Subsequently, only data showcasing an
immune cell enrichment fraction above zero were pre-
served to finalize the immune cell infiltration matrix.
Pearson correlation analysis was then applied to explore
the association between the infiltrating immune cells and
genes within the disulfideptosis-related immune gene
signature.

Construction of an online tool for survival probability of
GC patients

A web server featuring a dynamic nomogram was devel-
oped to predict the survival probability of GC patients.
This interactive tool was created using the “DynNom”
and “Shiny” packages in R, leveraging the capabili-
ties of the Shiny web platform (https://www.shinyapps.
io/). Comprehensive user manuals detailing the server’s
operation, output result interpretation, and application of
findings to specific scenarios are available in Supplemen-
tary File S1.
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Analysis of somatic mutations and chemosensitivity

The somatic mutation data of TCGA-STAD were
acquired utilizing the ‘TCGAbiolinks” R package [27].
Subsequently, the data were formatted into a Mutation
Annotation Format (MAF) file and examined using the
‘maftools’ R package. The analysis of chemosensitivity
was conducted in accordance with the methodology out-
lined in an earlier study [11].

Immunohistochemistry (IHC)

The procedures of conducting IHC were consistent with
the previous publications [28, 29]. The primary anti-
bodies used for the IHC staining were VPS35 (Abcam,
ab157220), HIF-la (Abcam, ab92498), GLA (Abcam,
ab168341), CDC37 (Abcam, ab108305) and SLC7A1l
(Abcam, ab175186). The dilution ratio of each primary
antibody and the detailed condition of the correspond-
ing antigen repair were under the manufacturer’s instruc-
tions. Two random fields of each tissue sample were
observed under the 40x objective lens. Then, Image-
Pro Plus software was used to assess the expression of
each protein using the integrated optical density (IOD)
method consisting of staining area and intensity. The final
IOD value for each tissue sample was obtained by sum-
ming the IOD values from the two random fields.

Statistics analysis

All data calculations and statistical analyses were per-
formed using R (version 4.1). Statistical significance
for the analysis of transcriptome RNA sequencing
and scRNA-seq data was set at p value<0.05 or adj. p
value<0.05.
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Fig. 1 The analysis flow of this study
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Results

Expression and mutation profile of disulfidptosis-related
genes (DRGs) in GC

The flow chart listed the detailed procedures to excavate
the values of DRIGs in this study, based on quality con-
trol and identification of cell subtypes using single-cell
data from GC, analyzing the characterization of immune
cell-specific genes within the GC microenvironment,
correlating them with DRGs, filtering for DRIGs, further
selecting genes associated with GC prognosis, construct-
ing a predictive model and validating it using exter-
nal datasets ACRG and PUMCH (Fig. 1). First, the four
DRGs were identified and obtained from the previous
literature [18, 30]. The expression of SLC7A11, SLC3A2,
RPNI and NCKAP1 were found to be upregulated in the
tumor tissues compared with that in the corresponding
normal tissues from the TCGA data (Fig. 2A). The muta-
tion profile of these four DRGs was detected in the GC
samples. Among the four genes, SLC7A11, RPNI and
NCKAPI exhibited minimal alterations, whereas SLC342
showed a higher mutation rate in the 431 GC samples
(Fig. 2B). Further correlation analysis of expression lev-
els in GC samples confirmed the synergistic effects of
the four DRGs in disulfidptosis (Fig. 2C). Additionally,
the correlation between the DRGs and immune cells was
examined. NCKAPI showed predominantly positive cor-
relations with M2 macrophages, while displaying nega-
tive correlations to regulatory T cells. RPN1, SLC3A2
and SLC7A11 were found to positively activate mast cells,
whereas RPNI and SLC3A2 were negative correlations to
memory B cells. And SLC7A11 was negative correlations
to regulatory T cells (Fig. 2D).
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Altered in 39 (9.05%) of 431 samples.
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Fig. 2 The expression of disulfidptosis-related genes in gastric cancer (GC). A Violin plots of SLC7A11, SLC3A2, RPNT and NCKAP1 expression in GC and
adjacent normal tissues from the TCGA. B Mutation profile of SLC7A11, SLC3A2, RPN1 and NCKAP1 in 431 GC patients from the TCGA. C Correlation of
SLC7A11,SLC3A2, RPNT and NCKAP1 expression. D Correlation between SLC7A11, SLC3A2, RPNT and NCKAP1 and immune cell infiltration. E The expres-
sion of SLC7A11 in 63 paired GC and adjacent normal tissues. F The IHC of SLC7A11 in GC and adjacent normal tissues (scale bar: 50 ym and 20 um).

Student’s t-test was used to determine statistical significance: ***p <0.001

To validate the expression of SLC7A11 in GC tissues,
a tissue array containing 63 paired samples was uti-
lized. SLC7A11, known to play a role in the ferropto-
sis process and chemoresistance in various tumors [31,
32]. As shown in Fig. 2E, the IOD of IHC revealed that
SLC7A11 was significantly increased in the GC tissues.
The representative images of IHC showed that SLC7A11
was elevated in the GC tissues and mainly located in the
cytoplasm (Fig. 2F). The correlation between SLC7A11
expression and clinicopathological characteristics
revealed that higher expression of SLC7A11 was found

to be associated with worse T stage, N stage, and AJCC
stage in GC patients from the PUMCH cohort (Table 1).

The distribution and expression of four DRGs in GC at
single-cell level

To explore the DRGs in GC at the single-cell level,
scRNA-seq data was obtained from the GSE183904
dataset. First, the data was screened with quality control
through detected gene numbers, the depth of sequenc-
ing, and the gene ratio of mitochondrial and hemoglo-
bin in each specimen (Figures S1A and S1B). Following
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Table 1 Relationship between clinicopathological characteristics and expression of VPS35, HIF-1a, GLA, CDC37 and SLC7AT11 in gastric

cancer (n=63)

Expression of VPS35  Expression of HIF-1a  Expression of GLA Expression of CDC37  Expression of
SLC7A11

High Low High Low High Low High Low High Low

(n=32) (n=31) (n=32) (n=31) (n=32) (n=31) (n=32) (n=31) (n=32) (n=31)
Gender
Male 19 23 20 22 22 20 22 20 19 23
Female 13 8 12 9 10 1 10 11 13 8
Age (years)
<55 5 8 6 7 4 9 6 7 4 9
>55 27 23 26 24 28 22 26 24 28 22
Tumor location
Fundus 7 6 6 7 8 5 7 6 8 5
Body 12 15 16 M 1 16 15 12 15 12
Antrum 13 10 10 13 13 10 10 13 9 14
Tumor size (cm)
<3 17 25 17 25 18 24 19 23 18 24
>3 15 6* 15 6* 14 7 13 8 14 7
Tumor T stage
142 20 24 20 24 16 28 21 23 18 26
3+4 12 7 12 7 16 Rt M 8 14 5%
Tumor N stage
0 15 19 13 21 13 21 10 24 13 21
14+2+3 17 12 19 10* 19 10* 22 T**¥ 19 10%
AJCC stage
[+ 21 27 20 28 21 27 20 28 21 27
Il 11 4* 12 3 11 4* 12 3 11 4*
Differentiation
Well-moderately 11 8 8 1 10 9 1 8 9 10
Poorly 21 23 24 20 22 22 21 23 23 21

Statistical significance was determined by the chi-square test. (*»<0.05, **p<0.01)

data normalization, 3000 variable genes were chosen to
further analysis (Figure S1C). PCA analysis was used to
reduce dimensionality and visualize the data, and the top
30 principal components (PCs) were selected as the input
for UMAP analysis (Figure S1D).

Subsequently, UMAP dimensionality reduction
resulted in the classification of cells into 37 clusters
(Fig. 3A). These 37 clusters were classified into 20 cell
types by using SingleR (basophils, CD8* NKT -like
cells, endothelial, ENS glia, goblet cells, ISG expressing
immune cells, macrophages, memory B cells, memory
CD8* T cells, mesothelial cells, MUC13_DMBT1 posi-
tive cells, myeloid dendritic cells, naive B cells, naive
CD4* T cells, naive CD8" T cells, neuroendocrine cells,
non—classical monocytes, plasma B cells, stromal cells
and vascular endothelial cells) (Fig. 3A). Additionally, the
specific number and the proportion of each cell type in
each GC specimen were calculated (Fig. 3B). The heat-
map presented the top 5 marker genes of each cell type
(Fig. 3C), while the bubble diagram presented the top
2 marker genes in each cell type (Fig. 3D). The UMAP

distribution presented the most representative marker
gene for each cell type (Figure S2).

Examining the single-cell expression profiles of
SLC7A11, SLC3A2, RPN1 and NCKAPI in GC, as
depicted in UMAP distribution (Fig. 4A) and violin plots
(Fig. 4B), revealed a prevalent disulfidptosis signature.
Each cell’s disulfidptosis score, derived from the expres-
sion of the four DRGs using the ‘AUCell’ function, was
effectively illustrated in the UMAP distribution (Fig. 4C)
and visually represented for each cell type through vio-
lin plots (Fig. 4D). Of particular note is the heightened
disulfidptosis score observed in plasma B cells at the
single-cell level. This observation suggests the poten-
tial significance of plasma B cells within the gastric can-
cer tumor microenvironment. These results contribute
valuable insights into the distribution and relevance of
disulfidptosis across diverse cell types, enriching our
understanding of its role in GC.

Screening of differentially expressed DRIGs in GC
To reveal the intrinsic correlations between IRGs and
DRGs, a total of 474 differentially expressed DRIGs (459
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upregulated DRIGs and 15 downregulated DRIGs) were
screened out in GC via the criteria of p<0.05 and Log,
(fold change)>1 (Fig. 5A). These DRIGs exhibited enrich-
ment in the establishment of protein localization to
organelle in biological process, pigment granule in cellu-
lar component, cadherin binding in molecular function,
viral carcinogenesis and cGMP-PKG signaling pathway
to aggravate the progression of GC through using GO
and KEGG analysis (Fig. 5B and C; Table 2). Then, uni-
variate Cox and LASSO analyses were utilized to filter
the prominent DRIGs from 474 differentially expressed
DRIGs for the prognosis of GC patients (Fig. 5D and E).

GLA, HIF-1a, VPS35 and CDC37 were successfully iden-
tified from 474 differentially expressed DRIGs to forecast
the survival time of GC patients by using the abovemen-
tioned methods.

Construction and validation of the DRIG signature

The formulation of the risk score formula and calcula-
tion of gene coefficients were performed using multi-
variate Cox analysis. The formula to score GC patients
was obtained as follows: Risk score = (-0.25455 x GLA)
+ (0.29278 x HIF-1a) + (0.62703 x VPS35) + (-0.52510 x
CDC37). Then, patients were classified into high-risk and
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low-risk groups based on the median value of all patients’
risk scores.

As shown in Fig. 6A and B, the proportion of death
was higher in the GC patients with high risk scores. The
heatmap displayed the expression of four DRIGs in two
groups, in which HIF-1a and VPS35 were increased in
the high-risk group while GLA and CDC37 were elevated

in the low-risk group (Fig. 6C). In addition, KM analy-
sis showed that patients with high scores had shorter
survival times compared with patients with low scores
(Fig. 6D). The risk signature was then utilized to predict
the survival probability of GC patients. The accuracy of
signature in predicting the 1-, 3-, and 5-year probability
was 0.686, 0.647 and 0.632 in GC patients, respectively
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Table 2 The GO and KEGG enrichment analysis of disulfidptosis-related immune genes

Ontology ID Description GeneRatio BgRatio p value p.adjust
BP GO:0006457 protein folding 42/399 212/18,800 1.13e-28 449e-25
BP GO:0072594 establishment of protein localization to organelle 46/399 431/18,800 1.3e-19 2.6e-16
BP GO:0061077 chaperone-mediated protein folding 20/399 70/18,800 1.31e-17 1.75e-14
CcC G0:0042470 melanosome 28/408 109/19,594 5.77e-23 1.48e-20
CcC G0:0048770 pigment granule 28/408 109/19,594 5.77e-23 1.48e-20
CcC GO:0140534 endoplasmic reticulum protein-containing complex 24/408 125/19,594 1.06e-16 1.8e-14
MF GO:0051082 unfolded protein binding 29/407 121/18,410 4.18e-22 2.58e-19
MF GO:004529% cadherin binding 42/407 333/18410 4.67e-20 1.07e-17
MF GO:0044389 ubiquitin-like protein ligase binding 41/407 317/18410 521e-20 1.07e-17
KEGG hsa05203 Viral carcinogenesis 17/259 204/8164 0.0003 0.0046
KEGG hsa05120 Epithelial cell signaling in Helicobacter pylori infection 9/259 70/8164 0.0003 0.0055
KEGG hsa01230 Biosynthesis of amino acids 9/259 75/8164 0.0006 0.0087
KEGG hsa04612 Antigen processing and presentation 9/259 78/8164 0.0008 0.0110
KEGG hsa04022 cGMP-PKG signaling pathway 14/259 167/8164 0.0008 00114
KEGG hsa00010 Glycolysis / Gluconeogenesis 8/259 67/8164 0.0012 0.0136
KEGG hsa04666 Fc gamma R-mediated phagocytosis 9/259 97/8164 0.0035 0.0347
KEGG hsa04140 Autophagy - animal 11/259 141/8164 0.0051 0.0452
KEGG hsa04137 Mitophagy - animal 7/259 72/8164 0.0076 0.0614
KEGG hsa04066 HIF-1 signaling pathway 9/259 109/8164 0.0076 0.0614
KEGG hsa04210 Apoptosis 10/259 136/8164 0.0111 0.0780
KEGG hsa05205 Proteoglycans in cancer 13/259 205/8164 0.0134 0.0918
KEGG hsa00030 Pentose phosphate pathway 4/259 30/8164 0.0142 0.0947

(Fig. 6E). A nomogram consisting of a risk model and
various clinicopathological features was successfully
established to accurately forecast the survival time of
GC patients (Fig. 6F). The calibration curve was used to
verify the validity and accuracy of the nomogram for the
predictive probability of 1-, 3- and 5-year in GC patients
(Fig. 6G). Further, a webserver (https://pumc.shinyapps.
io/GastricCancer/) was constructed to make full use of
the nomogram in prognostic prediction for GC patients.
The quick response code provided a convenient entrance
using the online tool in clinical practice for physicians
(Fig. 6H). For the stringency of the study, the Asian Can-
cer Research Group cohort (GSE62254) was utilized to
validate the clinical values of the signature. The signature
not only well distinguished the overall survival (OS) and
disease-free survival (DFS) between the two groups, but
also accurately predicted the 1-, 3- and 5-year OS and
DES of GC patients (Fig. 61 and J). In summary, we pre-
liminarily investigated and validated the potential use of
DRIGs in predicting prognosis of GC patients in clinical
translation.

Gene Set Enrichment Analysis (GSEA) and immune cell
infiltration in two groups

The discrepancy in survival time between high-risk and
the low-risk groups suggests a significant heterogeneity
of the genome in the two groups. To further investigate
the underlying mechanisms contributing to this hetero-
geneity, GSEA analysis was used to further explore the

gaps in underlying mechanisms between the two groups.
As shown in Fig. 7A, multiple classical signaling pathways
of tumors were involved in the high-risk group, including
the activation of oxidative phosphorylation, antigen pro-
cessing and presentation, DNA replication and cell cycle
and inhibition of focal adhesion, calcium signaling path-
way, adherens junction, Wnt signaling pathway, pathways
in cancer, MAPK pathway, PPAR pathway, TGF beta
pathway, mTOR pathway, Toll-like receptor pathway,
JAK-STAT pathway and P53 pathway. The involvement of
these signaling pathways resulted in the exacerbation of
GC progression. In addition, the correlation between risk
score and immune cell infiltration was also evaluated. The
result revealed that risk score was positively correlated to
the activation of dendritic cells and resting of mast cells,
while negatively related to the plasma cells, CD8" T cells
and regulatory T cells (Fig. 7B). Furthermore, the cor-
relation between 4 DRIGs and immune cell infiltration
was also investigated. As shown in Fig. 7C, CDC37 was
positively correlated to the activation of mast cells, MO
and M1 macrophages. GLA was positively correlated to
the activation of memory CD4* T cells while negatively
related to memory B cells, HIF-1a was positively related
to the activation of memory CD4* T cells while nega-
tively correlated to the activation of NK cells, VPS35 was
negatively related to regulatory T cells while positively
correlated to the activation of memory CD4* T cells and
M2 macrophages. The data revealed that the 4 DIRGs
(CDC37, GLA, HIF-1a and VPS35) that constructed the
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risk signature profoundly regulated the immune micro-
environment of GC.

Somatic mutation profile of 4 DIRGs and two groups

First, the mutation of CDC37, GLA, HIF-1a and VPS35
was investigated in the 431 GC specimens. The results
indicated that 4 DIRGs were generally stable in GC and
only 5.1% of samples exhibiting mutations in CDC37,
GLA, HIF-1a and VPS35 (Fig. 8A). The results of somatic
mutation in 431 GC specimens revealed that TTN, TP53,
MUCI6, ARIDIA, LRP1B, CSMD3, SYNEI, FAT4, FLG
and PCLO were among the top 10 genes with the high-
est mutation frequencies (Fig. 8B). Then, the mutation
profile in the two groups was also detected. TTN, TP53,
MUCI16, ARIDIA, LRP1B, CSMD3 and SYNEI were the
most frequently mutated genes in both groups. How-
ever, PIK3CA, OBSCN and PCLO were the three most
frequently mutated genes in the low-risk group (Fig. 8C),
while SPTA1, FAT4 and FLG were the frequently mutated
genes in the high-risk group (Fig. 8D).

The clinical application of risk signature in GC

A cruel situation is that about 80% of hospitalized
patients were initially diagnosed with locally advanced
or metastatic GC in China [8, 33]. This phenomenon
required postoperative chemotherapy and immunother-
apy in treatment for GC patients. Therefore, we explored
the relationship between 4 DIRGs and CD274 expres-
sion, as well as the response to classical chemotherapy
drugs of GC in the two groups. As shown in Fig. 9A, the
expression of CD274 was usually consistently elevated in
parallel with the increased expression of CDC37, GLA,
HIF-1a and VPS35 in GC. This phenomenon indirectly
reflected that 4 DRIGs may be associated to the immune
evasion of GC cells. In addition, patients with higher risk
scores were generally more resistant to 5—Fluorouracil,
docetaxel, erlotinib, methotrexate and paclitaxel treat-
ments in GC (Fig. 9B). These findings highlight a poten-
tial risk signature in guiding therapy selection for GC
patients in the future.

Validation of 4 DIRGs in GC using PUMCH cohort

The PUMCH cohort were then used to validate the
expression of CDC37, GLA, HIF-1a and VPS35, as well
as their relationships to SLC7A11 and clinicopathological
characteristics in GC for the abovementioned multiple
explorations in bioinformatics results. The expression
of CDC37, GLA, HIF-1a and VPS35 was detected in the
tissue array by IHC staining. The results of IHC demon-
strated that the expression of CDC37, GLA, HIF-1a and
VPS35 was upregulated in the tumor tissues compared
with corresponding normal tissues (Fig. 10A and B).
Additionally, separate IHC staining of the same GC tissue
demonstrated that the expression of SLC7A11 increased
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with elevated level of CDC37, GLA, HIF-1a or VPS35
(Fig. 10C). Analysis of data from 63 GC tissues showed
a positive correlation between CDC37, GLA, HIF-1a,
VPS35 and SLC7A11 (Fig. 10D). Furthermore, patients
with higher expressions of VPS35 and HIF-1a frequently
associated with larger tumor size; while higher expres-
sion of GLA was indicative of worse T stage, N stage and
AJCC stage. Increased expressions of CDC37 and HIF-1«
often predicted worse N stage and advanced clinical stage
of GC (Table 1). The close relationships between the 4
DIRGs and clinicopathological characteristics further
support the validity and accuracy of the disulfidptosis-
related immune genes signature in predicting the survival
time of GC patients.

Discussion

Due to the environment, diet and Helicobacter pylori
infection, China has always been a region with a high
incidence of GC, as well as the low penetration rate in
early screening of GC, about 80% of patients are in the
advanced stage at the time of diagnosis, which also leads
to a high mortality of GC in China [8, 34]. This phenom-
enon warranted subgroup classification of patients and
selection of postoperative adjuvant chemotherapy and
immune checkpoint inhibitors for GC treatment. There-
fore, establishing a signature for risk stratification and
long-term survival prediction of patients will be of great
benefit to improve the overall survival of patients with
GC.

The function and activation of infiltrated immune cells
in TME are influenced by various factors, such as signal
molecules or metabolites [35-37]. Disulfidptosis, a newly
discovered type of cell death caused by disulfide stress,
may be highly related to immune response in tumors
[38, 39]. Several studies have reported the relationship
between DRGs and immune cell infiltrations in TME
and the prognostic value of DRGs for patients, including
hepatocellular carcinoma [40, 41], renal cell carcinoma
[42], bladder cancer [43] and lung adenocarcinoma [38,
44]. However, the intrinsic relationship and regulatory
network between cell disulfidptosis and immune cell
activities and the prognostic value of DRGs for patients
are currently blank in GC. Hence, it is necessary to
explore the intrinsic mechanism of cell disulfidptosis and
immune functions and use DRIGs to build a robust prog-
nostic signature in GC.

The four key DRGs (SLC7A11, SLC3A2, RPNI and
NCKAPI) were found to be upregulated and highly
conserved in GC from analyzing the TCGA data. Fur-
thermore, the close relationship between DRGs and the
activities of various immune cells indicated the exis-
tence of a potential regulatory network. scRNA-seq can
accurately evaluate the role of genes in specific cell types
after cell clustering, which facilitates the exploration of
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molecular mechanisms in tumorigenesis and develop-
ment [45, 46]. Hence, the distribution and expression of
DRGs were investigated in GC at the single-cell level after
clustering the cells into 20 cell types. The results revealed
that these DRGs not only indirectly affected the immune
cells function by regulating the disulfidptosis of tumor
cells, but also potentially directly influenced immune
cell activities. Then, we performed Pearson correlation
analysis to screened out the differentially expressed IRGs
closely to the cell disulfidptosis in GC. Functional enrich-
ment analysis demonstrated that DRIGs were involved
in the regulation of various biological processes and
key signaling pathways and transduction. Four DRIGs
(CDC37, GLA, HIF-1a and VPS35) were chosen from 474

differentially expressed DRIGs to form a risk score for-
mula by LASSO and COX analysis. The formula was then
applied to 360 GC patients with integrated clinical infor-
mation and divided into two groups based on the mean
value. Survival analysis validated that the model can
effectively discriminate the long-term survival of patients
between the two groups. In addition, when the signature
was combined with TNM staging, the developed nomo-
gram overcame the limitations of TNM staging alone and
greatly improved the accuracy of prognostic prediction
for GC patients. Further, the risk signature also worked
in the prognostic prediction and effectively distinguished
the survival discrepancy of GC patients in the ACRG
cohort.
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GESA analysis was used to excavate the underlying
mechanisms between the two groups. The discrepancy in
the activation and inhibition of signal pathways explained
the discrepancy in the survival time between the two
groups at the molecular mechanism level. In addition,
high risk scores often indicated a favorable immune
microenvironment (IME) for tumor progression whereas
low risk scores meant an unfavorable IME for tumor pro-
gression. The variation in mutation profiles between the
two groups can guide treatment methods and drug selec-
tion for patients with GC. As an abovementioned phe-
nomenon, advanced-stage GC patients accounted for a
high proportion in China, making postoperative chemo-
therapy essential for these advanced-stage GC patients
[9]. In recent years, the emergence of ICIs, such as
CD274, has brought the dawn of treatment for patients,
and it was the first-line treatment for advanced-stage GC
patients [47, 48]. The signature can be used to guide the
selection of sensitive chemotherapeutic drugs and ICIs
for GC patients, thereby improving the survival time
of patients. For the rigor and accuracy of the study, we
detected the expression of GLA, HIF-1a, VPS35, CDC37
and SLC7A11 by IHC in 63 paired GC tissues and adja-
cent normal tissues. Consistent with the transcriptome
expression in the TCGA database, the protein expression
of GLA, HIF-1a, VPS35, CDC37 and SLC7A11 was also
significantly increased in GC tissues. Furthermore, the
expression of GLA, HIF-1a, VPS35, CDC37 and SLC7A11
was closely associated with the clinicopathological char-
acteristics of GC patients. Moreover, the positive correla-
tions among GLA, HIF-1a, VPS35, CDC37 and SLC7A11
in the GC tissues were also validated. Next, in vivo and in
vitro experiments and exploration of molecular mecha-
nisms between immune infiltration and cell disulfidptosis
in GC need to be gradually implemented.

Conclusions

In summary, our study successfully elucidated the poten-
tial of DRIGs as biomarkers in GC and developed a sig-
nature consisting of four DRIGs that effectively predicts
patient prognosis and clinicopathological characteristics.
The findings of this study have significant implications
for guiding the understanding of immune infiltration
and cell disulfidptosis in GC and informing the selection
of chemotherapy drugs and ICIs for future patient treat-
ment strategies.
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