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Background: Gastric cancer (GC) is the third most frequent malignant tumour in the
Chinese population, let alone the whole world. Recently, most prognostic models have
only focused on the levels of several genes, miRNAs, IncRNAs, gene mutations, or DNA
methylation; however, the activation status of biological pathways is more stable and can
reflect the comprehensive inner conditions of tumours.

Methods: We collected samples from the Cancer Genome Atlas Stomach Adenocarcinoma
(TCGA-STAD) cohort and GSE62254 cohort, with a total of 594 patients. We employed
GSEA to first compare the diverse activated signalling pathways between dead GC patients
and living patients. The least absolute shrinkage and selection operator (LASSO) regression
analysis was subsequently performed by the “glmnet” package to generate a prognostic
signature.

Results: We extracted a total of 218 genes from the KEGG Focal Adhesion and KEGG
ECM Receptor Interaction pathways, which showed significant activation in dead GC
patients in two enrolled cohorts, for subsequent LASSO analysis. In the TCGA-STAD
cohort, patients in the high-risk group faced a significantly poorer prognosis than those in
the low-risk group (P < 0.001, HR: 4.62, 95% CI: 3.447-6.183), with an AUC of 0.694. In
the GSE62254 cohort, the HR value was 4.94 (95% CI: 3.413-7.165), and the AUC value
was as high as 0.834. A high-risk score and poor prognosis correlated with infiltrated
dendritic cells, and the receptor of IFN-a was also positively linked with the risk score, as
well as poor prognosis. GC patients with high-risk scores were more likely to respond to
CTLA4 treatment but not PD1 treatment.

Conclusion: Taken together, we established and verified an extracellular matrix prognostic
model of gastric cancer patients. The model can be used to evaluate the risk of death of GC
patients, as well as the response to anti-CTLA4 immunotherapy.
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Introduction

In summary, gastric cancer (GC) is the 6th leading cause of cancer morbidity and
the 5th leading cause of cancer-specific mortality.! Additionally, GC is the third
most frequent malignant tumour in Chinese men and fourth most frequent in
Chinese women in recent decades.” The clinical symptoms of GC are frequently
confused with benign gastric disease, including indigestion, heartburn, loss of
appetite, and bloating of the stomach after meals; therefore, more than 60% of
GC patients are diagnosed only at an advanced tumour stage, which limits clinical
treatment.” Clinical treatment with surgery, radiotherapy, or chemotherapy cannot
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provide satisfactory effectiveness for GC patients, and the
S-year survival rate of GC is less than 30% due to
advanced metastatic tumours or resistance to radio-/
chemotherapy.*> Moreover, GC is a heterogeneous cancer,
and several genes and biological pathways alter the pro-
cess of tumorigenesis. Therefore, it is necessary to con-
struct a stable biological pathway-based prediction model
to lead to diagnosis and prognosis prediction for clinical
work.

Several studies have already reported the activation of
diverse biological processes via experimental results or
bioinformatic analysis. Yeon et al® reported that the miR-
181b-5p/CAGE/S1PR1 axis can alter autophagic flux,
resulting in enhanced sensitivity to anticancer drugs.
Wang et al’ revealed that cisplatin resistance was trans-
mitted by the exosomal IncRNA HOTTIP, which targets
the miR-218/HMGAI1 axis in cisplatin-sensitive cells.
Other studies also illustrated a prognostic model for GC
patients. Wang et al® revealed that early B cell factors are
prognostic biomarkers for GC patients, and 5-fluorouracil,
methotrexate, and vorinostat are suitable to inhibit the
function of early B cell factors and suppress the process
of tumorigenesis. Li et al’ developed a prognostic model,
IDOScore, based on the expression levels of TAP2,
SERPINBS, LTBP1 and LAMCI. IDOScore inversely
reflects the response to immunotherapy in GC patients
and acts as a harmful prognostic factor.

Recently, most prognostic models have only focused
on the levels of several genes, miRNAs, IncRNAs, gene
mutations, or DNA methylation; however, the activation
status of biological pathways is more stable and can reflect
the comprehensive inner condition of tumours. In the
current study, we first identified the most highly activated
pathways in two datasets of GC patients and further con-
structed a prognostic model based on the hub genes in the
pathways to establish a stable prognostic model for GC
patients.

Methods

Summary of Patients

We collected samples from the Cancer Genome Atlas
Stomach Adenocarcinoma cohort (TCGA-STAD cohort,
https://www.cancer.gov) and GSE62254 cohort (Gene
Expression Omnibus, http://www.ncbi.nlm.nih.gov/geo/).
The mRNA expression of the TCGA-STAD cohort was
downloaded from the Genomic Data Commons (GDC) via

the “TCGAbiolinks” package. The clinical information,

especially the overall survival (OS) time and status, was
also obtained through the “TCGAbiolinks” package. For
the GSE62254 cohort, we downloaded the original expres-
sion data and annotated the gene symbols via the corre-
sponding GPL570 platform. After the filtration of patients
with the available data for both gene expression and clin-
ical information, a total of 294 GC patients from the
TCGA-STAD cohort and 300 GC patients
GSE62254 were enrolled for subsequent analysis. The

from

immunohistochemistry slide was obtained from the
Human Protein Atlas (https://www.proteinatlas.org/).

GSEA

Gene set enrichment analysis (GSEA) is a computational
method that determines whether a set of genes shows
statistically significant differences between two groups.
We employed GSEA to first compare the diverse activated
signalling pathways between dead GC patients and living
patients in the TCGA-STAD cohort and GSE62254 cohort.
The background file of molecular signature gene sets was
downloaded from MSigDB, C2, and KEGG. Then, the
pathways that were both activated or inactivated in the
two cohorts were considered for subsequent calculation.

Removal of Batch Effects

When obtaining the gene expression profile, batch effects
will occur due to differences in nonbiological factors. To
make the gene expression profiles of the two cohorts more
similar, we used the ComBat method described in the
“sva” package to remove the batch effects between these
two cohorts.

Identification of the GC Prognostic Index
A total of 218 genes from the ECM receptor interaction
pathway and focal adhesion pathway were extracted for
the identification of the GC prognostic index (GCPI). The
least absolute shrinkage and selection operator (LASSO)
regression analysis was subsequently performed by the
“glmnet” package to generate a statistical model with
high prediction accuracy and interpretability. The LASSO
analysis selected genes, and corresponding coefficients
were used to calculate the risk score via the following
formula:

Riskscore = Y. C; X E;

i=1

where C; is the coefficient of the gene and E; is the
expression value of the corresponding gene.
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Search for Potential Therapeutic

Strategies

We obtained the gene expression profile of 47 melanoma
patients who received anti-cytotoxic T lymphocyte-asso-
ciated protein 4 (anti-CTLA4) or anti-programmed death-1
(anti-PD1) and collected the
Meanwhile, the gene expression profile and clinical

response information.

response information from another cohort were also
recorded, comprising 248 bladder cancer patients.'®"?
Submap analysis via the GenePattern platform was applied
to compare the gene expression distribution between the
defined subgroups in the current study and the responders
to immunotherapy to reveal the patients who might

respond to immunotherapy.

Statistics

All statistical analyses were conducted by R (Version:
4.0.2) using a two-sample Mann—Whitney test for contin-
uous data, which is represented as the mean + standard
deviation (SD), and Fisher’s exact test for categorical data.
A two-tailed P value less than 0.05 was considered statis-
tically significant. For survival analyses, a Kaplan—-Meier
curve was generated for survival rates of patients with
difference detection by the Log rank test. Cox regression
was used to calculate the hazard ratios (HRs) and 95%
confidence intervals (Cls) for OS. In addition, the predic-
tion efficiency of GCPI for OS was examined using ROC
analyses with the R package “pROC”."* The forest dis-
played the prognostic value of GCPI, and other features
were assessed by the function ggforest in the R package
“surviminer”. The heatmap displayed the selected genes
and clinical features performed by the R package “pheat-
map”. We reproduced the risk subtypes with the minimal
gene set in the training TCGA-STAD cohort by the ran-
dom forest (RF) algorithm via “varSelRF” R package. The
correlation between two continuous data points was eval-
uated by Pearson correlation analysis.

Results
Activation of Extracellular Matrix-

Associated Pathways in GC Patients

We first revealed the activated signalling pathways in dead
GC patients compared with living GC patients in both the
GSE62254 and TCGA-STAD datasets. With the GSEA
and a nominal P value less than 0.05, we obtained 24
pathways that were significantly activated in the
GSE62254 dataset (Figure 1A), as well as 21 pathways

in the TCGA-STAD dataset (Figure 1B). The detailed
count number, normalized enrichment score (NES) and
nominal P value are displayed in Table 1. After merging
the coactivated pathways in both the GSE62254 and
TCGA-STAD cohorts, we selected the KEGG Focal
Adhesion and KEGG ECM Receptor Interaction pathways
for subsequent analysis (Figure 1C). The detailed display
of three key pathways in these two cohorts is given in
Figure 1D and E.

Construction of the Prognostic Model for
GC Patients

We obtained the gene symbols of Focal Adhesion and
ECM Receptor Interaction pathways from KEGG. After
removing the duplicated genes, a total of 218 genes were
enrolled for the LASSO analysis. At the beginning of the
analysis, we removed the batch effect to make the selec-
tion of genes available in both cohorts. As shown via the
principal component analysis (PCA) plot, we observed
gaps between the GSE62254 and TCGA-STAD cohorts
2A)
(Figure 2B). The minimum lambda value of 0.02076 was

before removal (Figure and after removal
defined as the cut-off point to minimize the mean cross-
validated error (Figure 2C), and a total of 46 genes were
identified (Figure 2D). The expression distribution of the
46 genes and clinical features in both the GSE62254 and
TCGA-STAD cohorts are illustrated in Figure 2E. The 46
genes automatically separated into two groups, oncogenes
and tumour suppressors. Regarding the clinical features, it
was also clear that more dead patients in the high-risk
group accounted for 54.5% (P < 0.001), and the average
OS time for low-risk patients was 40.00 + 34.44 months
but sharply decreased to only 23.52 + 27.01 months
among patients with high-risk scores (P < 0.001). The
distribution of sex and age showed no difference between
these two subgroups, while more patients with advanced
tumour stage belonged to the high-risk group, such as
Stage IV (23.2% vs 13.1, P value for Chi square test:

0.004, Table 2).

The High-Risk Group Demonstrated a
Significantly Lower OS Time

To evaluate the prognostic value of these 46 genes and the
LASSO analysis integrated risk score, we employed the
K-M plot, Cox regression test and ROC curve. The prog-
nostic value of each single gene is shown in Figure SI.
The integrative risk score had wonderful prognostic value,
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Figure | Identify the most functional signalling pathways in GC. (A) The different activated pathways of dead and living GC patients in the GSE62254 cohort. (B) The
different activated pathways of dead and living GC patients in TCGA-STAD cohort. (C) The distribution of pathways activated in both cohorts in four quadrants. (D) The
GSEA plot of three selected pathways in the GSE62254 cohort. (E) The GSEA plot of three selected pathways in the TCGA-STAD cohort.

and patients were separated into high-risk and low-risk
groups based on the median value of the risk score.
Then, we observed that patients in the high-risk group
faced a significantly poorer prognosis than those in the
low-risk group (P < 0.001, HR: 4.62, 95% CI: 3.447-
6.183, Figure 3A), and the AUC value reflected the mod-
erate prognostic value of the score (AUC: 0.694, 95% CI:
0.651-0.737, Figure 3B). We also evaluated the prognostic
value in different clinical subgroups. It is promising that
the risk score can reveal the high-risk patients among all

patients in any of the clinical subgroups, including age <
65 (P <0.001), age > 65 (P <0.001), male sex (P <0.001),
female sex (P < 0.001), and stage I (P = 0.002)/II (P <
0.001)y1II (P < 0.001)/IV (P < 0.001, Figure S2).
Furthermore, we evaluated the prognostic value of the
risk score in the TCGA-STAD and GSE62254 cohorts.
Patients in the high-risk group of the TCGA-STAD cohort
had an approximately 3-fold higher risk of death than the
low-risk group, with a 95% CI of 1.794 to 5.017 (P <
0.001, Figure 3C), and an AUC value of 0.672, with a 95%

https:
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Table | Activated Pathways in Patients That Died from Gastric Cancer

Name Size NES NOM p-val
GSE62254

KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM 8l 1.801 <0.001
KEGG_DILATED_CARDIOMYOPATHY 88 1.769 <0.001
KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE 22 1.757 0.002
KEGG_CARDIAC_MUSCLE_CONTRACTION 72 1.701 0.012
KEGG_MELANOMA 71 1.669 0.004
KEGG_VASCULAR_SMOOTH_MUSCLE_CONTRACTION 106 1.652 0.006
KEGG_FOCAL_ADHESION 195 1.651 0.018
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON 209 1.646 0.004
KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_ARVC 72 1.596 0.018
KEGG_ADHERENS_JUNCTION 71 1.596 0.018
KEGG_MTOR_SIGNALING_PATHWAY 50 1.572 0.021
KEGG_CALCIUM_SIGNALING_PATHWAY 171 1.569 0.017
KEGG_ECM_RECEPTOR_INTERACTION 8l 1.546 0.028
KEGG_AXON_GUIDANCE 128 1.541 0.014
KEGG_BASAL_CELL_CARCINOMA 52 1.536 0.028
KEGG_TGF_BETA_SIGNALING_PATHWAY 8l 1.514 0.014
KEGG_GAP_JUNCTION 86 1.499 0.029
KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_ GANGLIO_SERIES 14 1.498 0.037
KEGG_INSULIN_SIGNALING_PATHWAY 134 1.439 0.03
KEGG_WNT_SIGNALING_PATHWAY 145 1.428 0.036
KEGG_PHENYLALANINE_METABOLISM 17 1.426 0.045
KEGG_TIGHT_JUNCTION 129 1.409 0.031
KEGG_MELANOGENESIS 96 1.401 0.049
KEGG_PATHWAYS_IN_CANCER 319 1.339 0.046
TCGA-STAD

KEGG_COMPLEMENT_AND_COAGULATION_CASCADES 69 1.92 0.002
KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE 22 1.801 0.011
KEGG_FOCAL_ADHESION 199 1.798 0.012
KEGG_DILATED_CARDIOMYOPATHY 90 1.782 0.017
KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM 83 1.766 0.019
KEGG_ECM_RECEPTOR_INTERACTION 84 1.75 0.026
KEGG_GAP_JUNCTION 89 1.738 0.004
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON 212 1.719 0.006
KEGG_REGULATION_OF_AUTOPHAGY 34 1.663 0.023
KEGG_AXON_GUIDANCE 128 1.658 0.006
KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION 270 1.641 0.02
KEGG_ABC_TRANSPORTERS 44 1.632 0.024
KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_ARVC 74 1.614 0.044
KEGG_CALCIUM_SIGNALING_PATHWAY 176 1.604 0.033
KEGG_GLYCOSAMINOGLYCAN_DEGRADATION 21 1.596 0.032
KEGG_MELANOGENESIS 101 1.582 0.013
KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_ GANGLIO_SERIES 15 1.581 0.036
KEGG_CIRCADIAN_RHYTHM_MAMMAL 13 1.536 0.049
KEGG_MAPK_SIGNALING_PATHWAY 265 1.503 0.03
KEGG_PATHWAYS_IN_CANCER 324 1.478 0.034
KEGG_LONG_TERM_DEPRESSION 70 1.467 0.041
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Figure 2 Constructing the prognostic index for GC patients. (A) PCA plot showing the batch effect between TCGA-STAD and GSE62254 cohorts. (B) PCA plot showing
the distribution of two cohorts after removing the batch effect. (C) The optimal tuning parameter (Lambda) in the LASSO analysis selected with the 5-fold cross-validation
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Table 2 Summary of the Clinical Features in Low-Risk and High-Risk Groups

Features Low-Risk High-Risk P value
Number 297 297
Status (n, %)
Alive 238 (80.1) 135 (45.5) <0.001
Dead 59 (19.9) 162 (54.5)
Overall survival time (months) 40.00 + 34.44 23.52 + 27.01 <0.001
Gender (n, %)
Female 103 (34.7) 99 (33.3) 0.795
Male 194 (65.3) 198 (66.7)
Age (years, mean + SD) 63.52 £ 10.43 63.52 + 11.29 1.000
Stage (n, %)
Stage | 43 (14.5) 28 (94) 0.004
Stage |l 103 (34.7) 79 (26.6)
Stage IlI 108 (36.4) 116 (39.1)
Stage IV 39 (13.1) 69 (23.2)
Unknown 4 (1.3) 5(1.7)

CI of 0.600 to 0.744 (Figure 3D). For the GSE62254
cohort, the prognostic function was more effective, the
HR value was 4.94 (95% CI: 3.413-7.165, Figure 3E),
and the AUC value was as high as 0.834 (95% CI: 0.789—
0.879, Figure 3F).

Risk Score is an Independent Prognostic

Factor for GC Prognosis

To further investigate whether the prognostic value of the
risk score might be impacted by other clinical features, we
performed multi-Cox regression analysis and proposed the
combined nomogram of risk score and clinical features to
elevate the performance. For the TCGA-STAD cohort, risk
score (P < 0.001, HR: 2.77, 95% CI: 1.61-4.75), tumour
stage IV (P = 0.002, HR: 3.91, 95% CI: 1.63-9.45), and
age (P = 0.007, HR: 1.04, 95% CIL: 1.01-1.07) were
independent prognostic factors, as obtained from the
results of multi-Cox regression analysis (Figure 4A).
After combining the clinical features, the prognostic
value of the single risk score increased from 0.657 to
0.741 (Figure 4B). Similar results were also observed in
the GSE62254 cohort. The independent prognostic factors
included age (P = 0.006, HR: 1.02, 95% CI: 1.01-1.04),
stage IIT (P = 0.015, HR: 3.16, 95% CI: 1.25-8.02), stage
IV (P < 0.001, HR: 6.98, 95% CI: 2.76-17.63) and risk
score (P < 0.001, HR: 4.34, 95% CI: 2.91-6.49)
(Figure 4C). The combined nomogram elevated the prog-
nostic AUC value from 0.824 to 0.862 (Figure 4D).

Increased Risk Score Positively
Associated with the Infiltration of
Dendritic Cells

Several studies have already reported the association
between poor prognosis of GC patients and immune infil-
tration. We calculated the correlation between the risk
score and infiltration of 28 immunocytes in both the
TCGA-STAD (Figure 5A) and GSE62254 (Figure 5B)
cohorts. Most of the immunocytes were positively asso-
ciated with an increased risk score, and there is no doubt
that macrophages were included. We focused on the infil-
tration of dendritic cells, which displayed the highest
correlation in both cohorts (TCGA-STAD: P < 0.001, R
= 0.49, Figure 5C; GSE62254: P < 0.001, R = 0.39,
Figure 5D). We also revealed that the activation of extra-
cellular matrix pathways was positively associated with
the infiltration of dendritic cells (Figure S3). In the tumour
microenvironment, IFN-a is mostly secreted by dendritic
cells, and the IFNAR1 and IFNAR2 genes encode the
protein subunit of the receptor of IFN-a.'>!'® Therefore,
we also assessed the association of [IFNAR1 and IFNAR2
with the risk score in the TCGA-STAD cohort and
obtained positive results (IFNAR2: P < 0.001, R = 0.25,
Figure 5E; IFNARI1: P < 0.001, R = 0.21, Figure 5F),
which means that the 46 tumour genes promoted the
tumorigenesis of GC via the infiltration of dendritic cells
and the IFN-a axis. Moreover, we observed that both the
mRNA level (Figure 5G) and protein level (Figure SH) of
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Figure 3 Prognostic value of the GCPI in combined and separated GC cohorts. (A) K-M plot showing the divergent overall survival in the dichotomized risk groups in the
combined cohort. (B) ROC curve showing the prognostic value of GCPI in the combined cohort. (C) K-M plot showing the divergent overall survival in the dichotomized
risk groups in the TCGA-STAD cohort. (D) ROC curve showing the prognostic value of GCPI in the TCGA-STAD cohort. (E) K-M plot showing the divergent overall
survival in the dichotomized risk groups in the GSE62254 cohort. (F) ROC curve showing the prognostic value of GCPI in the GSE62254 cohort.

IFNARI increased in GC tumour tissues compared with
normal tissues, indicating the participation of IFNARI1 in
GC tumorigenesis. We also found that patients with a high
level of IFNAR1 and high infiltration of dendritic cells had
the worst clinical outcome (Figure 51).

GC Patients with High-Risk Scores are
More Effective at Anti-CTLA4 Therapy

Subsequently, we performed Submap analysis to reveal the
response to potential immunotherapy in GC patient sub-
groups, which is widely used in several published studies.
The gene expression profiles of 47 melanoma patients and
248 bladder cancer patients were downloaded as the back-
ground comparison, and then we compared the expression
of key component genes in the GC patient subgroups with
the gene expression of responders and nonresponders. In
the TCGA-STAD cohort, we found that compared with
melanoma patients, melanoma patients were more likely to
respond to CTLA4 treatment but not PDI treatment
(Figure 6A) and showed no response to PD-L1 treatment

(Figure 6B). Submap analysis in the GSE62254 cohort
showed similar results; GC patients seemed to benefit
more from anti-CTLA4 therapy but not PD1 or PD-L1
therapy (Figure 6C and D).

Newly Defined Signature Can Identify the
High-Risk Patients in Proposed GC

Molecular Subtypes

We compared the high- and low-risk groups with the pre-
reported four GC molecular subtypes generated by the
Cancer Genome Atlas Research Network. We observed
that low-risk group contained more patients belonged to
EBV and MSI group, while high-risk group contained
more CIN and GS patients (P < 0.001, Figure 7A and B).
After reviewed the prognosis results of four TCGA mole-
cular types, we found that the EBV, CIN, MSI and GS types
did not reveal the diverse prognosis of GC patients. But the
current study provides new sight for the prognosis of dif-
ferent molecular types. We found that although patients in
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Figure 4 Independent prognostic value of GCPI to patients. (A) Forest plot showing the independent prognostic value of GCPI after adjusting for clinicopathological factors
in the TCGA-STAD cohort. (B) ROC curve showing the single and integrative prognostic value of features in the TCGA-STAD cohort. (C) Forest plot showing the
independent prognostic value of GCPI after adjusting for clinicopathological factors in the GSE62254 cohort. (D) ROC curve showing the single and integrative prognostic
value of features in the GSE62254 cohort. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.

the low-risk group contained less CIN and GS molecular
subtype, but these two subtypes’ patients met the poor
prognosis (Figure 7C). As to high-risk group, patients
with the MSI features met the poor prognosis (Figure 7C).
From the cross classification of risk score and TCGA-STAD
molecular subtypes, we provided the new sight that the risk
score can help to identify the patients with terrible prog-
nosis in the inner of each molecular subtype.

We also used the RF method to select the minimal
number of genes to reflect the diverse risk groups gener-
ated in our study. Finally, a total of 11 genes remained,
including EGF, FLT1, GP9, ITGA2B, LAMCI1, PAK®6,
SDC2, SHC4, TNN, VEGFB, VWF. We revealed the 11

genes in the TCGA-STAD training cohort, and further
validated in the GSE62254 cohort, with an AUC value of
0.846, which reflected the stable value to identify patients
with high- or low-risk (Figure 7D-F).

Discussion

The advanced tumour stage at first diagnosis and high
resistance rate to radio-/chemotherapy result in a huge
health burden of GC around the world. In the current
study, we aimed to construct a stable prognostic model to
identify GC patients with a high-risk of cancer-specific
death to guide early intervention and precision treatment
for GC patients.
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Figure 5 Dendritic cells promote the progression of GC patients. (A) The correlations between immunocytes and GCPI in the TCGA-STAD cohort. (B) The correlations
between immunocytes and GCPI in the GSE62254 cohort. (C) The infiltration of plasmacytoid dendritic cells positively associated with GCPI in the TCGA-STAD cohort.
(D) The infiltration of plasmacytoid dendritic cells positively associated with GCPI in the GSE62254 cohort. (E) GCPI positively associated with the increased expression of
IFNAR2. (F) GCPI positively associated with the increased expression of IFNARI. (G) mRNA expression of IFNARI was significantly higher in tumour tissue than adjacent
normal tissue. (H) Protein level of IFNARI was significantly higher in tumour tissue than normal tissue. (I) Patients with high expression of IFNARI and high infiltration of

dendritic cells had the worst prognosis. *P < 0.05.

In the GSE62254 and TCGA-STAD cohorts, we
revealed that extracellular matrix-associated pathways
were significantly activated in dead GC patients. The
genes encoding ECM proteins and ECM-associated pro-
teins are collectively known as the matrisome, which
encompasses two main groups of genes: the core matri-
some genes encoding collagens, glycoproteins, and pro-
encoding

teoglycans, or matrisome-associated genes

ECM-affiliated proteins, ECM regulators, and secreted
factors that are involved in the regulation or modulation
of ECM functions.'”'® Several studies have already
reported the function of the extracellular matrix in GC
carcinogenesis. Han et al'’ revealed that the inhibitory
function of sulforaphane is achieved by boosting the
maturation of miR-29a-3p to further downregulate two
extracellular matrix components, COL3A1 and COL5AL.
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Figure 6 CTLA4 immunotherapy is a potential treatment for GC patients with high GCPI. (A) Submap results showing the potential response to CTLA4 treatment of the
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Liu et al*® found that high or low expression of ECM-
related genes revealed different levels of tumour aggres-
siveness, and the zinc finger protein CTCF regulates
ECM-related genes, thereby promoting GC cell growth
and migration. Wei et al*' found that HOTAIR and
COLSA1 were overexpressed in GC compared to normal
controls, and HOTAIR regulates GC growth by sponging
miR-1277-5p and upregulating COL5A1 via effects on the
tumour microenvironment.

After the selection of LASSO analysis, a total of 46
genes were revealed to establish the prognostic models,

such as PIK3CA, PIK3CB, ITGA1l, and TNN. The

PIK3CA and PIK3CB genes encode phosphatidylinositol-
3-kinase (PI3K), and the PI3K axis has been shown to be
activated in approximately one-third of human cancers.
One of the malignancies that is most affected by this
axis is GC. Zhao et al** found that miR-522 can accelerate
the progression of GC by targeting FOXO1 and regulating
PI3K/AKT signalling. Among the different mechanisms
that regulate EMT, IGF-1 signalling is the main regulator
of this process in GC cells. Li et al*® reported that IGF-1
activation could increase the expression of ZEB2, and
abrogation of the PI3K/AKT axis could downregulate
ZEB2, resulting in the suppression of IGF-1-mediated
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Figure 7 Compared the risk groups with proposed GC molecular subtypes and reproduced the risk groups with minimal genes. Comparing the distribution of GC patients
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EMT. Lu et al** also found that abrogation of the PI3K/
Akt axis could attenuate the oncogenic effect of miR-19a
and thereby prevent the incidence of EMT in GC. As for
ITGALl, Meng et al® revealed its function in prostate
cancer. ITGAL1I protein levels were positively associated
with advanced-stage disease, and silencing ITGA1l

expression decreased cell migration and invasion.

The prognostic model was successfully established and
validated in the TCGA-STAD and GSE62254 cohorts,
especially in the GSE62254 cohort, and we obtained an
AUC value as high as 0.834. Recently, several studies
have reported prognostic models for GC patients based
12° constructed a
genomic instability-associated six-IncRNA signature with

on gene expression profiles. Sun et a
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an integral AUC value of 0.681 that lacked external vali-
dation. Chen et al*’ reported a ten-immune-related gene
signature with a 1-year AUC of 0.681 and even failed to
reach 0.57 in the GSE15459 cohort and 0.559 in the
GSE84437 cohort; these results are not acceptable.
Zhang et al*® reported an immune signature in the
GSE62254 cohort, with an AUC value of only 0.793 in
the entire cohort. Izumi et al*’ constructed a gene expres-
sion-based 15-gene signature to distinguish lymph node
status and obtained an AUC value of only 0.829 in the
GSE62254 cohort. Li et al*® constructed a six gene-based
prognostic model in the TCGA-STAD cohort; however,
the AUC value they validated in GSE62254 was only
0.60-0.63. In addition, the prognostic model we estab-
lished was an independent prognostic factor after adjusting
for the clinical features of age, sex, stage, grade, and EBV
status.

Immunotherapy is already applied in the clinical treat-
ment of GC patients; therefore, it is important to select the
appropriate patient to receive the therapy. In the
KEYNOTE-059 trial, only 11.6% of recruited patients
with advanced gastric/gastroesophageal junction cancer
receiving pembrolizumab monotherapy were responders,’’
and the objective response rate (ORR) of nivolumab in the
ATTRACTION-2 trial was 11.2% for Asian patients.*?
Zhou et al introduced a novel immunogenomic classifica-
tion of the GC microenvironment and reported that
patients with the immune activation subtype were ideal
candidates to receive anti-PD-(L)]1 immunotherapy, and
those with the immunosuppressive subtype may be respon-
ders to combination therapy with anti-TGF-B antibodies.
In the current study, we first compared the association of
the risk score and 28 immunocytes and observed the high-
est association of dendritic cells. Further research revealed
that the IFNARI protein was highly expressed in GC, and
patients with high expression of IFNARI and infiltration
of dendritic cells had the worst prognosis. In addition, we
revealed that patients with a high-risk score were more
suitable for anti-CTLA4 immunotherapy but not anti-PD1
or anti-PDL1 therapy.

This is the first study to generate a prognostic model
with an activated signalling pathway for GC patients. We
revealed that ECM-associated pathways were significantly
activated in the two GC cohorts and then constructed a
prognostic model similar to reeling silk from cocoons.
Another advantage is that the newly defined risk score
can act as the filter for patients who are more suitable
for anti-CTLA4 immunotherapy. In contrast, several

limitations should also be pointed out. First, these new
findings need further validation in real-world patients,
especially patients who receive immunotherapy. Second,
biological experiments to confirm the function of dendrites
and IFNARI are also necessary. We hope the findings in
the current study can provide new insight for clinical
treatment and basic research on GC patients.

Conclusion

We established and verified an extracellular matrix prog-
nostic model of gastric patients. The model can be used to
evaluate the risk of death of GC patients, as well as the
response to anti-CTLA4 immunotherapy.
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