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Abstract
Background

Immune-related genes have been used as prognostic markers in multiple types of tumors. We aimed to
develop an immune-related gene signature for predicting individual lymph node metastasis in gastric
cancer (GC) patients, characterize the molecular and immune pro�les of different risk patients and
assess the potential value of this signature identifying patients with response to immune checkpoint
inhibitor (ICI) treatment.

Methods

A total of 1338 GC patients from a training dataset, three external silico validation datasets and an
external clinical dataset were included in this study. The microarray analysis was used to detect
differentially expressed immune-related genes (DEIGs) between lymph node metastatic and non-lymph
node metastatic gastric cancer tissues. Subsequently, we built a lymph node metastasis gene signature
for gastric cancer (LGSGC), and then classi�ed patients into low-risk and high-risk groups according to
the LGSGC. Moreover, we implemented association analysis for this signature and the prognosis,
molecular characteristics, immune pro�les and the response of ICI treatment in different risk GC patients.

Results

he receiver operating characteristics (ROC) curve analysis (an area under curve [AUC] values of 0.85)
showed that the LGSGC could distinguish lymph node metastatic patients from non-lymph node
metastatic patients in the training dataset. Additionally, compared to low-risk group, high-risk group
exhibited worse overall survival (hazard ratio [HR]=2.42) in the training dataset. Robust diagnostic and
prognostic clinical ability of the LGSGC were successfully validated in four validation datasets. Next, the
high-risk patients were characterized by active cancer and immune response-related pathways, high
TP53, CSMD3 and FAT4 mutation rate, high in�ltration of Neutrophils, M1 Macrophages, M0
Macrophages, M2 Macrophages, T cells gamma delta and T cells follicular helper, more abundant check
point, more aggressive in�ammation and Type I IFN response, and more bene�t from ICI. On the contrary,
low-risk patients were characterized by active cancer and tumor metabolism-related pathways, low TP53
mutation rate, high in�ltration of Mast cells resting, NK cells resting, Plasma cells and T cells CD4
memory resting, and less bene�t from ICI therapy. Of note, we also validated the LGSGC, which identi�ed
patients having response to ICI treatment with an AUC value of 0.71 in an advanced GC dataset and an
AUC value of 0.64 in an IMvigor210 dataset.

Conclusions

The LGSGC is a reliable indicator to distinguish LNM in GC and could discriminate the prognosis,
molecular characteristics, immune pro�les and the response of ICI treatment in different risk groups. This
signature may provide a reference for treatment decisions for different risk GC patients. 
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Introduction
Gastric cancer (GC) patients can be treated by radical operation. For patients without lymph node
metastasis (LNM), the radical operation increased the incidence of surgical trauma and complications
but the endoscopic sub-mucosal dissection (ESD) and the endoscopic mucosal resection (EMR) became
the most commonly used treatments [1-4]. Therefore, accurate identi�cation of LNM in GC, especially
early GC patients, was of great guiding value for comprehensive treatment. It was found that the overall
5-year survival was over 90% among early-stage GC patients, 97% - 100% among GC patients without
LNM and 80% - 85% among GC patients with LNM, respectively [5-7]. The LNM has become a crucial
factor of poor prognosis of GC patients. However, big data analytics suggested that LNM only accounted
for 16%-24% of early GC patients [4, 5]. Additionally, compared to preoperative imaging with limited
accuracy to identify LNM in early GC, tracing sentinel lymph nodes widely used by clinicians during
surgical procedure were not worthy of promotion and application because of lack of uni�ed international
standard [8]. Hence, there was an urgent to develop accurate indicators for individual lymph node
metastatic risk assessment among GC patients, helping to optimize the treatment planning for patients.  

In recent years, the immune checkpoint inhibitor (ICI) therapy has showed good curative effect of multiple
types of cancers [9-14]. The main immune checkpoint molecules targeted by immunotherapy mainly
included cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), programmed death-ligand 1 (PD-L1),
programmed cell death-ligand 2 (PD-L2) and programmed cell death protein 1 (PD-1). The anti-PD1
therapy has been considered to be a promising treatment for GC patients with recurrence and metastasis
[9, 15]. However, it was di�cult to accurately identify patients with high response to ICI treatment [16].
Interestingly, the identi�cation of LNM using immune related markers provided a new choice, and
accurate lymph node metastatic risk assessment in GC patients could provide a reference for surgical
treatment or immunotherapy [17-20]. So, it was necessary to accurately identify GC patients with LNM
based on the molecular immune markers including tumor mutation burden (TMB), immune-related genes
and tumor microenvironment (TME).

In this study, we tried to build a signature, consisted of immune-related genes from microarray gene data,
for individual lymph node metastatic risk assessment among GC patients. Firstly, we identi�ed immune-
related genes set that were related to LNM in GC, and then constructed a �nal immune-related genes
signature of detecting LNM and predicting prognosis. Secondly, we described the molecular and immune
characteristics of both risk groups. Finally, we assessed the performance of the lymph node metastasis
gene signature for gastric cancer (LGSGC) identifying patients with response to ICI treatment. The results
show that LGSGC is a superior predictor of LNM in GC and provides a new inference for tailored surgical
treatment and immunotherapy.  

Methods
Patients and datasets
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The study included a training dataset: the GSE15459 dataset (https://www.ncbi.nlm.nih.gov/), and three
external silico validation datasets: the GSE62254 dataset (https://www.ncbi.nlm.nih.gov/), the GSE84437
dataset (https://www.ncbi.nlm.nih.gov/) and the TCGA dataset (https://portal.gdc.cancer.gov/), and a
clinical dataset from a�liated hospital of Jiangnan University. Demographic characteristics and clinical-
related variables were downloaded from above Websites and corresponding articles. Inclusion criteria for
GC patients in a�liated hospital of Jiangnan University was complete clinical data and pathological
tissue specimens. GC was staged based on the eighth edition American Joint Committee on Cancer
(AJCC) staging system for GC. Altogether 107 patients GC selected in the clinical dataset underwent
surgery between January 2019 and December 2020 in a�liated hospital of Jiangnan University, Wuxi,
China. 107 formalin �xation and para�n embedding (FFPE) samples for the clinical dataset were also
selected. This study received the approval of the ethical committees of a�liated hospital of Jiangnan
University. All experiments were implemented in full compliance with the Declaration of Helsinki. In this
study each patient selected provided written informed consent.

 We acquired the names of candidate immune-related genes by visiting to two databases: InnateDB
(HTTPS://www.innateDBdb.com/) and ImmPort (HTTPS://www.immport.org/shared/home), and
mutation information of candidate immune-related genes by visiting to the cBioPortal database.
Furthermore, we acquired the data of somatic mutation for GC by visiting to the TCGA Datasets
(https://portal.gdc.cancer.gov/). Four subtypes of GC, proliferative, metabolic, invasive and unstable were
provided (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE15459) by Lei Z et al from Duke-
National University of Singapore Graduate Medical School, Singapore. Two molecular subtypes of GC,
epithelial phenotype (EP) and mesenchymal phenotype (MP) were provided
(https://www.nature.com/articles/s41467-018-04179-8) by Oh SC et al from University of Texas, Houston,
USA. Other four subtypes of GC, TP53 functional loss (MSS/TP53−) and intact TP53 activity
(MSS/TP53+), epithelial-to-mesenchymal transition (EMT) and microsatellite instability (MSI) were
provided (https://www.nature.com/articles/nm.3850#Sec19) by Cristescu R et al from Merck Research
Laboratories, Boston, USA. To explore the e�cacy of the LGSGC predicting response of cancer patients to
the PD-1 inhibition, four datasets including a metastatic GC dataset, an IMvigor210 dataset, a bladder
cancer dataset and a melanomas dataset were used. The metastatic GC dataset was
provided  https://www.nature.com/articles/s41591-018-0101-z) by Kim ST et al from Sungkyunkwan
University School of Medicine, Seoul, Korea. The IMvigor210 dataset was provided
(https://www.nature.com/articles/nature25501) by Mariathasan S et al from Lund University, Sweden.
The bladder cancer dataset was provided (https://journals.plos.org/plosmedicine/article?
id=10.1371/journal.pmed.1002309) by Snyder A et al from Memorial Sloan Kettering Cancer Center, New
York, USA. The melanomas dataset was
provided ( https://www.sciencedirect.com/science/article/pii/S009286741630215X) by Jiang P et al
from University of California, Los Angeles, USA.

RNA extraction and quantitative real-time polymerase chain reaction (qRT-PCR) assays

https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://portal.gdc.cancer.gov/
http://www.innatedbdb.com/)
file:///C%3A/www.immport.org/shared/home)
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE15459
https://doi.org/10.1038/s41591-018-0101-z
https://www.sciencedirect.com/science/article/pii/S009286741630215X
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We used total RNA isolation kits to extract total RNA from the microdissected FFPE specimens. Nanodrop
microspectrophotometer was used to detect the purity and concentration of total RNA. Based on 2 μg of
total RNA the High-Capacity cDNA Reverse Transcription Kit (Invitrogen, Carlsbad, CA, USA) was use to
synthesize complementary DNA (cDNA). The TB Green® Premix Ex Taq™ (Tli RNaseH Plus) was applied
to qRT-PCR. The speci�c steps were described as follows: 2 μ L cDNA was taken for PCR ampli�cation
(10 min at 95°C and then 40 cycles of three steps consisting of 2 s at 95°C, 20 s at 60°C, and 10 s at
70°C). Then Fusion curves were collected. Each sample was repeated for 3 times and averaged. The
internal-control gene was 5S. The relative quanti�cation of mRNA was calculated by 2-△△CT method.  

Selection of candidate immune-related genes related to LNM in GC

Individual gene expression pro�les of GC came from the GSE62254 dataset and the GSE84437 dataset.
Differentially expressed genes (DEGs) between cancer tissues with LNM and cancer tissues without LNM
were analyzed using the edgeR package in R. Next, those DEGs with the same direction of change were
intersected with immune-related genes coming from ImmPort and InnateDB. Finally, we selected DEIGs
for detecting LNM in GC. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and Gene
ontology (GO) enrichment of candidate DEIGs were conducted using the Metascape software or the
clusterPro�ler package.

Selection of the 14 immune-related genes detecting LNM in GC 

To make the prediction model robust and generalized, we used the GSE15459 dataset as the training
dataset to build diagnostic model of LNM in GC based on above candidate immune-related genes.
Moreover, to gain immune-related hub genes for detecting LNM in GC, the least absolute shrinkage and
selection operator (LASSO) regression was conducted. Next, multivariate logistic regression analysis was
conducted to develop the LGSGC according to the immune-related hub genes selected.  Each sample
gained a risk score which was calculated using the expression levels of immune-related hub genes and
multivariate logistic regression coe�cients. To assess the e�cacy of the LGSGC detecting LNM in GC,
ROC analysis using risk score of each sample as an independent variable was implemented in GC
patients. The diagnostic power of the LGSGC detecting LNM in GC was validated in four external
validation datasets: the GSE62254 dataset, the GSE84437 dataset, the TCGA dataset and the clinical
dataset.

The LGSGC and survival of GC patients 

According to the cutoff thresholds derived by the Youden index, risk scores of samples being continuous
variables were regrouped into dichotomous variables (low-risk group and high-risk group). The Cox
regression analysis or Landmark analysis while Kaplan-Meier (KM) survival curves were crossing was
used to explore the prognostic potential of the LGSGC on different risk patients. We also used three
external validation datasets, the GSE62254 dataset, the GSE84437 dataset and the TCGA dataset to
validate the prognostic potential of the LGSGC.  
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Molecular and immune pro�les and ICI therapy in different risk groups

  Gene set enrichment analysis (GSEA) or single sample GSEA (ssGSEA) was implemented to identify the
signaling pathways in which the gene sets were involved in different risk groups. We summarized,
analyzed, annotated and visualized somatic variants of different risk groups by the Maftools package of
R. To assess the relationship between the LGSGC and TMB and factors of the ICB therapy including
CTLA-4, PD-L1, PD-L2 and PD-1, correlation analysis was conducted. We also assessed the performance
of the LGSGC detecting LNM in GC by comparation with CTLA-4, PD-L1, PD-L2, PD-1 and TMB. 

The LGSGC and 22 kinds of immune cells of TME  

The immune pro�les of GC patients were characterized. The gene expression pro�les matrix as input, the
CIBERSORT estimated abundance of 22 kinds of immune cells in GC. Moreover, to explore the effect of
different-risk scores and clinicopathological factors on immune cells composition in GC, the relative
proportions of 22 kinds of immune cells and the distribution of clinicopathological factors in both risk
groups were analyzed.

 Next, other four datasets, a metastatic GC dataset, a IMvigor210 dataset, a bladder cancer dataset and a
melanomas dataset were used to assess the e�cacy of the LGSGC predicting response of cancer
patients to the PD-1 inhibition [21-25]. Based on the standardized expression of all genes, tumor immune
dysfunction and exclusion (TIDE) scores were gained by visiting to the Dana Farber Cancer Institute &
Harvard University(HTTP://tide.dfci.harvard.edu/). 

Statistical analysis 

In this study the following statistical methods were used:  independent t-test for comparison of gene
expression differences, univariate logistic regression and multivariate logistic regression for screening
factors affecting LNM; the spearman correlation analysis for continuous variables; the Wilcoxon test for
comparison of risk scores in different risk groups; ROC analysis for evaluating the effect of statistical
models predicting LNM in GC; Cox regression analysis or landmark analysis while KM survival curves
were crossing for comparing the survival of different-risk patients; the Chi-square test for categorical
variables. The cutoff thresholds were derived by the Youden index from this 14-gene signature model. All
statistical calculations were conducted in R (version 4.0.3). All P-values were two sided, and a value of
less than 0.05 was deemed signi�cant.

Results
Selection of DEIGs

Altogether 3841 genes in the GSE62254 dataset and 4772 genes in the GSE84437 were found to be
differentially expressed between lymph node positive (LNP) patients and lymph node negative (LNN)
patients (Figure S1A and B, Table S1 and 2). By intersecting above DEGs with the immune-related genes
on the basis of InnateDB and ImmPort, 54 hub genes with the same direction of change were obtained

http://tide.dfci.harvard.edu/


Page 7/29

(Figure 1A). 54 hub genes were signi�cantly associated with 338 GO terms and 40 KEGG pathways
(Table S3 and 4) using functional enrichment analysis. We further showed the top six GO terms and 20
KEGG pathways in Figure S1C and S1D.

Construction of a lymph node metastasis gene signature for gastric cancer

To narrow down 54 differentially expressed immune-related hub genes affecting LNS of GC patients, a
series of 14 genes were identi�ed by executing LASSO logistic regression in the training dataset (Figure
1B). Further, the �nal model, a lymph node metastasis gene signature for gastric cancer (LGSGC), that
consisted of the 14 immune-related genes by multivariate logistic regression was constructed (Figure 1C).
Based on �nal model the formula of risk score: (1.191×expression of PMAIP1) -(0.777× expression of
TRIM65) - (0.616× expression of RFXAP)+(0.647× expression of RB1) - (0.693× expression of CASP1)+
(0.747× expression of SECTM1) - (1.022×expression of UBE2V2)+(0.756× expression of UBE2W) +
(0.779×expression of GNAI3) - (0.528×expression of DDX3X) - (0.821×expression of CMTM6)+
(0.751×expression of FSTL1) - (0.635×expression of SOCS2) - (0.734×expression of NLRP13).  Compared
to LNN patients, LNP patients had more risk score in the training dataset (p=3.2e−11), the GSE62254
dataset (p=1.3e−09), the GSE84437 dataset (p=2.22e−16), the TCGA dataset (p=2.9e−16) and the clinical
dataset (p=2.3e−05) (Figure 2A1-E1). ROC analysis showed that the risk scores could distinguish LNP
patients from LNN patients in the training dataset (AUC =0.85, 95% CI 0.79–0.91; Figure 2F).

To further explore the functional and molecular pro�les of 14 immune-related genes identi�ed,
enrichment analysis was conducted by the Metascape software, showing that a total of 30 functional
enrichment was involved in �ve related-apoptotic processes, four related-cell growth regulation and two
related- autophagy, which were signi�cantly correlated with the development and progression of cancer
[26] (Figure 3A, Table S6, P < 0.05). Strikingly, only two pathways enriched by 14 immune-related genes
included viral carcinogenesis and PID P53 downstream pathway, which were well known to play a key
role in inducing tumor cell proliferation and migration (Figure 3B, Table S7, P < 0.05). Enrichment network
showed that biological processes including apoptotic signaling pathway, protein polyubiquitination,
homeostasis of number of cells, regulation of autophagy and positive regulation of proteolysis was
generally shared among 14 genes (Figure 3C). For example, PMAIP1 played a centripetal role linking four
enriched biological processes, and RB1, CASP1, UBE2V2 and DDX3X played a centripetal role linking
three enriched biological processes, respectively. 

Validation of the LGSGC 

All patients in the several datasets (the GSE62254 dataset, the GSE84437 dataset, the TCGA dataset and
the clinical dataset) obtained the risk scores that were calculated on the basis of the above formula.
Expectedly, the LGSGC could distinguish LNP patients from LNN patients in the GSE62254 dataset (AUC
=0.80, 95% CI: 0.73–0.88; Figure 2F), the GSE84437 dataset (AUC =0.82, 95% CI: 0.76–0.87), the TCGA
dataset (AUC =0.77, 95% CI: 0.72–0.82) and the clinical dataset (AUC =0.76, 95% CI: 0.66–0.85). Next, in
order to explore the e�cacy performance of the LGSGC detecting LNS in early GC patients, ROC analysis
was implemented in participants with pathological T1 and T2, showing that the LGSGC could distinguish
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LNP patients from LNN patients in the training dataset (AUC=0.83, 95% CI: 0.72–0.94; Figure 2G), the
GSE62254 dataset (AUC=0.79, 95% CI: 0.70–0.88), the GSE84437 dataset (AUC=0.83, 95% CI: 0.71–0.95),
the TCGA dataset (AUC=0.78, 95% CI: 0.67–0.88) and the clinical dataset (AUC=0.79, 95% CI: 0.63–0.95). 

Next, after adjusting for other clinicopathologic features such as subtypes, Union for international cancer
control (UICC) stage, Lauren classi�cation, gender and age, the LGSGC was an independent diagnostic
biomarker of detecting LNM using multivariate logistic regression analysis in the training dataset (odds
ratio [OR] =3.14, 95% CI: 1.93–5.90; Figure 1D). The LGSGC as an independent diagnostic factor of
detecting LNM was validated in the GSE62254 dataset (OR=7.59, 95% CI: 3.07–23.76; Figure 2SA), the
GSE84437 dataset (OR=6.37, 95% CI: 3.76–11.33; Figure 2SB), the TCGA dataset (OR=7.90, 95% CI:
3.95–17.75; Figure 2SC) and the clinical dataset (OR=2.13, 95% CI: 1.46–3.32; Figure 2SD). Furthermore,
UICC stage, Neoplasm histology, T Stage, mesenchymal phenotype (MP) and epithelial phenotype (EP)
were signi�cantly associated with LNM in GC (Figure 1D and Figure 2S). Intriguingly, the combination
model of the LGSGC, clinicopathologic factors such as subtypes, UICC stage, Neoplasm histology, T
Stage, mesenchymal phenotype (MP) and epithelial phenotype (EP) had signi�cantly superior diagnostic
accuracy for LNM compared to the LGSGC in the GSE15459 dataset (AUC=0.92, 95% CI: 0.88–0.97;
Figure 2H), the GSE62254 dataset (AUC=0.96, 95% CI: 0.92–1.00), the GSE84437 dataset (AUC=0.83, 95%
CI: 0.78–0.88), the TCGA dataset (AUC=0.95, 95% CI: 0.93–0.98) and the clinical dataset (AUC=0.81, 95%
CI: 0.72–0.89).

Association between the LGSGC and the survival of GC patients

   LNM proved to have a signi�cant association with poor survival of GC patients, we further estimated
prognostic potential of the LGSGC for GC patients. Each patient was categorized into low- or high-risk
group based on the cutoff thresholds, derived by the Youden index from the LGSGC model. Reassuringly,
high-risk group exhibited worse prognosis than low-risk group in the training dataset (HR=2.42, 95% CI:
1.55–3.78; Figure 4A), consistent with the result in the GSE62254 dataset (HR=1.68, 95% CI: 1.17–2.40;
Figure 4B) and the GSE84437 dataset (HR =1.51, 95% CI: 1.12–2.05; Figure 4C). The Landmark analysis
showed that only those patients with survival more than 29 months from high-risk group exhibited worse
prognosis (HR=4.31, 95% CI: 1.16–15.93; Figure 4D) in the TCGA dataset. Furthermore, high-risk group
had shorter   disease-free survival (DFS) compared with low-risk group (HR=1.78, 95% CI: 1.20–2.65;
Figure 4SA) in the GSE62254 dataset and high-risk group with survival more than 44 months exhibited
signi�cantly shorter DFS compared with low-risk group (HR=6.65, 95% CI: 1.16-38.03; Figure 4SB) in the
TCGA dataset. Because of limited dead samples (n=7), we did not conduct survival analysis in different
risk groups from the clinical dataset. 

Molecular characteristics of different risk groups

GSEA showed that the gene sets were signi�cantly enriched in 18 pathways, which mainly included
cancer and immune response-related pathways (Figure 5A and Table S5, p < 0.05) in high-risk group and
20 pathways which mainly included cancer and tumor metabolism-related pathways (Figure 5B and
Table S5, p < 0.05) in low-risk group.
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To understand biological immunological nature of different risk groups, we analyzed somatic mutations
of GC patients from the TCGA dataset. It was found that missense mutation was the most frequent kind
of mutations, followed by nonsense mutation and frameshift deletion in both risk groups (Figure 5C). The
mutations of DNAH5, OBSCN and HMCN1 were very much in evidence in low-risk group while the
mutations of CSMD3 and FAT4 were very much in evidence in high-risk group. Of note, the mutation rates
of SYNE1, LRP1B, MUC16, TP53 and TTN were higher than 20% in both risk groups. 

Immune characteristics of different risk groups

It was found that low-risk group had more abundant T cells CD4 memory resting, Plasma cells, NK cells
resting, Mast cells resting and B cells naïve in the training dataset while high-risk group had more
abundant T cells follicular helper, T cells gamma delta, M0 Macrophages, M1 Macrophages, M2
Macrophages and Neutrophils (Figure 6A). Next, we analyzed the relation between risk score and some
clinicopathological factors such as subtypes, gender, Lauren-classi�cation, UICC stage, alive time, alive
status, age, T stage and LNS. It was found that the distribution of GC subtypes (proliferative, metabolic,
invasive and unstable), UICC stages, survival time, lymph node status and alive status had signi�cant
differences in both risk groups (Figure 6B). The ssGSEA scores showed that low-risk group had more
plentiful Mast cells, APC co inhibition, NK cells and B cells while high-risk group had more plentiful Type I
IFN response, check point, APC co stimulation, Macrophages, In�ammation promoting, Para
in�ammation, MHC class I and Treg (Figure 6S1).

 Immune cells can affect the survival in multiple types of tumors. So, we assessed the prognostic e�cacy
of certain immune cells in the training dataset. Figure 6S2 indicated those patients with higher scores of
APC co inhibition, T cells CD4 memory activated, B cells naïve, B cells, MHC class I, iDCs, Tfh, NK cells, NK
cells resting, Mast cells activated, TIL and Plasma cells had longer (p < 0.05) survival, while patients with
higher scores of NK cells activated, M2 Macrophages, Dendritic cells resting, M1 Macrophages, T cells
follicular helper, APC co stimulation, Para in�ammation, T helper cells, Treg and Type I IFN response had
shorter (p < 0.05) survival.  

Association between LGSGC-GC subtypes and other molecular and immune-GC subtypes

Previous a study suggested that four subtypes of GC including proliferative, metabolic, invasive and
unstable had signi�cant differences of molecular and genetic characteristics and response to therapy
[19]. Figure 7A showed a signi�cant difference (p=0.014, chi-square test) in the distribution of four
subtypes of GC between two risk groups. Low-risk group had more metabolic-subtypes samples and less
unstable-subtypes samples while high-risk had less metabolic-subtypes samples and more unstable-
subtypes samples. Next, a novel molecular classi�cation of GC according to genomic alterations,
recurrence pattern and prognosis was reported. 

Figure 7B showed a signi�cant difference (p=0.003, chi-square test) in the distribution of four subtypes of
GC in two risk groups. Low-risk group had more EMT and MSI subtypes and less MSS/TP53+ subtypes
while high-risk group had less EMT and MSI subtypes and more MSS/TP53+ subtypes in the TCGA
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dataset. However, signi�cantly different distribution of four subtypes of GC including MSS/TP53-,
MSS/TP53+, EMT and MSI subtypes was not found in the GSE15459 dataset and the GSE62254 dataset
(Figure 7S, p=0.071 and 0.752, chi-square test, respectively). Although Oh SC et al identi�ed two
molecular subtypes of GC, epithelial phenotype (EP) and mesenchymal phenotype (MP) which were
corelated with LNM in GC (Figure 2SA), the distribution of two subtypes did not have a signi�cant
difference in two risk groups. (Figure 7C, p=0.366, chi-square test) [27].

Association between the LGSGC and cancer ICI treatment response

To assess the e�cacy of the LGSGC identifying patients with response to ICI treatment, 43 patients with
advanced GC administered pembrolizumab or nivolumab from a dataset study were selected [21, 22]. It
was found that only 32.4% (11/43) of subjects achieved partial response and complete response to
pembrolizumab or nivolumab. Next, according to the RNA-seq data provided by Noh MG, et al, each
participant gained the risk score calculated by the 14 immune-related gene signature model [22]. Those
patients who achieved response to PD-1 inhibition had higher risk scores than those who did not achieve
response to PD-1 inhibition (Figure 8A, p=0.039). Strikingly, the LGSGC had signi�cantly diagnostic
accuracy for responders from non-responders to PD-1 inhibition with an AUC value of 0.71 (95% CI: 0.53-
0.89; Figure 8B). 

Other three datasets were also used to assess the e�cacy of the LNMGC predicting response of cancer
patients to PD-1 inhibition [23-25]. The standardized risk scores according to the LNMGC in both risk
groups were signi�cantly different in the IMvigor210 dataset (p=0.028, Figure 8C), the bladder cancer
dataset (p=0.00014, Figure 8F) and the melanomas dataset (p=0.034, Figure 8H). Additionally, patients
with high-risk scores exhibited worse prognosis compared with that with low-risk scores in the IMvigor210
dataset (n=326) (p = 0.013, Figure 8D) and in the bladder cancer dataset (n=25) (p = 0.029, Figure 8G).
However, Figure 8I did not show signi�cantly different survival of both risk groups in the melanoma
dataset (p = 0.14, Figure 8I). The cause of this result might be statistical limitation in the melanomas
dataset, which included only 27 patients, among whom eight dead patients from high-risk group and four
dead patients from low-risk group. Of note, the LNM in GC had signi�cantly diagnostic accuracy for
selecting patients with an AUC value of 0.64 (95% CI: 0.56-0.72; Figure 8E), who had response to PD-1
inhibition, from the IMvigor210 dataset.

The cancer immunotherapy response for advanced GC patients was further assessed by TIDE score from
the web application for response prediction using gene expression pro�les [14]. The results showed that
patients with high-risk scores achieved lower TIDE scores compared with patients with low-risk scores in
the training dataset, suggesting that patients with low-risk scores were more likely to obtain immune
evasion compared with patients high-risk scores (Figure 8J). Besides, MSI score and T cell exclusion
score were signi�cantly different in both groups, while T cell dysfunction score were not signi�cantly
different. 

Association between the LGSGC and cancer ICI treatment-related gene expression
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The ICB therapy that embraced CTLA-4, PD-L1, PD-L2, PD-1 and TMB blocking agents provided
signi�cant clinical bene�ts for GC patients. Next, we explored the relationship between the LGSGC and
CTLA-4, PD-L1, PD-L2 and PD-1 expression in the GSE63354 dataset (Figure 8SA-D). 

The relationship between the LGSGC and TMB was assessed in the TCGA dataset (Figure 8SE). It was
found that risk score of the LGSGC yielded signi�cant positive association with expression of CTLA-4, PD-
L1 and PD-L2 (r = 0.18, p=0.0022; r = 0.25, p=1.5e-05; r=0.15, p=0.0077; Figure 8SA, B and D), but did not
yield signi�cant associations with the expression of PD-1 (r = 0.06, p= 0.30; Figure 8SC) and TMB (r =
0.049, p= 0.37; Figure 8SE). Meanwhile, the e�cacy of the LGSGC detecting LNM of GC patients
comparation with CTLA-4, PD-L1, PD-L2 and PD-1 was explored by ROC analysis (Figure 8SF). The results
showed that the LGSGC had bigger AUC value of 0.80 (95% CI: 0.73-0.88) than known immunological
biomarkers, CTLA-4 (AUC=0.56, 95% CI: 0.45-0.65), PD-1 (AUC=0.57, 95% CI: 0.48-0.67), PD-L2 (AUC=0.60,
95% CI: 0.51-0.70) and PD-L1 (AUC=0.57, 95% CI: 0.47-0.68). Moreover, the combination of the LGSGC
and PD-L1 with AUC value of 0.84 (95% CI: 0.76-0.92) did not have signi�cantly superior diagnostic
accuracy for LNM compared with the LGSGC (Z = -1.8617, p-value = 0.06264, DeLong test; Figure 8SF).  

Discussion
The ESD and the EMR are the two most commonly used treatments for early GC patients without LNM [4].
Meanwhile, it is extremely important to clarify lymph nodes status for GC patients treated by radical
operation, providing guidance for the extensive dissection of lymph nodes. Patients with advanced
metastatic GC may need excellent internal medical therapeutic schedule. The immunotherapy, which has
been widely used in multiple types of tumors, can provide a personalized treatment basis for advanced
GC patients [9, 20]. Therefore, there was an urgent need to develop a novel signature which not only
detected the LNM in GC to provide a reference for radical operation but also predict the survival of GC
patients to be good for personalized immunotherapy regimens. 

The LNM was known as an important risk factor of poor prognosis of GC patients [3, 28-30]. There were
also signi�cant associations between clinical factors including tumor differentiation, tumor invasion
depth, lymphatic in�ltration and tumor size and the TNM. Unfortunately, these above clinical factors still
did not accurately predict LNM. Interestingly, to some extent the occurrence of LNM was affected by
immune-related genes and immune microenvironment [31-33]. At present, many immune-related genes
have been found to be related to the LNM in GC. Nevertheless, the molecular and immune characteristics
of LNM in GC were still unclear. So, we assessed the mechanism of immune-related genes used to build
the prediction model of LNM and prognosis of GC patients. The GSE6228 dataset and the GSE84437
dataset were used to select 54 immune-related genes that could detect LNM. Subsequently, we
established the LGSGC of LNM detection by LASSO logistic regression in the GSE15459 dataset. We
further validated the diagnostic ability of the LGSGC predicting LNM using three external silico validation
datasets and an external clinical dataset from the a�liated hospital of Jiangnan University. It was found
that the LGSGC of LNM detection in each dataset with AUCs of more than 0.75 were superior than a
preoperative model of predicting LNM based on 26 genes with AUCs of 0.69-0.74 [30]. Another study
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showed that a nomogram of combination 23-gene signature and Lauren classi�cation achieved an AUCs
of 0.78-0.92[3]. Similarly, the LGSGC combination with clinicopathologic factors such as subtypes, UICC
stage, Neoplasm histology, T Stage, MP and EP were more accuracy of predicting the LNM of GC patients
than the LGSGC. 

The detection of LNM in early GC patients was always di�cult in the radical operation in GC. Previous a
study suggested that a 15-gene classi�er of predicting the LNM in GC patients from the training and the
validation datasets with AUC values of 0.77 and 0.74, respectively [1]. In this result, the LGSGC for
detection of LNM in early GC achieving AUC value of more 0.76 in each dataset, showing that the LGSGC
was superior to these with currently used modalities in the clinical settings. 

Expected, several processes and pathways such as related-apoptotic process, related-cell growth
regulation, related-autophagy, viral carcinogenesis and PID P53 downstream pathway which were closely
related to tumorigenesis and metastasis were enriched by the 14 immune-related genes. Several studies
showed that autophagy played a major role in some physiological and pathological processes of multiple
types of tumors [34-38]. Although autophagy-related signaling pathways including the P53 pathway, the
AMPK/mTOR and PI3K/Akt/mTOR pathways might contribute to the development of GC cell invasion
and metastasis, the role of autophagy remained unclear [39]. Even anticancer drugs for GC including
autophagy inducers and autophagy inhibitors are being developed [40-42]. It is well known that the viral
carcinogenesis mainly includes Epstein–Barr virus which can cause chronic atrophic gastritis, dysplasia,
gastric intestinal metaplasia and adenocarcinoma. Recent studies have shown that GC patients with
Epstein–Barr virus infection could bene�t from immunotherapy [43]. In this study enrichment network
showed that the PMAIP1, linking four enriched biological processes, could   determine whether a cell
committed to apoptosis and was correlated with development of multiple types of cancers including lung
cancer cells[44, 45], metastatic melanoma[46] and bladder cancer cells[47]. Moreover, another study
showed that PMAIP1 was correlated with unfavorable prognosis in pancreatic ductal adenocarcinoma
[48]. Similarly, the expression of PMAIP1 was found to have a signi�cant negative association with the
prognosis survival of GC patients (HR=3.29, 95% CI 1.66–7.13). 

At present, the research showed that immune-related genes had appreciable impacts on the survival of
people with breast cancer [49], leukemia [13], lung cancer [12], ovarian cancer [50], colorectal cancer [51],
hepatocellular carcinoma [52], melanomas [53], osteosarcomas [54], pancreatic cancer [55] and gastric
cancers [30, 56], and even multiple combination-models on the basis of immune-related genes were
accurate indicators of the survival of cancer patients [28, 57]. The LGSGC was a robust predictor of the
LNM and the prognosis of GC patients, and could classify patients into high-risk or low-risk group.
 Moreover, high-risk group exhibited shorter survival compared with low-risk group. However, ROC analysis
showed that AUCs of the LNMGC on overall survival of GC patients from each dataset with time were less
than 0.7 expect for training dataset. On the contrary the �ve-year predictive AUCs of prognosis of GC
patients in a study with ten immune-related gene signature and in another study with six immune-related
gene signature were 0.85 [58]and 0.79[59] , respectively. The reason may be that our signature was
constructed based on some genes which could predict LNM in GC. Although LNM can lead to metastasis

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4326523/
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and poor prognosis of GC, its direct prediction of patient survival was limited [60]. Consistent with this
result was also noted in several previous studies [5, 17, 29]. So, it was almost impossible to accurately
predict the survival of GC patients solely according to genes. Other factors including immune cell
in�ltration, tumor microenvironment and immune detection that could affect the occurrence,
development, invasion and metastasis of tumors should be added in prediction model of LNM and the
survival of GC patients. 

The TME played complex roles in tumorigenesis, progression, metastasis, recurrence, and drug
resistance. For example, multiple immune cells including NK cells, B cells, macrophages and all T cell
subsets were associated with the outcome of treatment for cancer patients [20]. Memory T cells and
cytotoxic T cells were found to be related to the long-term survival in different tumor origins and tumor
cell types, while the effects of other subsets of macrophages, NK cells, B cells and some helper T cells on
prognosis were related to tumor types and stages. As a key component of humoral immunity, B
lymphocytes including plasma cells, B cells memory and B cells naïve have been found to play a positive
immunomodulatory role through various regulatory ways. B lymphocytes can not only actively regulate
the anti-tumor immune process by acting as antigen presenting cells, secreting a variety of cytokines and
producing anti-tumor antibodies, but also play a role in immunosuppressive regulation by inhibiting the
proliferation of immune-activated T cells [61]. However, our study showed that low-risk group had more
abundant plasma cells and B cells naïve than high-risk group, and patients with low proportions of three
types of B cells had signi�cantly worse prognosis than patients with high proportions. Similarly, previous
research showed that tumor progression and recurrence could be inhibited by eliminating B lymphocytes
[62]. Moreover, chemosensitivity of cancer patients could be improved by eliminating B lymphocytes.
Consistent with this result was also noted in another study, which showed that B cells mainly in�ltrated
tissue cancer and were signi�cantly correlated with longer survival of GC patients [63]. 

Several T cell subsets including activated CD4 memory T cells, CD8 cells, natural killer T cells, follicular
helper T cells, T cells regulatory (Tregs) and activated NK cells could impact on the occurrence,
progression and response to immunotherapy in multiple types of cancers [9, 15, 16, 64, 65]. In this study,
high-risk group had more abundant T cells gamma delta and T cells follicular helper while low-risk group
had more abundant T cells CD4 memory resting. We also found that different kinds of T cells had
inconsistent effects on the survival of patients. For example, Tregs was signi�cantly related to shorter
survival of GC patients while T cells follicular helper (Tfh) was signi�cantly associated with better
prognosis of GC patients. Recent a study showed that the gastric tumor sites were in�ltrated by Th17 and
Treg, and the imbalance between Th17 and Treg might promote the metastasis of advanced GC
[66]. Tumor associated-macrophages proved to play a complex role in the gastric carcinogenesis.
Different macrophage subsets had an in�uence on the progression and prognosis of GC [18, 67-69].
Tumor-associated macrophages were divided into M1 and M2 phenotypes. M1 Macrophages were
classically activated macrophage with strong antigen presentation ability and the ability to promote
immunity and kill tumors. M2 Macrophages was a substitute activated macrophage, which had
immunosuppression, promotes tumor matrix remodeling and angiogenesis, and was related to tumor
progression [10, 70, 71]. In this study, high-risk group had more abundant M1 macrophages, M0
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macrophages and M2 macrophages which were found to be signi�cantly associated with longer survival
of GC patients. The effect of macrophage phenotypes on tumors were actually controversial, even some
researchers believed that M2 Macrophages could be reprogrammed into M1 macrophages to inhibit
tumor growth and proliferation through therapeutic procedures [72, 73].

Moreover, high-risk patients had lower TIDE scores, lower T cell exclusion score and higher MSI score
than low-risk patients in the training dataset. Lower TIDE scores, lower T cell exclusion score and higher
MSI score have been found to be bene�t from ICI therapy in various types of cancers [20, 60, 71, 72].
However, given that the overall response rate to PD‐1 therapy was only 20% to 40%, it was so important to
select effective immune-related biomarkers for GC immunotherapy [11, 74]. Interestingly, the LNMGC
could identify GC patients who had respondence to PD-1 inhibition with more accuracy in advanced GC
dataset [21]. At present, the MSI detection was a general approach to screen advanced GC patients who
could bene�t from ICI therapy. Although microsatellite instability had a high incidence of endometrial
cancer and colorectal cancer, this incidence was only 11.68%~33.82% in GCs, failing to detect GC
patients who could be sensitive to immunotherapy. In the study the LNMGC may provide a reference for
classifying GC patients who were sensitive to immunotherapy besides MSI detection. The surrounding
microenvironment of the tumor, closely correlated with the biological function of tumors, consisted of
many types of cells such as endothelial cells, �broblasts, lymphocytes and macrophages, and many
soluble molecules including cytokines, growth factors, antibodies, proteases, chemokines, metabolites
and various enzymes, and extracellular matrix. However, it barely grasped the status of the
microenvironment in speci�c tissues because of lack of precise localization of the tissue space in tumor
and immune microenvironment [75]. In this study the expression of the immune-related genes selected
from speci�c GC tissues or microenvironment could re�ect cell function or assess the status of the
microenvironment, even predict the immunotherapy for GC patients. 

In conclusion, the LGSGC is a reliable predictor to detect the LNM and the prognosis of GC patients.
Moreover, the LGSGC could classify immune and molecular characteristics of GC patients in different risk
groups and identify immunotherapy-positive patients. So, the LNMGC might be a potential indicator may
guiding diagnose and treatment strategies for GC patients. 
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Figure 1

Selection of candidate immune-related genes associated with LNM of GC patients. (A) Diagram of
immune-related genes with the same direction of change between LNP patients and LNN patients in the
GSE62254 dataset and the GSE84437 dataset. (B) LASSO logistic regression for the 54-candidate
differentially expressed immune-related genes (DEIGs) associated LNM in the training dataset
(GSE15459). Two dashed lines are ploted at the optimal value using the minimum value criterion and the
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one-standard error criterion, respectively. (C) Multivariate logistic regression analysis of 14 DEIGs
associated with LNM in GC in the training dataset. (D) Multivariate logistic regression analysis of 14
DEIGs associated with LNM in GC adjusting for other clinicopathologic factors such as Lauren
classi�cation, gender, age and subtypes of GC in the training dataset. LNM, lymph node metastasis; LNN,
lymph node negative; GC, gastric cancer; OR, odds ratio; LNP, lymph node positive; CI, con�dence interval.

Figure 2

Training and validation of the LGSGC detecting LNM of GC patients. (A1-E5) Box plots show standardized
risk scores between LNP patients and LNN patients. The boxes indicate the median ± 1 quartile. (A2-E2)
Waterfall plot shows the standardized risk score according to lymph node status. ROC analysis shows
the predictive value of the LGSGC identifying LNP from LNN in all GC patients (F) and in early GC patients
(G). LGSGC, lymph node metastasis gene signature for gastric cancer.
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Figure 3

Gene function and pathway analysis for the 14 DEIGs. (A) Bar graph of the top �ve functional enrichment
terms and (B) two pathways enrichment terms. (C) Network of the �ve functional enrichment terms,
where nodes are represented by pie charts.
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Figure 4

Association between the LGSGC and the survival of GC patients. (A-D) Kaplan–Meier plots of both risk
groups estimated by the LGSGC in each dataset. (E) ROC analysis of the LNMGC on overall survival of GC
patients in each dataset with time.  
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Figure 5

Molecular characteristics of different risk groups. (A) Enrichment plots of gene sets in high-risk group and
(B) low-risk group from the training dataset (p < 0.05). (C) The mutation frequency of genes in both risk
groups from the TCGA dataset. Columns represent different patients. The upper bar graph represents the
total number of mutations, the left is the mutated gene symbols, and the right bar graph represents the
percentage of mutations. The top 20 mutated genes are sorted by mutation rate.
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Figure 6

The landscape of clinicopathological factors and immune cell subsets in both risk groups from the
training dataset. (A) Box plots of 22 immune cell types proportion. Blue and red colors represent low-risk
group and high-risk group, respectively; the horizontal line in the middle of the box represents the median,
with the 25th and 75th percentiles at the bottom and top, respectively. The Wilcoxon test was used to
compare the differences in both risk groups with signi�cant statistical *p < 0.05, ** p < 0.01, *** p < 0.001,
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**** p < 0.0001. (B) Subtypes of GC, gender, Lauren-classi�cation, UICC stage, alive time, alive status, age,
T stage and LNS are annotated in both groups; Bar charts of proportions of 22 immune cell types for
each GC patient. 

Figure 7
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Heat maps and tables of molecular subtypes of GC in both risk groups. (A) The distribution of four
subtypes (proliferative, metabolic, invasive and unstable) of GC in both risk groups from the training
dataset. (B) The distribution of four subtypes (MSS/TP53−, MSS/TP53+, MSI and EMT) of GC in both
groups from the TCGA dataset. (C) The distribution of two subtypes (MP and EP) of GC in groups from
the GE62254 dataset. MSS/TP53−: TP53 functional loss, MSS/TP53+: intact TP53 activity, MSI:
microsatellite instability, EMT: epithelial-to-mesenchymal transition, MP: mesenchymal phenotype, EP:
epithelial phenotype. The difference of the molecular subtype’s distribution of GC patients between in
both risk groups was analyzed by the chi-square test.  

Figure 8
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Assessment of the LNMGC predicting cancer immunotherapy response. (A) Box plots show standardized
risk score in both groups, from the advanced GC dataset, who have or do not have response to PD-1
inhibition (p-value is determined by the Wilcoxon test). (B) ROC curve shows the predictive value of the
LNMGC discriminating patients, from the advanced GC dataset, who have response to PD-1 inhibition. (C)
The comparation of standardized risk score based on the LNMGC in patients with various types of
cancers, from the IMvigor210 dataset, who are alive or dead (p-value is determined by the Wilcoxon test).
(D) The Kaplan-Meier survival curves of both groups from the IMvigor210 dataset with PD-1 inhibition
therapy (the log-rank test). (E) ROC curve shows the predictive value of the LNMGC discriminating
patients, from the IMvigor210 dataset, who have response to PD-1 inhibition. (F) The comparation of
standardized risk score based on the LNMGC in bladder cancer patients who are alive or dead (the
Wilcoxon test). (G) The Kaplan-Meier survival curves of both groups-patients with PD-1 inhibition therapy
in the bladder cancer dataset (the log-rank test). (H) The comparation of standardized risk score based on
the LNMGC in melanomas patients who are alive or dead (the Wilcoxon test). (I) The Kaplan-Meier
survival curves of both groups-patients with PD-1 inhibition therapy in the melanomas dataset (the log-
rank test). (J) The comparation of the TIDE, MSI, and T cell dysfunction and exclusion score based on the
TIDE module in both group-patients from the training dataset (the Wilcoxon test, ns: not signi�cant). PD-
1: programmed cell death 1; TIDE: Tumor Immune Dysfunction and Exclusion.  
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