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Abstract

Background
Gastric cancer is a common but lethal cancer owing to de�cient in effective treatment. Substantial
evidences have proved that immune in�ltration plays a key role in progression of gastric cancer. This
study aimed to establish a signature based on immune related genes that can predict clinical outcomes
and therapeutic e�cacy.

Methods
The expression data from The Cancer Genome Atlas database and 4617 immune related genes from
previously published 160 immune gene sets were collected for development and validation of the
signature. Cox proportional hazard regression model was used to construct the signature. The reliability
and forecasting ability were evaluated by two independent datasets from GEO.

Results
A gene model consisting of 47 immune related genes was used as our signature. Risk scores were
calculated based on the coe�cient and the expression level of each gene in this model. The low risk
score group had an obviously favorable prognosis than the other group in all cohorts. Both of univariate
and multivariate analysis suggested that our immune gene signature was an independent prognostic
factor. Single sample gene Set Enrichment Analysis (ssGSEA) revealed that high risk score was
associated with high Th17 cell in�ltration, low mast cell and pro- angiogenesis immune cell in�ltration.
More importantly, patients with high risk score presented high tumor mutation burden (TMB), which is an
essential element for predicting therapeutic e�cacy of immune check point inhibitor.

Conclusion
This signature is a promising tool to predict prognosis and screen out population who can get bene�t
from immune check point inhibitor.

Introduction
According to GLOBOCAN 2018 data, gastric cancer has become the 5th most frequently diagnosed tumor
type and the 3rd most lethal cancer worldwide1. Given the heterogeneity of advanced stomach cancer, the
prognosis of patients is di�cult to predict and the treatment effects of various conventional means,
including surgery, chemotherapy and radiotherapy, are rare. The classic prognosis predicting model is the
eighth American Joint Committee on Cancer tumor, node and metastasis (TNM) classi�cation2. Although
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this model provides a quick estimate, but the speci�city and sensitivity are limited. Han et al. established
a prognosis predicting model based on age, sex, location, depth of invasion, number of metastatic lymph
nodes and number of examined lymph nodes, which performs better in predicting long-term overall
survival than previous models3. As the immune check point inhibitors achieved great success in the
treatment of melanoma, tumor immunology has attracted much attention world widely. Thus, it is
indispensable to take immune cells and immune related pathways into account when developing a
prognosis predicting model.

The center of therapy has transferred from the tumor itself to the microenvironment. Evidence revealed
that the most signi�cant components of the tumor microenvironment are tumor-related stromal cells and
in�ltrating immune cells4. Several research have demonstrated that intra-tumoral IL17-producing cells,
tumor-in�ltrating lymphocytes, tumor-activated neutrophils and CD8 T cell are closely connected to
tumorigenesis of gastric cancer5–8. Recently, Thorsson et al. identi�ed six immune subtypes
characterized by diversities of immune signature among 33 different cancer type according to 160
immune gene sets9. Profoundly understanding the expression level of immune related gene in stomach
would provide clinicians with more precise prognostic information.

Therefore, it’s crucial to develop an immune signature in the light of a comprehensive immune gene sets
that can re�ect the immune microenvironment of individuals and help to improve the ability of prognosis
forecasting.

In this study, we concentrated efforts on developing an immune signature to estimate the prognosis and
screen out population who can get bene�t from immunotherapy based on well established immune gene
sets. The expression data of 862 gastric cancer patients from The Cancer Genome Atlas (TCGA)
database and the Gene Expression Omnibus (GEO) database were collected for analysis. Next, several
analyses are employed to evaluate the performance of our model. Furthermore, we demonstrated that
this immune signature had the ability to predict the response to immune checkpoint inhibitors.

Methods
Cohort Datasets and Immune Related Genes

TCGA RNA-seq datasets and clinical data of gastric cancer were collected through the Genomic Data
Commons Data Portal (https://portal.gdc.cancer.gov/) as training set. Microarray data and corresponding
clinical data of total 500 patients were download from the GEO database
(http://www.ncbi.nlm.nih.gov/geo). Only the cohorts with more than 50 gastric cancer sample and overall
survival time were retained, resulting in a total of 862 patients. The clinical features of the included
cohorts were summarized in Table 1. The immune-related features of cancer were collected from
previously published work9, which was available at https://gdc.cancer.gov/about-
data/publications/panimmune. Only the immune genes expressed among all the samples will be retained
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for building our model. Since our data were obtained from public databases and we entirely complied by
the publishing guidelines provided by TCGA and GEO, there were no necessity for ethical approvals.

Differentially Expressed Gene (DEG) Analysis

The DEseq2 package was applied to DEG analysis based on HTSeq-Counts data from TCGA database10.
The DEGs were de�ned as genes with a log2 fold change > 1 and P-value <0.05. The Venn Diagram
package was used for generation of differential immune related gene11. Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis were conducted by the
cluster Pro�ler package in R to investigate the potential biologic functions of differentially expressed
immune related genes12-14. Functional categories with an adjusted P value less than 0.05 were deemed
as signi�cant pathways.

Establishment and validation of the immune signature for gastric cancer

The expression data and survival data of TCGA database were used to develop the immune signature.
Univariate analysis and log Rank test were applied to �nd immune gene associated with prognosis. For
the genes with prognostic capability, Lasso and multivariate Cox regression analysis was adopted to
identify the best gene model for predicting prognosis of gastric cancer patients. Both forward and
backward selection were utilized to achieve a series of gene signature, and the best performing gene
signature was established according to the Akaike Information Criterion (AIC). Then, the risk scores were
calculated based on the coe�cients and the expression level of genes in this model. Consequently, the
patients can be divided into low-risk group and high-risk group according to the median of risk score. The
concordance (c)-index was used to con�rm the forecasting ability of the signature in all the cohorts15.
The receiver operating characteristic (ROC) curve was applied to asses the sensitivity and speci�city of
the model. General expression of immune related genes in our signature were showed with heatmaps in
all the TCGA dataset and GEO datasets. The survival time and status of patients were displayed with dot
plots. The distribution of low-risk group and high-risk group were showed with curve graphs.

Survival Analysis

The overall survival (OS) of the low-risk group and the high-risk group were graphically exhibited by the
Kaplan-Meier (K-M) survival curves. The univariate and multivariate analyses of survival were operated
for both the immune signature and clinicopathologic features to identify the independent predictor of
prognosis in gastric cancer. “survminer” package and “survival” package were applied to perform above
analyses and generate several graphs.

Single Sample Gene Set Enrichment Analysis

The marker gene set for 25 most frequent immune cell types were available from Şenbabaoğlu Z et al.16.
Enrichment scores of each immune cell in all patients were derived from the GSEA program.
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Brie�y, the in�ltration levels of immune cell types were quanti�ed by ssGSEA in the R package “GSVA”17.
The difference of enrichment scores of 25 immune cells in low-risk group and high-risk group were
investigated with student test. We also performed univariate analysis to �nd the immune cells associated
with prognosis. The correlation between enrichment score of prognostic immune cell and risk score was
�gured out by Pearson correlation.

Somatic Mutation Load and Neoantigen Analysis

Aggregated somatic mutation data with Mutation Annotation Format (MAF) form were download from
the GDC Portal (https://portal.gdc.cancer.gov/).

R package called “maftools” was used to extract the mutational information from download �les and
check the overview of mutation in gastric cancer 18. Given the signi�cant role of nonsynonymous
mutations in generating neoantigen epitopes, we integrated the mutation data to �gure out the number of
each category of mutations. Since the tumor mutation burden (TMB) is the leading indicator of the
therapeutic effect of immune checkpoint inhibitors, we explore the difference of TMB between low-risk
group and high-risk group. The TMB is evaluated by the total number of nonsynonymous mutations,
including nonsense mutation, missense mutation, splice site mutation, frameshift mutation and inframe
mutation. The association of our signature with the single nucleotide polymorphism were also analyzed.
Furthermore, the number of neoantigens was downloaded from previously published research 19 so that
we can identify the relationship between the immune gene signature and the number of neoantigens in
stomach cancer patients.

Statistical Analysis

Statistical comparison was performed with student’s t test. The “ggplot2” and “ggpubr” R packages were
utilized to generate bar plot and violin plots. “pheatmap” R package was used to generate heatmaps.
Two-tailed p values less than 0.05 were thought to be statistically signi�cant. All analyses were
performed with R software version 3.6.2 (https://www.r-project.org/)

Results
Construction of immune signature

In order to identify gastric cancer speci�c immune related gene, we �rst perform differential gene analysis
by DEseq2 R package. There are 4567 differentially expressed genes compared with adjacent normal
tissue. Then, we check the immune gene list among all the three cohorts to make sure they express in all
gastric cancer samples. A total of 608 immune-related genes were identi�ed as differential expressed in
gastric cancer tissues (Figure 1A). The univariate analysis was applied with all the 608 immune related
genes for TCGA STAD datasets. There were 104 most remarkable genes �ltered out with the criteria of a
p-value less than 0.05. Multivariate Cox analysis were performed on the 104 immune related genes to
generate the best gene signature in terms of predicting the overall survival of gastric cancer patients and
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47 genes were eventually selected to develop a prognostic mode. The risk score of each patient was
calculated based on the sum of the average expression of genes multiplied corresponding coe�cients in
multivariate Cox analysis, gene list and the coe�cient values were showed in Table S1. Then all the 862
stomach cancer patients in three cohorts were classi�ed into a low-risk group and a high-risk group in
terms of the median risk score. The overview of survival time and expression heatmap of genes in our
model were presented in Figure 1B-D.

Validation of Immune-related Prognostic Signature

To sustain our immune gene signature, we calculated the c-index for the forecast of overall survival. The
c-index for TCGA dataset, GSE62254 and GSE15459 were 0.7754, 0.7082 and 0.7742 respectively (Figure
2A), which meant the high predictive veracity of the signature for survival. The area under the ROC curve
for 5-year OS in TCGA dataset, GSE62254 and GSE15459 were 0.730, 0.733 and 0.798 respectively,
indicating that this prognostic model presented a wonderful sensitivity and speci�city (Figure 2B-D).
Survival analysis presented that patients of high-risk showed dramatically poorer overall survival than
those of low-risk in all the three datasets (P < 0.001; Figure 3A-C).

Independence of Immune-related Gene Signature from Other Clinical Features

A total of 862 gastric cancer patients with clinical information, including gender, age, tumor stage, TNM
classi�cation were selected for analysis. We further analyzed 300 patients of GSE62254 dataset with
more detailed data, such as recurrence, MLH1 immunohistochemistry (IHC) and EBV in-situ hybridization
(ISH). The univariate Cox analysis represented that stage III( p<0.05), stage IV (p<0.005), M1 (p=0.0157),
N1-N3 (p<0.05), MLH1 IHC (p=0.0012), recurrence (p<0.0001) and risk score (p<0.0001) were signi�cantly
associated with overall survival (Figure 4). Multivariate Cox analysis further indicated that our immune
related gene signature could be independent predictor of patients’ overall survival after regulated by other
clinical factors in TCGA dataset [Hazard ratio (HR) =1.2865, 95% con�dence intervals (95% CI) 1.2236-
1.3526, p<0.0001], GSE62254 dataset (HR=1.3200, 95% CI 1.1965-1.45, p<0.0001) and GSE15459 dataset
(HR=1.0240, 95% CI 1.0132-1.0350, p<0.0001), as demonstrated in Figure 5.

Association of Risk Score with Immune Cell In�ltration

As shown in Figure 6A, in�ltration level of eosinophils, macrophages, mast cells, Natural killer cells (NK
cells), Plasmacytoid dendritic cells (pDC), gamma delta T cells (Tgd cells) and angiogenesis related
immune cells in high-risk group were higher than low-risk group, whereas in�ltration level of T helper cells
and Th2 cells in low-risk group were higher than high-risk group.

In addition, the relationships between immune cell in�ltration and the risk score were analyzed by
Pearson correlation. Eosinophils, macrophages, mast cells, Natural killer cells (NK cells), Plasmacytoid
dendritic cells (pDC), gamma delta T cells (Tgd cells) and angiogenesis related immune cells were
positive correlated with risk score. However, T helper cells and Th2 cells were negative correlated with risk
score (Figure 6B).

https://www.thesaurus.com/browse/eventually
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Association of Risk Score with Tumor Mutation Burden and Neoantigen

Therapeutic e�ciency of immune checkpoint inhibitor could be estimated with nonsynonymous mutation
burden20, 21. Thus, we detected the association of our immune signature and each type of
nonsynonymous mutation. Furthermore, we would like to explore whether our immune signature could be
an predictor of reaction to immune checkpoint inhibitor in terms of the number of neoantigen. In general,
patients with low risk score revealed higher nonsynonymous mutation load than those with high risk
score (p=0.012, Figure7A). In addition, low-risk group patients had higher missense mutation (p=0.011,
Fig. 7B), splice site mutation (p = 0.015, Fig. 7D) and Single Nucleotide Polymorphism (SNP) (p=0.012,
Figure 7I) .We did not �nd this relationship in nonsense mutation (p = 0.052, Fig. 7C), frameshift mutation
(Figure 7E and F), inframe deletion (p = 0.053, Figure 7G), inframe insertion (p=0.45, Figure 7H), total
deletion mutation (p=0.075, Figure 7J), and total insertion mutation (p=0.37, Figure 7K). Moreover, we
found there be a positive correlation between the signature and the number of neoantigens in TCGA
STAD dataset (Figure 7L).

Discussion
The treatment and prognosis prediction of gastric cancer were still an exciting challenge for investigators
and clinicians. Researches of tumor immunology and clinical trials of immune checkpoint inhibitor shade
light on the critical role of immune-related gene in the development and

prognosis of stomach cancer22–24. In this study, we developed a reliable prognostic signature based on
immune related gene sets in TCGA dataset and validated its e�cacy in external GEO datasets. Our
signature demonstrated the speci�c landscape of prognostic immune gene expression of gastric cancer
and provided a predictor of prognosis and therapeutic effect of immune checkpoint inhibitors.

In the current investigation, 608 differentially expressed immune-related genes were �ltered from 375
samples of gastric cancer and 32 normal tissues. This step could help us to screen out gastric cancer
speci�c immune related genes. After univariate analysis and Cox hazard proportion regression analysis,
47 immune related genes were identi�ed to constitute our signature. Since we screen out these 47genes
from prognosis related gene, each gene could be a predictor of prognosis, and integration of these genes
could develop a more robust model. Most genes of our signature, such as COL1A1, COL3A1, COL1A2,
TIMP1, RGS5 and so on, had been proved that they played critical roles in development and prognosis of
various types of cancer25–30.This study demonstrated that our signature was closely correlated with
overall survival of gastric cancer patients in all the three datasets. Concordance index and ROC curve
were utilized to prove our model play well in predicting patients’ OS in gastric cancer. Univariate and
multivariate analysis revealed that risk score was positive related with high risk in TCGA dataset and GEO
datasets and could be an independent predictor of prognosis. However, some clinical factor, including
TNM classi�cation and stage were not independent predictor of OS, which means that our signature
performed better than classical prognostic model.

https://www.collinsdictionary.com/zh/dictionary/english-thesaurus/explore
https://www.collinsdictionary.com/zh/dictionary/english-thesaurus/reveal
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1824-4#Fig7
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Furthermore, this research demonstrated that our signature was associated with several immune cell
in�ltration. The high-risk group mainly displayed enrichment of immunosuppressive cells, such as mast
cell and angiogenesis related immune cells, which was consistent with other researches. Lv et al. had
found mast cell degranulation could effectively promoted the proliferation and inhibited the apoptosis of
gastric cancer cells in vitro and contributed to the growth and progression of gastric cancer tumors in
vivo31. Angiogenesis is one of hallmarks of cancer, and stromal cells can produce various angiogenic
factors, including vascular endothelial growth factor, interleukin-8, platelet-derived endothelial cell growth
factor, and angiopoietin in gastric cancer32, 33. The low-risk group revealed enrichment of T cells to
enhance the capacity of adaptive immunity34.

More interesting, we found low-risk group was associated with higher nonsynonymous mutation,
missense mutation, splice site mutation and Single Nucleotide Polymorphism than high-risk group. Given
the signi�cance of tumor mutation burden in forecasting the response to immunotherapy, we could infer
there may be a relationship between our signature and response to immunotherapy. We also found that
the low-risk group was positively correlated with number of neoantigens, which further demonstrated that
our signature could accurately predict the therapeutic effect of immunotherapy. Considering tumor PD-L1
expression was regarded as candidate biomarkers of immunotherapy, we further estimated the
relationship of our model and PD-L1 expression. However, our model was not associated with PD-L1
expression. Therefore, more efforts should be made to evaluate this model in gastric cancer patients
treated with immune checkpoint inhibitors.

Much progression had made in the tumor immune microenvironment of gastric cancer. Jiang Y et al. had
developed the SVM signature based on seven immune related features to predict response to
chemotherapy in gastric cancer35. Wang H et al. had established the stromal-immune score-based gene
signature as a prognosis strati�cation tool in gastric cancer36. Refolo MG et al. had utilized

an immune gene expression signature to divide the gastric cancer patients into different molecular
classi�cation37. The major strengths of this study were that we developed this signature based on all the
known immune cell genes and genes participating in immune related pathways and the ability of
predicting response to immune checkpoint inhibitors of this signature. Besides, most genes in our
signature had been demonstrated to be key roles in development and progression of gastric cancer, which
can further prove that our signature was reliable to predict the prognosis of gastric cancer patients.

Nonetheless, there were several shortcomings of this study should be acknowledged. First, our training
cohort only contains 375 cases, which is too little to implement internal validation. Second, our signature
was developed based on retrospective data. Thus, large number of gastric cancer samples with clinical
information and expression data of 47 signature genes are needed to prove the e�ciency of our model.
Besides, the biological functions of our signature genes are required to be investigated by experimental
studies. Finally, the ability of immunotherapeutic effect prediction of our immune signature is not well
estimated due to lacking in patients treated with immune checkpoint blockades.
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Conclusions
In summary, this study generates an immune-related signature that can not only predict the prognosis of
gastric cancer patients but also forecast the response to immune checkpoint inhibitors. This signature
can be utilized to identify the immune status of gastric cancer so that individualized therapeutic
schedules will be made to achieve a better outcome for patients.
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Note: age presented as mean±SD, TCGA The Cancer Genome Atlas

Figures



Page 14/23

Figure 1

Overview of the immune-related signature. (A) The Venn diagram presented the differentially expressed
immune-related genes in the TCGA dataset. (B-D) Heatmap of the signature consisting of 47 immune-
related genes in the TCGA dataset, GSE62254 dataset, and GSE15459 dataset. The median risk score
divided patients into the low-risk group and the high-risk group
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Figure 2

Validation of the immune-related signature. (A) The c-index of both training and external testing sets. The
c-index for the TCGA dataset, GSE62254, and GSE15459 were 0.7754, 0.7082, and 0.7742, respectively.
(B-D) ROC curves of three cohorts showing the excellent capability of the prediction model for overall
survival rates of patients with gastric cancer. The area under the curve of the TCGA dataset, GSE62254,
and GSE15459 were 0.730, 0.733, and 0.798, respectively
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Figure 3

The survival analysis of the signature for three datasets. The high-risk group demonstrated poor overall
survival than the low-risk group in the TCGA dataset, GSE62254, and GSE15459 (P<0.0001)
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Figure 4

The Univariate Cox regression analysis of clinical features and the signature for training and testing sets.
The HR of the signature in the TCGA cohort was 1.2334, with 95% CI from 1.1865 to 1.2821 (P<0.0001).
The HR of the signature in the GSE62254 cohort was 1.5795, with 95% CI from 1.4475 to 1.7235
(P<0.0001). The HR of the signature in the GSE62254 cohort was 1.5795, with 95% CI from 1.4475 to
1.7235 (P<0.0001). TCGA The Cancer Genome Atlas, HR hazard ratio, 95% CI 95% con�dence interval
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Figure 5

Multivariate Cox analysis revealing independently predictive capability of the signature for overall
survival. The signature was able to independently predict patients’ outcome in the TCGA cohort
(HR=1.2865, 95% CI 1.2236-1.3526, P<0.0001), the GSE62254 cohort (HR=1.3200, 95% CI 1.1965-1.4562,
P<0.0001), and the GSE15459 cohort (HR=1.0240, 95% CI 1.0132-1.0350, P<0.0001)
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Figure 6

Genomic correlations with the signature in TCGA gastric cancer. (A) The oncoplot of 14 mutation genes
which were associated with the signature. (b) The dot plot presented the result of enrichment analysis for
Gene Ontology. (C-F) GSEA revealed that the most signi�cant pathways correlated with the immune-
related signature
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Figure 7

Single sample gene sets enrichment analysis revealed the in�ltration level of 25 immune cell types
between the high-risk group and the low-risk group
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Figure 8

Relationship between the risk score and in�ltration abundances of 25 types of immune cells
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Figure 9

The relationship between the signature and nonsynonymous mutation burden, different nonsynonymous
mutation types, and neoantigen. (A) The low-risk group had a higher nonsynonymous mutation burden
(P=0.012). (B) The low-risk group was associated with a higher number of missense mutations
(P=0.011). (C) There was no relationship between the risk score and the number of nonsense mutations.
(D) The low-risk group was associated with a higher number of splice site mutations (P=0.011). (E) There
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was no relationship between the risk score and the number of frameshift deletion. (F) There was no
relationship between the risk score and the number of frameshift insertions. (G) There was no
relationship between the risk score and the number of inframe deletion. (H) There was no relationship
between the risk score and the number of inframe insertion. (I) The low-risk group was associated with a
higher number of SNP (P=0.012). (J) There was no relationship between the risk score and the total
number of insertion mutations. (K) There was no relationship between the risk score and the total number
of deletion mutations. (L) The low-risk group was associated with a higher number of neoantigens
(P=0.012). DEL deletion, INS insertion, SNP single nucleotide polymorphism, NeoAgs neoantigens
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