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Abstract
Background: Gastric cancer is a common lethal cancer worldwide. We aimed to develop a reliable,
individualized, immune-related prognostic signature that can be used to stratify and estimate prognosis
in patients with gastric cancer. Methods: This retrospective study analyzed the gene expression pro�les
of gastric cancer with tumor tissue samples from The Cancer Genome Atlas (TCGA) and Gene Expression
Omnibus (GEO) cohorts, which included 676 cases in total. Immune genes from the InnateDB database
were selected to develop and validate an immune-related prognostic model for gastric cancer patients.
Results: An immune-related gene pair (IRGP) model was constructed that enabled us to stratify patients
into high- and low-risk immune risk groups in the training set. Patients with a low risk score had a
signi�cantly longer median survival time than those with a high risk score. Further, we compared the
predictive accuracy of the IRGP model with clinical characteristics, including TNM, grade, age, and stage.
The results showed that the model had the highest mean C-index (0.69) compared with grade (0.55) or
stage (0.60) in survival prediction. Then, we constructed a nomogram that integrated the IRGP model with
independent clinical characteristics, which showed the best prognostic accuracy compared with other
signatures. Conclusion: A clinical-immune signature based on IRGP is a promising prognostic biomarker
in gastric cancer. Prospective studies are needed to further validate its accuracy and to test its clinical
utility in individualized treatment.

Background
Gastric cancer is the �fth most common malignancy and the second leading cause of cancer-related
death in the world [1]. Surgical resection is currently the most effective therapeutic method for gastric
cancer. Although the 5-year overall survival in early gastric cancer can exceed 90% with early diagnosis
and multidisciplinary treatment, long-term outcomes for patients with advanced gastric cancer remain
unsatisfactory [2–3]. The TNM staging and histological subtype systems are the most used
clinicopathological variables for routine prognostic prediction and treatment of gastric cancer. However,
large clinical studies have shown that the present TNM staging system does not provide accurate
prognostic value and cannot be used to stratify high-risk patients [4–5]. Therefore, novel prognostic
biomarkers for gastric cancer are urgently needed to identify patients with worse survival and higher
mortality and to optimize treatment strategies for them.

Immunotherapy, as an emerging treatment, has shown signi�cant therapeutic promise for some cancers
[6–7]. In-depth studies on immune response are increasingly common. The various components of the
immune system are recognized as determinants for cancer development and progression [8]. Evading
immune damage has been recognized as a new hallmark of cancer [9–10]. Increasing evidence has
suggested that the immune-related components of the tumor microenvironment not only re�ect the
immune response and chemotherapy bene�t [11–12], but also correlate with clinical outcomes in various
cancers, including gastric cancer [13]. Therefore, understanding the immune features of gastric cancer
may offer clinicians new tools to treat the disease and predict prognosis. Publicly available large-scale
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gene expression datasets provide a way for us to conduct a more generalized prognostic analysis based
on immune-related gene expression signatures.

In this study, we integrated multiple cohorts with gene expression data to develop and validate
individualized prognostic features of gastric cancer with immune-related gene pairs (IRGPs). To exploit
the complementary value of molecular and clinical characteristics, we further performed an integrated
analysis to improve the predicted accuracy of gastric cancer.

Methods
Gene expression and clinical data from TCGA and GEO cohorts

Transcriptome expression pro�les and corresponding clinical information of gastric cancer were
downloaded from the Genomic Data Commons Data Portal of The Cancer Genome Atlas (TCGA,
https://www.cancergenome.nih.gov/). The expression data was FPKM (fragments per kilobase million)
type, which contained 376 gastric cancer cases as of December 2018. Samples without clinical
information or with overall survival time <30 days were excluded. Genes with FPKM of zero in more than
half of samples were also eliminated. Only expression pro�les of immune-related genes were included.

For the second dataset, the microarray data and clinical information of GSE62254 were downloaded from
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), which contained 300 gastric cancer
samples. Only primary tumor data and expression pro�les of immune-related genes were included, and
samples with overall survival time <30 days were removed.

Immune-related gene pair construction

We constructed a prognostic signature based on immune-related genes from data downloaded from the
InnateDB database (https://www.innatedb.com/). The data included various endogenous immune-related
genes (IRGs) of several species supported by the literature and manually corrected [14]. In this study,
human IRGs were collected, and a total of 1039 genes were eligible after removing genes with repeated
names. The list of immune-related genes is given in Additional File 1.

To assess the difference between RNA-seq data from TCGA and microarray data from GEO, we used IRG
and IRGP values to perform correlation clustering analyses for samples from the two cohorts,
respectively.

First, a number of IRGPs were constructed, with the number being (1039 × 1038)/2. The IRGP values were
calculated based on the speci�c gene expression level to generate a score. The IRGP score was assigned
as 1 if IRG1 was less than IRG2; otherwise, it was 0. Then, the IRGP score of each sample in both the
TCGA and GEO cohorts was calculated. Because of platform factors and biologically preferential
transcription [15], some IRGPs had constant values (0 or 1). To improve the accuracy of the results, we
removed IRGP scores with constant values (0 or 1) for all samples in both cohorts.

https://www.cancergenome.nih.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.innatedb.com/
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Integrating IRGPs from different datasets and grouping

To build a prognostic signature, the IRGPs shared by the two datasets were extracted to divide them into
different sets. The TCGA data were divided into a training set and validation set. The IRGPs of GEO were
used as an independent testing set.

To prevent the bias of random allocation from affecting the stability of the subsequent model, samples in
the TCGA cohort were repeatedly grouped 100 times in different randomizations. The group sampling
was in accordance with a training set:validation set ratio of 0.5:0.5. Criteria for selecting the most
appropriate training set and testing set should be that (1) the two groups were similar in age distribution,
clinical stage, follow-up time, and patient death rate, and (2) the number of the two classi�cations of the
two data sets randomly clustered was close.

Construction and validation of an immune-related prognostic model

We developed the immune-related prognostic model using the training set. The signi�cant different IRGPs
were de�ned by univariate Cox regression analysis with p value = 0.05. Because a traditional Cox
regression model could not be used directly to select highly correlated genes, least absolute shrinkage
and selection operator (LASSO) was used to shrink the regression coe�cients; LASSO is a type of biased
estimation with complex collinearity data and it better solves the multicollinearity problem in regression
analysis [16-17]. LASSO L1-penalized Cox analysis was performed by using glmnet R package, and a
relatively small number of potential parameters were selected. Finally, an immune-related prognostic
model was constructed using the regression coe�cients derived from multivariate Cox regression
analysis. Then, the risk score of each sample was calculated. To separate patients into low- or high-risk
groups, the median risk score was determined as the cut-off value. The prognostic value of the IRGP
model was evaluated using receiver operating characteristic (ROC) regression and Kaplan-Meier survival
analysis in different cohorts. Then, the immune-related prognostic model was validated in other data
sets.

Functional annotation and enrichment analysis of the immune-related genes in the model

To gain biological understanding of the IRGPs, functions of all the immune-related genes in IRGPs were
explored. Then, enrichment analysis was conducted using Gene Ontology (GO). The immunological
pathways of genes in Kyoto Encyclopedia of Genes and Genomes (KEGG) were also determined using an
R package (clusterPro�ler, v3.8).

Construction and validation of a composite immune-clinical prognostic model

Prognostic risk models were constructed using clinical features of TNM, grade, age, and stage from the
TCGA dataset. Then, we integrated traditional prognostic clinical factors and the IRGP risk model to
create a composite immune-clinical prognostic index by applying Cox regression in the TCGA dataset
using the R package rms.
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To individualize the predicted survival probability for 1, 3, 5, or 7 years, we constructed a nomogram
based on the clinical characters and RiskScore results of the multivariate analysis. The nomogram, which
uses the length of a line to indicate the degrees of different factors affecting the result, is a method that
can display the results of a risk model more intuitively and effectively. It was convenient to apply in the
prediction of outcomes. We constructed the nomogram model with the clinical features TNM, stage, age,
and RiskScore.

A concordance index (C-index) was used to determine the discrimination of the nomogram, which was
assessed by a bootstrap approach with 1000 resamples [18]. Furthermore, the predictive accuracies of
the nomogram and other clinical characteristics were compared by using the C-index. ROC curve analysis
was also assessed to predict the prognostic values of models by age, stage, and IRGPs. Then, we
validated the accuracy of the nomogram in predicting prognosis using different datasets.

Statistical analysis

All analyses were conducted using R software (version 3.5.2; https://www.r-project.org/). Univariate Cox
proportional hazards regression analysis of the relationship of IRGP and clinical factors with overall
survival was assessed using log-rank test. LASSO regression analysis was used to further condense the
quantity of factors signi�cantly associated with overall survival in univariate analyses. Survival R
package was used for Kaplan-Meier curve analysis. The C-index was estimated using the R rms package,
which was also used to build the nomogram, including signi�cant clinical characteristics and calibration
plots. Survival rate of ROC analysis was calculated by time ROC R package. All statistical tests were two-
sided, and p values < 0.05 were considered statistically signi�cant.

Results
Data from TCGA and GEO cohorts

A �owchart of the analysis procedure for the study is shown in Fig. 1. A total of 336 patients diagnosed
with gastric cancer in the TCGA cohort remained. After preprocessing the initial data, we further divided
the TCGA dataset into a training set and a validation set, which contained, respectively, 167 and 169
patients (Additional Files 2, 3). The GEO dataset contained 266 patients and was considered the
independent testing set. Detailed clinical characteristics of all patients are listed in Table 1.

Table 1. Clinical information of all the patients from TCGA and GEO cohorts.
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TCGA Training set Validation set Testing set

Event        

Alive 197 92 105 148

Dead 139 75 64 118

T        

T1 15 4 11  

T2 74 37 37 169

T3 156 72 84 78

T4 87 51 36 19

TX 4 3 1  

N        

N0 99 49 50 36

N1 91 41 50 116

N2 68 34 34 67

N3 68 35 33 47

NX 10 8 2  

M        

M0 302 143 159 243

M1 22 16 6 23

MX 12 8 4  

Stage        

I 45 17 28 28

II 106 52 54 87

III 137 70 67 81

IV 34 20 14 68

X 14 8 6 2

Grade        

G1 9 4 5  

G2 119 54 65  
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TCGA Training set Validation set Testing set

G3 199 104 95  

GX 9 5 4  

Age        

0 ~ 50 28 13 15  

50 ~ 60 80 37 43  

60 ~ 70 100 51 49  

70 ~ 80 109 58 51  

80 ~ 100 19 8 11  

Consistency results of datasets from the two cohorts

We used IRG and IRGP data to make correlation clustering analyses for samples from the TCGA and GEO
datasets, respectively. The results showed that IRG data were obviously separated from the two platforms
(Additional Figure 1). The IRGP data could also separate data from the two platforms (Additional Figure
2), but the difference was signi�cantly decreased and the correlation was closer (Additional Figure 3).
This analysis showed that platform differences were largely eliminated after the two datasets had been
transformed by IRGP. This meant that the scores calculated entirely by gene expression pro�le of a tumor
sample could be used to compare data between different platforms without the need for normalization.

Construction of an immune-related prognostic model and evaluation of its predictive ability

The training and validation sets had, respectively, 167 and 169 samples (Additional Files 4, 5). Detailed
information of the two groups is given in Table 1. 

A total of 358,255 IRGPs from the TCGA cohort were divided into training and validation sets; 9620 IRGPs
that were signi�cantly different by univariate Cox regression analysis were selected for the training set
(Additional File 6). The relationship between p value and hazard ratio (HR) of the 9620 genes is shown in
Figure 2. The HR values corresponding to the IRGPs with signi�cant p values usually deviated from 1.
Because there were too many correlated covariates, we applied Cox-proportional hazards analysis to
select the greatest prognostic value of IRGPs basing on LASSO estimation. Then, 11 IRGPs were selected
to construct an IRGP model by using L1-penalized Cox proportional hazards regression on the training
set, which was S100A8_vs_TREML2*-1.70 + CD36_vs_NOD1*1.09 + PTGS2_vs_IL1A*-1.37 +
HDAC11_vs_C4BPA*-0.89 + MID2_vs_TRAF3*1.13 + ZBP1_vs_TRIM62*-2.29 + AAMP_vs_ITGAV*-0.56 +
CCNT1_vs_TRAF2*0.50 + CTCF_vs_CSK*0.38 + ARF6_vs_ITGAV*-0.31 + IL4R_vs_CSK*-0.16.

Considering that the integral distribution of overall survival time of the sample was >2 years, we
evaluated the prediction effects of the model for 1, 3, and 5 years using the four datasets. The average
areas under the curve (AUC) of the training set, validation set, testing set, and TCGA+GEO were 0.89, 0.74,
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0.64, and 0.67, respectively (Figure 3). The model signi�cantly strati�ed patients into high- and low-risk
(Risk-H and Risk-L, respectively) immune risk groups in the training set. The distribution of Risk-H and
Risk-L group samples in different overall survival times is shown in Figure 3. We also found that the
quantity of samples in Risk-H and Risk-L group in 0 year and 1 year was not much different. However, the
number of samples in the Risk-H group gradually became less than those in the Risk-L group 5 years later,
and the tendency became more signi�cant as overall survival time prolonged (Figure 3).

We predicted Kaplan-Meier survival curves for the Risk-H and Risk-L groups based on the 11-IRGP
predictive model on the training set, validation sed, and testing set, TCGA+GEO dataset. There was a
signi�cant difference in overall survival time between the two groups in all datasets, and patients with a
low risk score had a signi�cantly longer median survival than those with a high risk score (Figure 4).

Pathway enrichment analysis of immune-related genes in the prognostic model

Enrichment analysis for the 20 unique genes in the 11 IRGPs identi�ed 12 signi�cant genes (p < 0.05)
(Table 2). The �rst three obviously enriched genes belonged to the gene families histone deacetylases, P-
TEFb complex, and TNF receptor-associated factors. The most signi�cant function and pathway
enrichments were positive regulation of nuclear factor kappa-B (NF-κB) transcription factor activity and
interleukin (IL)-17 signaling pathway (Figure 5).

Table 2. Results of enrichment analysis for the 20 unique genes in the 11 IRGPs.
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GeneFamily Genes pvalue padj

Histone deacetylases, class IV HDAC11 0.00 0.03

P-TEFb complex CCNT1 0.00 0.09

TNF receptor associated factors TRAF2 0.01 0.14

Zinc �ngers TRAF3 0.01 0.27

Integrin alpha subunits ITGAV 0.02 0.33

S100 calcium binding proteins S100A8 0.02 0.43

NLR family NOD1 0.02 0.44

Scavenger receptors CD36 0.02 0.48

ARF GTPase family ARF6 0.03 0.55

Interleukin receptors IL4R 0.04 0.73

Interleukins IL1A 0.04 0.75

Sushi domain containing C4BPA 0.05 0.98

X-linked mental retardation MID2 0.07 1

Tripartite motif containing TRIM62 0.08 1

SH2 domain containing CSK 0.08 1

V-set domain containing TREML2 0.13 1

WD repeat domain containing AAMP 0.21 1

Zinc �ngers C2H2-type CTCF 0.47 1

unknown PTGS2/ZBP1 1 1

Comparison of the immune-related model with clinical characteristics

As the signi�cant correlation between clinical features of TNM, stage, and prognostic results, there were
signi�cant prognostic differences between the samples grouped by clinical features from the TCGA
dataset (Additional Figure 4). We compared the predictive accuracy of the immune-related prognostic
model with clinical characteristics including TNM, grade, age, and stage. The model had the highest
mean C-index (0.69) compared with grade (0.55) and stage (0.60) (Figure 6). These results indicated that
the 11-gene-based risk model performed better than conventional characteristics in predicting survival.

Integrating the immune-related prognostic model with clinical characteristics
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Discussion
Gastric cancer remains one of the deadliest malignant tumors worldwide because of its complicated
cellular and molecular heterogeneity [3]. Patients suffering from gastric cancer are at substantial risk for
recurrence and death, even after radical surgery. To improve the overall survival time of these patients,
other therapeutic methods, such as chemotherapy, radiotherapy, targeted therapy, and immunotherapy,
should be performed. Because of tumor heterogeneity, traditional treatments have not achieved very good
results. Treatment options are lacking for all the patients to treat with the similar methods. Thus, stable
and accurate prognostic signatures are urgently needed to identify those patients with refractory disease
and worse survival. As an emerging treatment, immunotherapy has shown encouraging results in many
cancers, including gastric cancer [20]. It is very important for clinicians to identify patients at a high risk
of recurrence and who may bene�t from additional treatment. Therefore, reliable prognostic biomarkers
are critically needed to select these patients and administer appropriate treatment. Some prognostic
models do currently exist for gastric cancer [21–22], but their accuracy at estimating survival remains
limited.

Large-scale public cohorts with gene expression data have allowed researchers to establish more
generalized prognostic signatures for gastric cancer. In view of the biological heterogeneity among
different data sets and the technical bias across measurement platforms, gene expression data should
be appropriately normalized to make a predictive model robust. To overcome this problem, we used a
relative ranking method based on gene expression levels to eliminate the di�culties in pre-processing
data, a method that has shown good performance in non-small-cell lung cancer [23].

To provide clinicians with a quantitative approach to predicting the prognosis of gastric cancer patients,
we constructed a nomogram that integrated the immune-related prognostic model with independent
clinical characteristics [19]. Because the M stage had no signi�cant correlation with grade and prognosis,
only the TN+Stage+Age+RiskScore nomogram was constructed (Figure 7). In the nomogram, a point
scale was used to assign points to these variables. Then, the sum of points for all variables was recorded
as the total points. The probability of patient survival at 1, 3, 5, and 7 years is assessed by drawing a
vertical line from the total point axis straight downward to the relevant outcome axis. The RiskScore was
found to contribute the most risk points, ranging from 0 to 100, compared with other clinical factors.

We compared the predictive accuracy of this nomogram in training set, whose performance (C-index:
0.73) (Figure 6) was better than that of Stage+Age+RiskScore (C-index: 0.72), RiskScore (C-index: 0.69),
or Stage (C-index: 0.60). Then, we used the datasets from validation set and GSE62254 to further validate
the accuracy of the nomogram in predicting prognosis. The time-dependent AUC indicated that the
nomogram had relatively accurate prediction for 1-, 3-, 5-, and 7-year survival rate, which were 0.75, 0.81,
0.81, 0.75 in validation set (Figure 8A), and 0.85, 0.81, 0.78, 0.79 in GSE62254 set (Figure 8B),
respectively. In sum, these �ndings suggested that the nomogram was better for predicting survival time
in gastric cancer patients than other clinical prognostic factors.
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In this study, we combined immune-related genes in the tumor microenvironment with clinical markers,
developed a prognostic model based on 11 immune-related gene pairs for gastric cancer, and validated it
in independent data sets. Our results showed that the immune-related model could predict prognosis and
stratify patients into high- and low-risk subgroups better than traditional clinical characteristics. We
further compared the prognostic values of immune-related genes and signi�cant clinical characteristics
and found that models integrating both had a more accurate estimation.

Studies have indicated that the tumor microenvironment, mainly comprising immune cells, plays a critical
role in tumor growth and progression [24–25]. Accumulating evidence indicates that innate and adaptive
immune systems are crucial factors in tumor initiation and progression [26]. Evading immune damage
had been recognized as a new hallmark of cancer. Understanding the immune status and functions of
in�ltrated immune cells in the tumor microenvironment could help to improve the response rate of
immunotherapy. Certain histopathological patterns, such as intratumoral in�ltration of cytotoxic
lymphocytes, are associated with better prognosis for several cancer types [27–28]. The InnateDB
database supplied human innate immune genes. In this study, we identi�ed 11 IRGPs consisting of 20
immune-related genes. Most genes in our signature were related to cytokines, cytokine receptors, and
antivirals. Studies have demonstrated that cytokines and cytokine receptors play important roles in
in�ammatory processes, chemotaxis, and angiogenesis [29]. They can directly cause programmed death
of tumor cells, increase the number and activity of immune effector molecules, and improve the ability of
the immune system to recognize tumor cells [30–31].

The two most signi�cant gene ontology were positive regulation of NF-κB transcription factor activity and
regulation of multi-organism process. The former can activate T cells by upregulating a variety of
cytokines, such as tumor necrosis factor (TNF)-α and interferon-γ, which are necessary for the immune
response. Then, NF-κB can regulate diverse processes such as innate immunity, in�ammation, and cell
proliferation and apoptosis [32]. The pathways of the genes including IL-17 signaling pathway, TNF
signaling pathway, necroptosis and so on, all of which could perform a role in in�ammatory response and
immune regulation.

Clinical stage has been the traditional standard for distinguishing the degree of malignancy of cancers.
Patients with cancers of different stages had different prognoses, but the accuracy of the prognosis was
still controversial [33]. A risk model based on immune-related genes could more accurately re�ect
patients’ immune status and prognosis. In each clinical stage subgroup, the Risk-H and Risk-L samples
were generally different, which showed that the model could better evaluate the risk of patients and
indicated that the prognosis of patients with gastric cancer was highly correlated with their clinical
features.

To improve the survival time of patients suffering from gastric cancer, it is necessary to identify patients
at a high risk of recurrence through prognostic models and to develop personalized treatments. However,
traditional clinical pathological stage cannot accurately stratify the patients. Our prognostic predictive
model has several strengths. First, only immune-related genes that have clearly physiological functions
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were selected. This is more practical, especially for patients undergoing immunotherapy. Second,
compared with other signatures and clinical features, the model was more robust in stratifying patients
and predicting survival. Third, to eliminate the di�culty of data preprocessing from different platforms
and normalizing them, we used a relative ordering method that previously showed robust performance in
non-small-cell lung cancer [23].

Limitations
Although our research provides new insights into the immune microenvironment and immune-related
therapies of gastric cancer, it has some limitations. First, it is a retrospective study, so the results must be
con�rmed by prospective studies. Second, the data sets are not large enough. Third, the model is
developed from numerous immune-related genes, and further experiments of their function and
mechanism in gastric cancer is warranted to support their clinical application.

Conclusion
A clinical-immune signature based on immune-related gene pairs is a promising prognostic biomarker in
gastric cancer, and it could be used to stratify and predict patients’ survival. Prospective studies using
larger clinical and gene expression data sets are needed to validate its accuracy and test its clinical utility
in individualized treatment of gastric cancer.
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Figure 1

Flowchart describing the procedure of developing and validating the prognostic values of immune-related
gene-based model.
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Figure 2

Relationship between p value and HR of IRGPs in training set. Red dot represented 9620 genes with log
(rank p)<0.05, which usually deviated from 1. HR, hazard ratio.
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Figure 3

Time-dependent ROC curve analysis of the immune-related prognostic model, sample distribution of Risk-
H and Risk-L groups in different OS, proportion of Risk-L to total samples varying with different OS in the
(A) training set, (B) validation set, (C) testing set, and (D) TCGA+GEO. OS, overall survival times.
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Figure 4

Kaplan-Meier survival curves for Risk-H and Risk-L groups based on the immune-related prognostic model
on the (A) training set, (B) validation set, (C) testing set, and (D) TCGA+GEO. The curves show overall
survival based on the relative high- and low-risk patients divided by the optimal cut-off point.
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Figure 5

(A) GO and (B) KEGG enrichment analysis for the 20 genes in the immune-related prognostic model.
Circle size represented p value, and circle color represented gene count.
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Figure 6

Comparision of the predictive accuracy of the immune-related prognostic model with clinical
characteristics including TNM, grade, stage and age. TN+Stage+Age+RiskScore had the highest C-index
(0.73) compared with immune-related prognostic model (0.69), grade (0.55) and stage (0.60).
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Figure 7

Nomogram predicting 1‐, 3‐, 5- and 7‐year overall survival for patients with gastric cancer. The nomogram
is assessed by adding up points identi�ed on the point scales for each variable. The total points projected
on the bottom scales indicate the probability of 1-, 3-, 5- and 7-year overall survival.

Figure 8
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The time-dependent ROC curves for the prognostic model in the (A) validation set and (B) GSE62254
cohort. The ROC curves indicate relatively accuracy of the prognostic model.
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