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Background

Few studies have addressed the role of immune-related genes in the survival and prognosis of different esophageal cancer (EC) sub-types. We established two new prognostic model indexes by bioinformatics analysis to select patients with esophageal squamous cell carcinoma (ESCC) and esophageal adenocarcinoma (EAC) who may benefit from immunotherapy.



Methods

Based on TCGA and ImmPort data sets, we screened immune genes differentially expressed between tumor and normal tissues in ESCC and EAC and analyzed the relationship between these genes and patient survival outcomes. We established the risk score models of immune-related genes in ESCC and EAC by multivariate COX regression analysis.



Results

We identified 12 and 11 immune-related differentially expressed genes associated with the clinical prognosis of ESCC and EAC respectively, based on which two prognostic risk score models of the two EC sub-types were constructed. It was found that the survival probability of patients with high scores was significantly lower than that of patients with low scores (p < 0.001). BMP1, EGFR, S100A12, HLA-B, TNFSF18, IL1B, MAPT and OXTR were significantly related to sex, TNM stage or survival outcomes of ESCC or EAC patients (p < 0.05). In addition, the risk score of ESCC was significantly correlated with the level of B cell infiltration in immune cells (p < 0.05).



Conclusions

The prognosis-related immune gene model indexes described herein prove to be useful prognostic biomarkers of the two EC sub-types in that they may provide a reference direction for looking for the beneficiaries of immunotherapy for EC patients.
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Introduction

Esophageal cancer (EC) is the seventh most common cancer and the sixth leading cause of cancer death worldwide, with a 5-year survival rate of lower than 20%, seriously affecting human health (1, 2). In 2017, the number of global new EC cases and deaths is 473000 and 436000, respectively (3). It is estimated that there will be about 18440 diagnosed EC cases in 2020 causing about 16170 deaths in the United States (4). The treatment of EC mainly focuses on preoperative chemotherapy or postoperative radiotherapy and chemotherapy. However, about 50% EC patients respond unsatisfactorily to the treatment due to resistance of cancer cells to the chemotherapeutic drugs (5). Esophageal squamous cell carcinoma(ESCC) and esophageal adenocarcinoma (EAC) are two pathological types of EC characterized by different distribution, etiology and risk factors (6, 7). In addition, they vary in molecular characteristics and undergo different changes in their specific genes (8).

In recent years, immunotherapy has emerged as a new treatment for various malignant tumors including EC, knowing that it plays a role in immunosuppression in the tumor micro-environment. Several clinical trials have shown that immune checkpoint inhibitors (ICI) nivolumab and Pembrolizumab can be regarded as new standard second-line treatment strategies for EC (9–14). ICIs include anti-PD1, anti-PD-L1, and anti-CTLA-4 (15). However, only a small number of patients can clinically benefit from ICI treatment because of drug resistance, and some patients even deteriorate sharply after immunotherapy. Therefore, it is necessary to identify biomarkers that can accurately predict patients who could benefit from immunotherapy for the sake of providing individualized treatment (9).

At present, microsatellite instability (MSI), PD-L1, tumor mutation burden (TMB), DNA mismatch repair deficiency (dMMR) and TILs factors are the only factors that are confirmed to be able to predict the efficacy of ICI response (16, 17). One study identified that immune-related genes (ABL1, ATF2, ATG5, C6, CD38, HMGB1, ICOSLG, IL12RB2, and PLAU) were significantly associated with overall survival (OS) of ESCC patients (18). With the emergence of open data sets of gene expression, some studies established immune gene prognostic markers for predicting the survival of EC patients (19). A large-scale multicenter retrospective study analyzed and established immune markers based on four genes (SERPINE1, MMP12, PLAUR and Eps8) in predicting pathological complete remission of neoadjuvant radiotherapy and chemotherapy in EC patients, which is believed to lay a foundation for the combination of neoadjuvant radiotherapy and chemotherapy with immunotherapy (20). The study of Lu et al. showed that CD103+CD8+TIL displayed the tissue-resident memory T cell phenotype and showed high expression of immune checkpoint (PD-1, TIM-3) in ESCC. After blocking anti-PD-1, CD103+CD8+TIL induced strong anti-tumor immunity (21). To help find individual immunotherapy targets, some recent studies established comprehensive prognostic indicators of lung squamous cell carcinoma, colorectal cancer and other tumors based on immune genome map analysis (22–29). However, the prognostic value of immune-related genes in ESCC and EAC as two pathological sub-types of EC has not been fully elucidated.

Using TCGA and ImmPort database, we combined the patient’s clinical information with an immune-related genomic map, and found immune-related genes that were significantly related to prognosis with ESCC and EAC respectively. Based on these genes, we constructed individual immune prognostic index models for EC patients, hoping that they could lay a foundation for promoting individualized immunotherapy of EC.



Materials and Methods


Data Collection and Processing

The process of this study is shown in Figure 1. We used the TCGA database (https://cancergenome.nih.gov/) to obtain immune-related gene transcriptome data, clinical data, and follow-up data of EC patients. In the ImmPort data portal (https://www.immport.org/), the list of immune-related genes was derived.




Figure 1 | Work flow of the study.





Screening of Differentially Expressed Genes

We used the edgeR package to find differentially expressed genes, using |logFC|>1 and FDR < 0.05 as the screening criteria.



Identification of Differentially Expressed Immune-Related genes

We crossed the above differentially expressed genes with immune genes and used the edgeR software package of R software (http://bioconductor.org/Packages/edger/) and Wilcoxon test analysis to obtain the immune differentially expressed genes related to EC.



TF Analysis and Construction of the Regulatory Network of TF-Immune-Related Genes

To explore the regulatory mechanism of immune-related genes related to survival, we searched the Cistrome Cancer database (http://cistrome.org), downloaded tumor-related transcription factors(TFs), and extracted differentially expressed TFs related to clinical prognosis. We constructed an interaction network between these TFs and immune differential genes related to prognosis to explore the mechanism of TF in regulating these genes.



Analysis of Survival-Associated Immune-Related Genes

The patients were randomly divided into two groups: training group and testing group. Using the R software survival software package, we carried out univariate Cox analysis in training group to explore the immune-related genes related to survival of EC patients by integrating the differential immunity-related genes with the survival data of the EC patients.



Development of the Immune Gene Prognosis Model in Training Group

Using multivariate Cox regression, we established an evaluation model of prognostic risk indexes based on EC immune-related genes and calculated the risk indexes using the following equation in training group: Risk score= coefficient of multivariate Cox regression(a) × gene expression level(a) + coefficient of multivariate Cox regression(b) × gene expression level(b) + … + coefficient of multivariate Cox regression(n) × gene expression level(n).



Analysis of the Survival Differences Between High- and Low-Risk Patients

Based on the median score of differential immune gene risk scores related to survival, the patients in training group were divided into high- and low-risk groups. Survival curves were mapped out to explore differences in survival prognosis between the two groups. The survival ROC R software package was used to draw the receiver operating characteristic (ROC) and calculated the area under the AUC curve of the patients to judge the true positive rate. Using the Survminer software package of R software, survival prognosis of the patients in the two groups was assessed.



Validation of the Immune Gene Prognosis Model in Testing Group and Entire Group

We verified the reliability of the prognostic score formula in the testing group and the entire group. We used the formula in the training group to calculate the risk score of each patient in the testing group and the entire group, and divided them into high-risk group and low-risk group respectively. Similarly, the ROC curves of the testing group and the entire group were drawn to evaluate the prognostic value of the model.



Clinical Relevance of the Clinical Characteristics

Using the calculated risk score, the clinical correlation between survival-related immune genes and the patient clinical data including sex and tumor stage was evaluated. Using the ggpubr software package, the clinical correlation between the survival-related immune genes and the clinical data including gender and tumor stage was explored.



Evaluation of Immune Cell Infiltration and the Tumor Microenvironment

The data of immune cell infiltration in EC patients were extracted from the Timer database (https://cistrome.shinyapps.io/timer/) to explore whether the risk score was related. The immune cells included B cells, CD4+T cells, CD8+T cells, neutrophils, dendritic cells, and macrophages.



Statistical Analysis

Differences in immune genes were analyzed using R software (version 3.6.1). The expression of immune-related genes and their relationships with survival were analyzed using one-way ANOVA. The classified variables were determined by the χ 2 test, and the variables with p < 0.05 were subjected to multivariate analysis. Univariate and multivariate Cox regression analyses were used to explain clinicopathological features and risk scores on prognosis. The survival ROC R package was used to calculate the ROC curve and evaluate the accuracy of the immune-related gene prediction index. Differences in clinical parameters were analyzed by independent t-test. p < 0.05 was considered statistically significant. The Kaplan-Meier curve was established by R software survival and Survminer software package. Bilateral Log Rank test and Kaplan-Meier method were used to explore the survival of EC patients in high- and low-risk groups.




Results


Identification of Differentially Expressed Immune-Related Genes

Differentially expressed genes were screened between EC and normal tissues from the TCGA database. It was found that 5942 genes were differentially expressed in ESCC, including 4283 up-regulated and 1659 down-regulated genes. Using the same method, 3026 upregulated genes and 625 down-regulated genes were screened in EAC. By crossing these genes with immune genes, we obtained 372 immune-related differential genes in ESCC, of which 257 were up-regulated and 115 were down-regulated (Figures 2A, B). In EAC, 232 immune-related differential genes were upregulated and 37 were down-regulated (Figures 2C, D).




Figure 2 | Differential immune genes (A) Heat map of esophageal squamous cell carcinoma(ESCC); (B) Volcanic map of ESCC; (C) Heat map of esophageal adenocarcinoma (EAC); (D) Volcanic map of EAC. The Abscissa of the heat map shows the normal tissue (blue) and esophageal cancer tissue (red), and the ordinate shows the genes. In the volcano map, the blue green and black colors indicate upregulated genes, down-regulated genes and genes with no significant difference respectively.





TF Analysis and Construction of the TF-Immune-Related Gene Regulatory Network

We downloaded 83 and 49 different TFs between the two EC subtypes and normal tissues in the Cistrome database, and found that 65 were upregulated and 18 were down-regulated in ESCC (Figures 3A, B), and 43 were upregulated and 6 were down-regulated in EAC (Figures 3C, D) respectively.




Figure 3 | Differential gene expression of immune-related transcription factors (A) Heat map of esophageal squamous cell carcinoma (ESCC); (B) Volcanic map of ESCC; (C) Heat map of esophageal adenocarcinoma (EAC); (D) Volcanic map of EAC.



To understand the regulatory mechanism of these immune differential genes related to prognosis, we developed a regulatory network of TF-immune gene interaction based on these differential TFs and our previously screened immune differential genes, finding that BMP4, CD14, PSME2, HLA-B, IGF2, CKLF, FABP9, IL1F10, TSLP, and OSM were high-risk immune genes while NR2F2, EGFR, and BMP1 were low-risk immune genes in ESCC (Figure 4A). CACYBP, MAPT, CST4, PSMD11, IL17A, PLAU, OXTR, FABP2, CSF2, and TNFSF18 were high-risk immune genes in EAC (Figure 4B).




Figure 4 | Map of transcriptional factors regulating the immune gene network. (A) Esophageal squamous cell carcinoma; (B) Esophageal adenocarcinoma.





Analysis of Survival-Associated Immune-Related Genes

ESCC and EAC patients with complete clinical data were randomly divided into training groups and testing groups. In training groups, we combined the above screened immune-related differentially expressed genes with the clinical information and follow-up data of the patients for survival analysis. To obtain the immune-related differential genes related to prognosis, we used univariate analysis of prognosis-related immune genes(p < 0.05). The results revealed that the 16 genes (CTSL, S100A12, SLC40A1, BMP4, FGF19, TNFSF10, CD14, PSME2, HLA-B, APLN, IGF2, CKLF, FABP9, IL1F10, TSLP, and OSM) were high-risk genes, while NR2F2, EGFR and BMP1 were low-risk genes in ESCC (Figure 5A). Besides, there were 23 high-risk genes and 1 low-risk gene in EAC (Figure 5B).




Figure 5 | Forest map of univariate analysis of prognosis-related immune genes. (A) Esophageal squamous cell carcinoma; (B) Esophageal adenocarcinoma.





Development of the Immune Gene Prognosis Model in Training Group

Based on the immune differential genes related to prognosis and the survival data of patients, we used multivariate COX regression analysis to construct a prognosis model of immune-related genes. Univariate and multivariate COX regression analyses showed that 12 and 11 genes were included in our prognostic model for ESCC and EAC, respectively. The formula for calculating the risk score is as follows: Risk score of ESCC = 0.006486756 × expression level of HLA-B + 0.003511031 × expression level of S100A12 - 0.134223077 × expression level of SLC40A1 + 0.785407491 × expression level of FABP9 - 0.021149907 × expression level of CD14 + 0.238292334 × expression level of APLN - 0.226841694 × expression level of BMP1 + 0.315827065 × expression level of BMP4 + 0.00809996 × expression level of FGF19 + 0.118629975 × expression level of IGF2 + 1.008924188 × expression level of OSM - 0.01772927 × expression level of EGFR (Table 1A). Risk score of EAC = - 1.230594393 × expression level of ULBP1 + 0.060399108 × expression level of IL1B + 0.163713621 × expression level of FABP2 + 2.31747042 × expression level of MAPT + 0.139658347 × expression level of CST4 + 0.132029819 × expression level of CACYBP + 0.156437833 × expression level of DLL4 + 1.690819322 × expression level of IL17A - 0.428632286 × expression level of PGF + 0.943049137 × expression level of TNFSF18 + 0.568394224 × expression level of OXTR (Table 1B).


Table 1A | The coefficients and HR values of the immune gene prognostic model of esophageal squamous cell carcinoma.




Table 1B | The coefficients and HR values of the immune gene prognostic model of esophageal adenocarcinoma.





Analysis of Survival Differences Between High- and Low-Risk Patients

Taking the median as the demarcation, we divided the patients into a high-risk group and a low-risk group according to the risk score, and found that survival prognosis of the patients in the high-risk group was significantly worse than that in the low-risk group(p < 0.001)(Figures 6A and 7A). Under the ROC curves, the area was 0.835 in ESCC and 0.888 in EAC, showing high true positive rates(Figures 6D and 7D). The number of deaths in the high-risk group was significantly higher than that in the low-risk group, and the survival time was also significantly shorter than that in the low-risk group (Figures 6G and 7G).




Figure 6 | Evaluation and verification of the model in esophageal squamous cell carcinoma. Kaplan-Meier analysis in high and low risk groups in the train group (A), testing group (B) and entire group (C); ROC curve in the train group (D), testing group (E) and entire group (F); survival status in the train group (G), testing group (H) and entire group (I).






Figure 7 | Evaluation and verification of the model in esophageal adenocarcinoma. Kaplan-Meier analysis in high and low risk groups in the train group (A), testing group (B) and entire group (C); ROC curve in the train group (D), testing group (E) and entire group (F); survival status in the train group (G), testing group (H), and entire group (I).



We performed multivariate Cox regression analysis to adjust gender, tumor stage, tumor size, lymph node metastasis status, distant metastasis, and other factors (Figure 8 and Table 2). The analysis chart shows that the risk score could independently predict the prognosis of both ESCC and EAC patients (p < 0.001).




Figure 8 | Univariate and multivariate regression analyses of esophageal squamous cell carcinoma(ESCC) and esophageal adenocarcinoma (EAC). Univariate regression analysis: (A) ESCC; (C) EAC. Multivariate regression analysis: (B) ESCC; (D) EAC.




Table 2A | Univariate and multivariate regression analysis of independent prognostic factors of esophageal squamous cell carcinoma.





Table 2B | Univariate and multivariate regression analysis of independent prognostic factors of esophageal adenocarcinoma.






Validation of the Immune Gene Prognosis Model in Testing Group and Entire Group

The area under the ROC curves of the testing group and the entire group of ESCC was 0.822 and 0.787 respectively (Figures 6E, F), and that of EAC was 0.704 and 0.778 respectively (Figures 7E, F), which showed good predictive ability. The Kaplan-Meier curve showed us the difference in survival rate between the high-risk group and the low-risk group. For ESCC, the results showed that the overall survival rate of the high-risk group was significantly lower than that of the low-risk group in both the testing group (p = 6.19e-03, Figure 6B) and the entire group (p = 4.643e-04, Figure 6C). In the case of EAC, we came to the same conclusion(p = 1.544e-02, Figure 7B; p = 1.442e-06, Figure 7C). Figures 6H and 7H show the survival states in the testing cohort and Figures 6I and 7I show that in the entire cohort, in ESCC and EAC, respectively.



Clinical Relevance of the Clinical Characteristics

We also explored the relationship between the risk score, immune-related differential genes and clinical characteristics of the tumors(p < 0.05) (Table 3). The results showed that the expression of immune-related differential gene MAPT, TNFSF18, and OXTR in EAC in males were higher than that in females (Figures 9G, I, J), and vice versa for the expression of IL1B (Figure 9F). The S100A12 gene expression was associated with the tumor stage in ESCC patients (Figure 9C). Its expression in stage 3-4 EC was lower than that in stage 1 and 2. In the T stage, the expression of TNFSF18 in the 3-4 stage was significantly higher than that in the 1-2 stage in EAC (Figure 9H). However, ESCC patients enriched with gene BMP1 and EGFR were often accompanied with a better M stage, devoid of distant metastasis (Figures 9A, D). The study also found a significant positive correlation between our model risk score and the T stage in EAC (Figure 9K). In terms of the survival outcome of ESCC, HLA-B was a risk gene, and its high expression indicated a poor survival outcome (Figure 9B), while the higher the expression level of EGFR, the greater the likelihood of survival (Figure 9E).


Table 3A | Relationships between the expression of immune-related genes and the clinicopathological factors in esophageal squamous cell carcinoma.





Table 3B | Relationships between the expression of immune-related genes and the clinicopathological factors in esophageal adenocarcinoma.







Figure 9 | Correlation analysis of the clinical factors. Esophageal squamous cell carcinoma: (A–E) Esophageal adenocarcinoma: (F–K).





Evaluation of Immune Cell Infiltration and the Tumor Microenvironment

We used Timer samples to explore whether the immune genome could indicate the tumor immune microenvironment status in EC patients. We downloaded the immune infiltration level in EC patients, analyzed and visualized the correlation between prognosis-related immune genes and immune cell abundance using TIMER database. The result showed that the level of B cell infiltration was negatively correlated with the score of our immune differential gene evaluation model related to the prognosis of ESCC(p < 0.05)(Figure 10A). We found no other statistical correlation between this prognostic index and six kinds of immune cell infiltration(Figures 10B–L).




Figure 10 | The relationship between the model index and the level of immune cell infiltration, including B-cell, CD4-T cell, CD8-T cell, macrophage, neutrophil and dendritic cell. Esophageal squamous cell carcinoma: (A–F); Esophageal adenocarcinoma: (G–L).






Discussion

In recent years, immunotherapy has become a research hotspot in cancer therapy. It is necessary to explore the indicators to predict the prognosis of patients on immunotherapy for the sake of screening out immunotherapy beneficiaries. So far, we found no clear consensus biomarker to predict the efficacy of immunotherapy for EC. Few studies have classified the results of immune-related genes in EC according to its histological sub-types. In this study, we analyzed the whole genomes of ESCC and EAC in the TCGA database and established the immune gene prognostic models related to the prognosis of ESCC and EAC based on respective 12 and 11 genes. In addition, we explored the clinical significance of these immune-related genes and their correlations with immune cell infiltration with a view to improve the efficacy of immunotherapy and promote the development of individualized immunotherapy for EC patients.

Genome analysis strongly suggests that ESCC and EAC are different tumor entities, and their genetic change profiles are very different (8, 30). A study on the genomic characteristics of EC found that ESCC and EAC had a set of driving genes that were almost mutually exclusive, indicating that their development was independent (31). Our univariate COX regression analysis showed that 19 and 24 differential immune genes were related to the prognosis of ESCC and EAC respectively. Among them, we mainly analyzed four genes (EGFR and BMP1 in ESCC and IL-1B and MAPT in EAC) that were related to gender, tumor stage, lymph node metastasis, distant metastasis, and other clinical features in EC, supposing that they might play essential roles in the prognosis of EC patients.

The overexpression of epidermal growth factor receptor (EGFR) in ESCC often indicates a poor prognosis (32). It was reported that an ESCC-targeted antibody could improve the radiosensitivity of recurrent ESCC with overexpression of EGFR, suggesting an effective treatment (33). In their in vitro and in vivo model study, Hoi and his team found that chemotherapy upregulated the expression of PD-L1 in ESCC by activating the EGFR/ERK pathway, suggesting that anti-PD-L1 immunotherapy combined with conventional chemotherapy could achieve a better therapeutic effect (5). Another study showed a correlation between the expression of PD-L1 and EGFR in ESCC, as well as a negative correlation between them on tumor cells or tumor-infiltrating immune cells in ESCC (34). However, few studies focused on the relationship between EGFR gene expression in EC and the prognosis of patients undergoing immunotherapy. Our study found that EGFR was an immune differential gene in patients with ESCC, and its down-regulation was associated with poor prognosis. The expression of EGFR in patients without distant metastasis was higher than that in patients with distant metastasis, and its high expression often indicated a better survival outcome. Our study identified that BMP1 was also an immune differential gene related to prognosis in ESCC, and a high expression of BMP1 tended to indicate a lower possibility of distant metastasis. It was reported that the up-regulation of BMP1 may indicate the poor prognosis of gastric cancer (35), osteosarcoma (36), renal clear cell carcinoma (37), and other tumors. Nevertheless, the study of BMP1 in EC has not been reported.

Interleukin1β (IL-1β) is considered an essential regulatory factor that promotes tumor progression, metastasis and immunosuppression (38, 39). In addition, IL could be used as a biomarker for the prognosis of non-small cell lung cancer (40). A team study on the relationship between genetic polymorphisms of IL1A and IL1B and thyroid cancer in the Chinese Han population showed that IL1Ars3783521 was a risk factor for thyroid cancer, and rs3136558 and rs1143623 in the IL1B gene suggested susceptibility to the disease in patients older than 48 years (38). Our pilot study showed that IL-1B was a risk immune-related differential gene for EAC, and its expression was generally higher in females than that in males. It was found in the present study that MAPT expression was associated with poor prognosis in EAC, and its expression in men was higher than that in women. Some studies using the TCGA database found that MAPT gene expression was closely related to survival of patients with low-grade gliomas (41). By analyzing the clinical data of patients with breast cancer, Pan et al. concluded that MAPT-AS1 may be a potential therapeutic target for ER-negative breast cancer related to tumor growth, invasion and drug resistance (42). The prognostic role of MAPT in prostate cancer and childhood blastoma were also proposed in some studies (41).

More importantly, we reported herein two prognostic index models of immune-related genes based on the expression levels and corresponding regression coefficients of specific genes in ESCC and EAC. The risk score of EC patients was calculated to provide reference for predicting the efficacy of immunotherapy in EC patients. According to the score, the patients were divided into a high-risk group and a low-risk group. The results showed that the survival prognosis of the high-risk group of ESCC and EAC was significantly worse than that of the low-risk group, and the higher the risk score, the worse the prognosis. Previous studies explored some markers to predict the efficacy of chemotherapy and radiotherapy in EC patients, but there are few biological indicators to evaluate the efficacy of immunotherapy for the EC subtypes. A study of immune-related genes in EC is similar to ours, but it does not reflect the difference of immune-related genes in different pathological types of EC. In this study, we established a prognostic score model based on nine genes (HSPA6, CACYBP, DKK1, EGF, FGF19, GAST, OSM, ANGPTL3 and NR2F2). We also analyzed the clinical associations of these genes and found that DKK1 was associated with worse T stages of EC. The expression of OSM in patients with tumor stage III and IV was reportedly higher than that in patients with stage I and II (43). Xi et al. developed a prognostic model of EC based on the histological grade, tumor location, baseline PET SUV max and lymph node size and found that it could be used to evaluate whether induction chemotherapy before neoadjuvant radiotherapy and chemotherapy could benefit the patients (44). Wang and his team established a model for predicting the postoperative survival of ESCC by using UBE2C and MGP genes, as well as the clinicopathological factors including the tumor staging and grade (45). A study on the genome of ESCC used data from two clinical centers and found that NFE2L2 may be a tumor suppressor in ESCC. However, its mutation was found to be associated with poor prognosis, and hot spot mutations in the SLC35E2 promoter region also indicated a low survival rate (46).

Besides, We also explored the relationship between our model risk score and immune cell infiltration. The tumor immune microenvironment contains a variety of immune cells including dendritic cell, natural killer cell, macrophage, T and B lymphocyte, all of which can affect the efficacy of ICIs (47). However, we only concluded that the immune differential gene risk score related to prognosis was negatively correlated with B cell infiltration in ESCC. In the study of other immune cells, no correlation was found between the infiltration level and the score of the model. A recent study used tissue microarray of ESCC and EAC to explore changes in immune cell infiltration in the two EC subtypes by the immunohistochemical method. Their results showed that CD45RO+ and CD8+ cells were highly expressed in EC, and the level of invasion in ESCC was higher than that in EAC (48). Guo et al. also created immune-related genes in the prognostic index score in EC. Unlike our results, they found no statistically significant correlation between B cell infiltration and the score, while the positive level of dendritic cell and macrophage neutrophil suggested a higher risk score (43), which is inconsistent with our results. Therefore, we analyzed their research and found that sample differences might cause this inconsistency.

Our work had some potential limitations. First, our research data came from the public databases, which may lack detailed clinical treatment plans and follow-up information in some patients. Second, our study is a retrospective analysis, and it is therefore necessary to verify the prognostic role of these immune-related genes in EC in larger-scale studies. In addition, current work lacked clear evidences that patients with specific scores could or could not benefit from immunotherapy. Finally, we failed to clarify the relationship between immunogenomics, proteomics, and metabonomics and explore the immunobiological mechanism of EC at the molecular level.



Conclusions

We identified the immune differential genes of different EC subtypes by using the public databases for genome analysis and established a model index of immune differential genes related to prognosis. The results of the present study may provide a new idea for individualized immunotherapy for EC patients.
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