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Background: The mortality rate of esophageal cancer is on the continuous increase. Fortunately, with the development of 
immunotherapy, the prognosis and survival rate of patients with esophageal cancer have been improved gradually. 
Objective: Immune markers have a crucial part in immunotherapy. Therefore, it is of great meaning to delve further into 
immune-related biomarkers of esophageal cancer for better treatment.
Materials and Methods: In this study, gene co-expression networks were established using weighted gene co-expression 
network analysis, thus forming gene modules with different clusters. The tumor immune microenvironment was assessed 
with the ESTIMATE algorithm.
Results: Analysis of the module Eigen gene -immune score trait indicated that the black module was markedly associated 
with immune score, with the top 80 genes regarding correlation ranking as the candidate hub gene set. Enrichment analysis 
revealed that genes within the black module were primarily enriched in tumor immune-related functions. To mine the 
hub genes that were closely connected with immunity, protein-protein interaction networks were constructed by STRING 
for genes within the black module, and genes with the interaction score top10 were retained. They were intersected with 
hub genes to finally obtain four hub genes: CCR5, LCP2, PTPRC and TYROBP. The samples were divided into high- 
and low-expression groups by the median expression of hub gene, and survival analysis was performed in combination 
with clinical information. The results revealed that the high-expression groups of genes LCP2 and PTPRC had a poor 
prognosis. TIMER immune cell infiltration analysis revealed that the expression levels of the 4 hub genes were positively 
correlated with immune cell infiltration and negatively correlated with tumor purity. In addition, these 4 hub genes were 
correlated with the expression of immune checkpoint genes CTLA-4 and PDCD1 positively. Gene set enrichment analysis 
enrichment analysis demonstrated that there were differences in tumor immunity and cancer-related pathways between 
high and low expression of 4 hub genes.
Conclusion: Altogether, we identified four biomarkers that may have connection with tumor immunity, and speculated 
that these genes may influence patient prognosis by affecting pathways related to esophageal cancer immunity. This study 
will pave the way for the research of immune mechanisms of esophageal cancer and the analysis of patient’s prognosis.
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1. Background
Esophageal cancer is a malignant tumor and is also 
a common digestive system tumor (1). The 5-year 
survival rate of esophageal cancer patients is only about 
10% with insidious early clinical symptoms. Current 
strategies for treating esophageal cancer mainly consist 
of endoscopic mucosal resection (EMR), cisplatin (such 
as cisplatin combined with 5-FU, etc.), or other drugs, 
like fluorouracil or capecitabine, etc. (2-4). Though the 
5-year survival rate increased from 10% to 15% ~ 40% 
after resection surgery, it is generally at a low level (5, 
6). With the development of cancer immunotherapy 
technology, the prognosis and survival rate of patients 
with esophageal cancer have gradually improved. 
Esophageal squamous cell carcinoma (ESCC) is the 
main histological type of esophageal cancer. Kato 
K et al. (7) found that patients with advanced ESCC 
who underwent PD-1 inhibitor nivolumab have a 
remarkably higher prognostic survival rate than those 
in the chemotherapy group, with a sharp reduction in 
adverse prognostic events. Y Baba et al. (8) discovered 
that tumor infiltrating lymphocytes (TILs) surrounding 
esophageal cancer cells are associated intimately with 
a favorable prognosis for patients. Therefore, in-depth 
study of esophageal cancer immune-related biomarkers 
is of great importance for cancer immunotherapy and 
prognosis.
The tumor microenvironment exerts an essential role in 
cancer development. Cancer develops and progresses 
concurrently with alterations in the surrounding stroma. 
Cancer cells can shape their microenvironment by 
secreting various cytokines, chemokines, and other 
factors (9). Pan et al. (10) analyzed the expression 
of LAYN, a hub gene regulating T cell function, in 
gastric cancer and colon adenocarcinoma, and revealed 
that the infiltration levels of CD4+ T cells, CD8+ T 
cells, macrophages, neutrophils and dendritic cells 
are higher in the high-expression group, with worse 
prognosis of patients. Y Ino et al. (11) revealed by 
immunohistochemical analysis combined with survival 
curves that high levels of infiltration of tumor-infiltrating 
pan-macrophages, M2, Neu and other immune cells are 
related to shorter prognostic survival in patients with 
pancreatic ductal carcinoma, while higher levels of 
infiltration of tumor-infiltrating CD4+ T cells and CD8+ 
T cells are associated with longer prognostic survival 
time in patients. TILs can influence the prognosis of 
patients with gastrointestinal cancers such as colorectal 

cancer (12, 13). Adile Orhan et al. (14) further revealed 
the prognostic value of subset of TILs for patients 
with pancreatic cancer, indicating that patients with 
high infiltration of CD8+ T cells and CD3+ T cells 
have increased prognostic overall survival (OS), while 
patients with high infiltration of FoxP3 + lymphocytes 
have worse OS. The above studies all illustrate that the 
tumor immune microenvironment has a close link with 
the prognosis of cancer patients.
Weighted gene co-expression network analysis 
(WGCNA) is a method utilized to analyze gene 
expression patterns of multiple samples. As a com-
prehensive R function, it can cluster genes through 
similar gene expression patterns to form modules, 
providing a basis for analyzing the connection between 
genes and specific characteristics. And it has an 
important role in identifying candidate biomarkers or 
therapeutic targets (15). Wan et al. (16) divided uveal 
melanoma genes into 21 modules by WGCNA and 
confirmed the hub genes of each module in combination 
with clinical information and enrichment analysis, 
ultimately revealing that SLC17A7, NTRK2, ABTB1, 
and ADPRHL1 may serve as biomarkers affecting 
tumor recurrence. Yang et al. (17) found the correlation 
between modules and inflammatory response by 
WGCNA analysis of differentially expressed genes 
in glioblastoma multiform (GBM), combined with 
enrichment analysis, and revealed that up-regulated 
NMI may play a pivotal role in GBM development 
through inflammatory reaction. The above results 
demonstrate the reliability of WGCNA-based mining 
of cancer treatment biomarkers.
In this study, we analyzed the esophageal cancer gene 
expression data in TCGA database by WGCNA and 
constructed a gene co-expression network. Combin-
ed with ESTIMATE analysis, immune-related co-
expressed gene modules in esophageal cancer were 
identified and immune-related hub genes were mined. 
Hub genes with higher interaction scores were 
mined by protein-protein interaction (PPI) network 
and intersected with hub genes to further screen 
immune-related hub genes in esophageal cancer. 
The expression of hub genes in tumor samples was 
analyzed, and the association with clinic pathological 
stages was analyzed, combined with survival analysis 
and enrichment analysis, so as to further clarify the 
correlation between hub genes that may be served as 
biomarkers and prognosis and immune pathways. 
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This study may provide new therapeutic targets for 
immunotherapy of esophageal cancer.

2. Objective
Immune markers have a crucial part in immunotherapy. 
Therefore, it is of great meaning to delve further into 
immune-related biomarkers of esophageal cancer for 
better treatment.

3. Materials and Methods
 
3.1. Data Sources 
The transcript mRNA expression dataset TCGA-
ESCA and clinical information of human esophageal 
cancer were obtained from TCGA database (https://
portal.gdc.cancer.gov/), and the data were comprised 
of 160 tumor samples and 11 normal samples, and the 
transcript data format was FPKM. The top 25% of 
genes ranked in the median absolute deviation (MAD) 
of tumor samples after sample filtering were selected 
as the study subjects. 

3.2. Immune Microenvironment Analysis 
The tumor microenvironment includes not only tumor 
cells, but also tumor-related epithelial cells, immune 
cells, stromal cells, and vascular cells. Among them, 
stromal cells and immune cells constitute the main 
non-tumor components, and their expression levels 
can be judged by the nature of transcripts to further 
determine the tumor purity in tumor tissues, which is 
of great value for diagnosis and prognostic evaluation 
of tumors. In this study, R package “estimate”(18) was 
utilized to analyze the transcription of genes in tumor 
samples and obtain four indicators related to cellular 
immunity, namely, Immune Score, Stromal Score, 
ESTIMATE Score and Tumor Purity.

3.3. Construction of Gene Co-Expression Network 
To screen immune-related hub genes in esophageal 
cancer, we constructed a weighted co-expression 
network based on TCGA-ESCA gene expression data 
using the R package “WGCNA”(15), Firstly, the data 
were preprocessed and the genes with expression 
level of 0 in 80% of the samples in TCGA-ESCA were 
excluded, and the top 25% of the genes with MAD were 
retained. The sample cluster tree was constructed using 
hierarchical clustering to eliminate outlier samples, 
and finally, 4,882 genes in 160 samples were used as 

the subjects for subsequent analysis (15). A similarity 
matrix was constructed using Pearson correlation 
test, and a power function was used to transform the 
correlation matrix into an adjacency matrix so that the 
connections among genes in the network were more in 
line with the scale-free network distribution. The scale-
free topological criterion was defined as the correlation 
between module average connectivity (k) and p (k) 
of 0.85, and the optimal soft threshold β (power) was 
screened to construct a scale-free topological network 
and transform the adjacency matrix into a topological 
overlap matrix (TOM). Finally, hierarchical clustering 
was performed on TOM to merge highly similar gene 
modules (setting the module minimum number of genes 
to be 50 and the anisotropy threshold to be 0.25).

3.4. Target Module Acquisition and Gene Functional 
Analysis 
For the selection of the gene modules with the highest 
correlation with tumor immune characteristics, 
Immune Score, Stromal Score, ESTIMATE Score 
and Tumor Purity obtained by ESTIMATE algorithm 
were used as clinical traits (https://r-forge.r-project.
org/projects/estimate/). The correlation between these 
traits and module eigengene (ME) was analyzed using 
Pearson correlation, and finally, modules prominently 
associated with immune traits were selected for 
subsequent analysis. Functional enrichment analysis 
of the genes within the modules was performed using 
the R package “clusterProfiler” (19) with the screening 
criteria: p value<0.05 and q value<0.05.

3.5. Identification of Hub Genes 
The Gene significance (correlation between modules 
and clinical traits), as well as Module Membership 
(correlation between genes within modules and 
module eigenvalues), was calculated respectively. 
With cor.geneModuleMembership >0.8 and cor.
geneTraitSignificance >0.8 for candidate hub genes 
within the threshold screening module composed 
candidate hub gene set. For all genes within the 
selected modules in STRING (http://string-db.org/cgi/
input.pl), the website built a PPI network to screen hub 
genes using an interaction score >0.4 as a screening 
threshold (https://doi.org/10.1093/nar/gkg034). The 
obtained candidate hub gene set was overlapped 
with the top 10 genes obtained from the PPI network 
screening.
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Figure 1. Weighted gene co-expression network analysis. A) Correlation between scale-free topological model 
fit and soft threshold (β), B) Correlation of average connectivity with each soft threshold (β), C) Histogram of 
connectivity distribution at β=6, D) Scale-free topological test at β=6, E) Dendrogram of all co-expressed genes 
based on dissimilarity measure (1-TOM) clustering. Different colors represent different gene modules, F) Heatmap of 
the correlation between ME of each module and Stromal Score, ESTIMATE Score, Immune Score, and Tumor Purity.

A) B)

E)

F)

C) D)
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3.6. Validation of Hub Genes 
To validate the association between hub gene and 
clinical and prognostic outcomes, patients were first 
divided into high- and low-expression groups of hub 
genes by the optimal classification threshold of the R 
package “survival” based on the expression level of 
hub gene, followed by Kaplan-Meier survival analysis 
(20). The results were then visualized by the R package 
“suvminer” (https://cran.r-project.org/web/packages/
survminer/survminer.pdf) (21). Also, to reveal the 

association of hub gene with tumor immunity, based 
on the TIMER database (https: //cistrome.shinyapps.io/
timer/), the content of six immune cells (B cell, CD4+ 
T cell, CD8+ T cell, Neutrophil, Macrophage, Dendritic 
cell) and the expression data of immune checkpoint 
(CTLA4, PDCD1) genes in each sample of esophageal 
cancer were obtained. And the correlation between 
the high- and low-expression of each hub gene and 
the content of immune cells was assessed by TIMER 
(https://cran.r-project.org/web/packages/timeR/timeR.

Figure 2. Enrichment analyses of MEs within the black module. A) Bubble plot of GO functional 
enrichment analysis of MEs within black module, with dot size indicating the number of gene enrichments; 
B) Bubble plot of KEGG pathway analysis of MEs within black module, with dot size indicating the 
number of gene enrichments. The smaller the P value, the redder the dot color tends to be.

A)

B)
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pdf). Finally, gene set enrichment analysis (GSEA) 
was performed by R package “clusterProfiler”(19), and 
the results were visualized by R package “enrichplot” 
(22) (https://bioconductor.org/packages/devel/bioc/
manuals/enrichplot/man/enrichplot.pdf).

4. Results 

4.1. Esophageal Cancer Gene Co-Expression Network 
Construction and Immune-Related Module Screening 
The samples and genes that were not up to the standard 
in TCGA-ESCA dataset were eliminated, and finally, 
160 esophageal cancer samples and 4,882 genes were 
retained for constructing weighted gene co-expression 
networks. β (power)=6 (scale ‐ free R2=0.86) was 
chosen as the soft threshold to construct a scale-free 
network (Fig. 1A-1D). Totally nine gene modules 
were finally obtained (Fig. 1E, Table 1). Stromal 
Score, Immune Score, ESTIMATE Score and Tumor 
Purity of LCGA-ESCA dataset samples were obtained 
as clinical traits based on ESTIMATE analysis. A 
Pearson correlation analysis of all MEs with clinical 
traits revealed that the black module showed notable 
correlations with Stromal Score (r=0.74, p=9e − 29), 
Immune Score (r=0.91, p=6e−64), ESTIMATE Score 
(r=0.9, p=9e−59) and TumorPurity (r=−0.88, p=6e−54) 
(Fig. 1F). Therefore, the black module was utilized for 
subsequent studies.

4.2. Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) Analyses of Module 
Genes 
GO biological function enrichment analysis of 537 
genes within the black module displayed that they were 

mainly enriched in biological processes, such as T cell 
activation, positive regulation of cytokine production, 
leukocyte cell-cell adhesion, regulation of lymphocyte 
activation, regulation of T cell activation, regulation of 
leukocyte cell-cell adhesion, leukocyte proliferation 
and other GO terms related to T cell activation, 
lymphocyte regulation and leukocyte proliferation. 
They were mainly enriched in cellular components, 
such as external side of plasma membrane, endocytic 
vesicle membrane, endocytic vesicle, secretory granule 
membrane, and other functions related to endoplasmic 
reticulum (ER) components. They were mainly enriched 
in molecular functions, such as peptide binding, 
cytokine receptor activity, cytokine receptor binding, 
cytokine binding, MHC protein complex binding and 
other GO term related to cytokines and MHC (Fig. 
2A). KEGG pathway enrichment result implied that 
genes were mainly involved in immune and cancer-
related pathways such as Cytokine – cytokine receptor 
interaction, Chemokine signaling pathway, Human 
T−cell leukemia virus 1 infection, Th1 and Th2 cell 
differentiation, Th17 cell differentiation, (Fig. 2B). In 
summary, the genes within the black module are mainly 
related to immune-related biological functions and 
pathways such as immune cell activation, regulation, 
proliferation and immune signal activation and 
transduction.

4.3. Identification of Hub Genes 
The genes ranked in the top 80 correlation (Fig. 3A) 
were screened as candidates with the highest correlation 
with immunity based on the correlation between genes 
in the black gene module and Immune Score. A PPI 
network was constructed using STRING for all genes in 
the black module, and the top10 genes with the highest 
connectivity were selected as the hub genes in the PPI 
network with an interaction score >0.4 as the threshold 
(Fig. 3B). The 80 genes with high immune correlation 
were intersected with 10 hub genes in the PPI network, 
and finally, four hub genes, CCR5, LCP2, PTPRC, and 
TYROBP, were screened (Fig. 3C).

4.4. Hub Genes Are Associated with Tumor Immune 
Microenvironment
The expression levels of 4 hub genes in immune-
related esophageal cancer samples were considerably 
up-regulated compared with normal samples  (Fig. 4A-
4D), while we analyzed the expression of four hub genes 

Table 1. Gene modules and gene number

Gene modules Gene number
black 537
blue 1407
brown 908
greenyellow 94
grey 98
magenta 216
purple 174
red 332
turquoise 1116
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in different stages (Fig. 4E). The results revealed that 
the expression of gene TYROBP showed an enormous 
increase from stage I to stage III, but tended to be 
stable in stage IV; the expression of the remaining three 
genes generally increased with stags, but did not show 
a remarkable difference. In addition, survival analysis 
indicated that high expression of LCP2 and PTPRC 
was remarkably negatively correlated with prognosis 
(p<0.05), which may indicate that these two genes have 
a greater impact on prognosis (Supplementary Fig. 
1A-1D). The above results showed that the four genes 

showed a certain correlation trend with stage, and the 
expression of LCP2 and PTPRC was detrimental to 
the prognosis of patients with esophageal cancer, thus 
indicating that hub gene has the potential to be a clinical 
indicator to predict tumor development.
To validate the involvement of the four hub genes in 
tumor immune regulation, the contents of six immune 
cells and the expression levels of the immune checkpoint 
genes CTLA4 and PDCD1 in each sample of esophageal 
cancer were obtained through the TIMER website, and 
the correlation between the four hub genes and immune 

Figure 3. Screening of hub genes associated with immunity in esophageal cancer. A) 80 genes highly 
associated with esophageal cancer immunity were screened from the black module. The abscissa represents 
the correlation coefficient between gene and module traits, and the ordinate represents the correlation 
coefficient between gene and immunity score; B) Top10 gene with the highest connectivity based on PPI 
network; C) Venn diagram indicating immune-related hub genes; intersection of 80 candidate hub genes with 
PPI degree top10 genes.

A) B)

C)
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Figure 4. Expression of four hub genes in esophageal cancer samples from TCGA-ESCA dataset. A-D) 
Differential expression of CCR5, LCP2, PTPRC, TYROBP in esophageal cancer samples compared with normal 
samples; E) Box plots of hub gene expression in samples with different stages. The p values represent the results 
of one-way analysis of variance for different pathological stages. ** p<0.01, ns: no significant difference.

A) B)

C) D)

E)
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cell infiltration level was assessed. The results showed 
that with the increase of the infiltration level of 6 
kinds of immune cells, the expression of the four hub 
genes showed an increasing trend, indicating a notable 
positive correlation, while the expression of the four 
hub genes showed a remarkable negative correlation 
with tumor purity (Supplementary Fig.2A-2D).
Additionally, the expression of the four genes was 
also markedly positively correlated with the immune 
checkpoint genes CTLA4 and PDCD1 expression, and 
the expression levels of the two were basically linear 
(Supplementary Fig. 3A-3B). The 4 hub genes were 
associated with tumor immunity, and may exist as 
biomarkers involved in tumor immune regulation.

4.5. GSEA Results 
GSEA results indicated that the four hub genes in high- 
and low-expression group gene sets mainly differed in 
immune or cancer-related pathways such as JAK-STAT 
signaling pathway, NF-kappa B signaling pathway, T 
cell receptor signaling pathway, PI3K-Akt signaling 
pathway, TNF signaling pathway, Th1 and Th2 cell 
differentiation, Th17 cell differentiation, TNF signaling 
pathway and Toll-like receptor signaling pathway (Fig. 
5A-5D). In summary, the high- and low-expression 
groups of hub genes CCR5, LCP2, PTPRC and TYROBP 
are different in pathways related to esophageal cancer 
immunity, which may also be a risk factor for adverse 
prognosis of patients with high expression of hub genes.

Iran. J. Biotechnol. July 2023;21(3): e3377
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Figure 5. The KEGG pathways of the four hub genes in high- and low-expression groups analyzed based 
on GSEA. A-D) KEGG pathway enrichment analysis of CCR5, LCP2, PTPRC and TYROBP respectively in 
high- and low-expression groups.

A) B)

C) D)
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5. Discussion 
At present, there are few studies on the immune 
mechanism and prognostic molecular markers of 
esophageal cancer, and its pathogenesis is not yet 
understood. Due to the insidious early symptoms, 
patients with esophageal cancer are often diagnosed at an 
advanced stage (23, 24). It is known that Zhang et al. (25) 
constructed a gene co-expression network by WGCNA 
based on TCGA esophageal cancer gene expression 
data and performed the correlation analysis between 
module genes with multiple survival data, indicating the 
correlation between each esophageal cancer-related gene 
module and patient prognosis. The esophageal cancer 
biomarkers PTAFR and FGR were further mined, which 
provided an important reference for the prognosis and 
treatment of this disease. Herein, we focused on immune-
related genes in esophageal cancer and explored key 
biomarkers to provide data support for immunotherapy 
of esophageal cancer. We screened the immune-related 
genes by WGCNA and ESTIMATE analysis, and further 
mined four hub genes in combination with PPI network 
analysis, followed by correlation analysis between gene 
expression and pathological stage, survival analysis 
and functional enrichment analysis, further revealing 
that the four genes may be potential biomarkers in the 
immunotherapy of esophageal cancer.
The expression of the four hub genes CCR5, LCP2, 
PTPRC and TYROBP mined in this study was 
positively correlated with stage. And survival analysis 
showed that high expression of each hub gene was 
an adverse factor for prognosis. Among them, CCR5 
is a G-protein-coupled receptor that modulates the 
trafficking and effector function of T lymphocytes, 
immature dendritic cells, and macrophages, (26) and 
is also a novel therapeutic target for cancer therapy. 
Asim et al. (27) found that in animal models, liver 
metastasis of colorectal cancer is significantly inhibited 
in the group receiving CCR5-targeted therapy, and 
circulatory and tumor-associated CCR5 and its ligands 
are differentially expressed compared with the normal 
group. The study illustrated the association of CCR5 
with cell proliferation and migration, and targeting this 
receptor interferes with cell cycle-related signaling 
cascades. LCP2, a member of the SLP-76 adaptor 
protein family, regulates immunoreceptor signaling 
and is also required for integrin signaling in neutrophils 
and platelets (28). Studies have shown that LCP2 is 
positively correlated with the expression of multiple 

immune checkpoints and the degree of CD8+T cell 
infiltration in cutaneous melanoma, and can be a 
prognostic biomarker in patients receiving anti-PD1 
immunotherapy (29). PTPRC en-codes protein tyrosine 
kinase (CD45), which presents in all cells of lymphoid 
origin and acts as a receptor signal for B and T cells, 
and its expression reduces PD-1 phosphorylation, 
thereby regulating cellular immune processes (30-32). 
TYROBP can be overexpressed in a variety of cancers 
and has been implicated in tumor progression, encoding 
a protein that is a transmembrane signaling polypeptide 
located on the surface of a variety of immune cells (33, 
34) and is often a negative factor in cancer prognosis. For 
example, Cheray et al. (35) have shown that TYROBP 
is associated with tumorigenesis and invasiveness of 
glioblastoma; Jiang et al. (36) noted that the expression 
of TYROBP is remarkably negatively correlated with 
the prognosis of patients with gastric cancer. 
Combined with the published literature and our 
findings, we hypothesize that the four hub genes in this 
study are closely related to immune signaling pathways 
in esophageal cancer, which may be new targets for 
esophageal cancer immunotherapy.
To further explore the immune regulatory mechanism 
of hub genes, this study uncovered that the expression 
levels of four hub genes were positively correlated 
with the expression levels of CTLA4 and PDCD1. 
Both CTLA4 and PDCD1 expression products CTLA4 
and PD-1 are common immunosuppressive factors, of 
which CTLA-4 negatively regulates T cell activation 
in multiple ways, such as competitively binding to 
common ligands B7-1 and B7-2 of CD28 that regulates 
T cell activation, or inducing the development of Treg 
cells with immunosuppressive effect (37). Further 
studies showed that the anti-tumor immune mechanism 
of CTLA4 is not limited to the inhibition of T cell 
activation, and silencing or antibody blockade of 
CTLA4 in B-cell lymphoma also inhibits tumor growth 
in an immune microenvironment lacking T cells (38). 
Similar to CTLA4, PD-1 has received much attention 
because of its inhibitory effect on immune cell activation, 
which affects the normal biological function of immune 
cells and also affects the prognosis of patients. From 
the perspective of immunosuppressive mechanism, 
PD1 activated by ligand PD-L1 is generally considered 
to inhibit cell activation by inhibiting T cell receptor 
(TCR) signaling, while recent studies have shown that 
CD28 receptor is preferentially dephosphorylated in 
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cell systems in response to PD-1 activation by PD-
L1 compared with TCR, demonstrating that PD-1 
inhibits T cell function by inhibiting CD28 signaling 
(39, 40). From a prognostic perspective, high PD-1 
expression has been demonstrated to be associated 
with poor prognosis in patients with many types of 
cancer, such as cervical adenocarcinoma, small cell 
carcinoma, gastric cancer (41-43). In summary, the 
four high hub gene expression groups in this study 
may activate the tumor immune escape mechanism, 
so that immune cells are unable to normally exert 
their function and kill tumor cells, which in turn 
causes a poor prognosis.
The results of GSEA demonstrated that there were 
differences in metabolic pathways such as JAK-STAT 
signaling pathway, PI3K-Akt signaling pathway, T 
cell receptor signaling pathway, NF-kappa B signaling 
pathway, Th1 and Th2 cell differentiation, Th17 cell 
differentiation, Toll-like receptor signaling pathway, 
and TNF signaling pathway among the 4 hub genes. 
JAK-STAT is a recently discovered pathway involved 
in cell proliferation, differentiation, hematopoiesis 
and immune regulation, which phosphorylates 
transcriptional activators through JAK kinases, 
dimerizes and transports them into the nucleus through 
the nuclear membrane to regulate gene expression (44). 
Similar to this mechanism, NF-kB factors associated 
with the NF-kappa B pathway are regulated by the 
inhibitory protein IKba, and phosphorylated NF-kB 
promotes the process by coordinating inflammatory 
cells and antioxidant response elements to regulate 
gene expression (45, 46). Activated PKB can directly 
phosphorylate apoptotic proteins, which is beneficial 
to inhibit the activation of apoptosis-related pathways 
(47). Therefore, the hub genes in this study may worsen 
the prognosis by affecting immune-related metabolic 
pathways, and the regulation of this process may involve 
the transfer of cytokines and the phosphorylation of 
immune proteins, therefore, the specific mechanism 
needs further experimental verification.
To sum up, four potential immune-related biomarkers 
of esophageal tumors were screened by gene co-
expression network combined with PPI interaction in 
this study, which provided a reliable theoretical basis 
for the study of immune mechanism of esophageal 
cancer based on clinical survival analysis, immune 
cell infiltration level and pathway enrichment analysis. 
However, this study is a pure bioinformatics study 

without any experimental proof, so further molecular 
and cellular experiments are required to support the 
results of this study.
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