
Page 1/18

Development of a miR-3648-Targeted Immune-
Related 4-Gene Signature as a Prognostic
Biomarker in Esophageal Adenocarcinoma Based
on ehe WGCNA Algorithm
Donglei Zhang 

Shanghai Jiao Tong University School of Medicine A�liated Renji Hospital
Hang Yin 

Shanghai Jiao Tong University School of Medicine A�liated Renji Hospital
Ping Xu 

Shanghai Jiao Tong University School of Medicine A�liated Renji Hospital
Xiaozhe Qian  (  qianxiaozhe@renji.com )

Shanghai Jiao Tong University School of Medicine A�liated Renji Hospital https://orcid.org/0000-
0002-5160-8572

Primary research

Keywords: Esophageal adenocarcinoma, microRNA, prognostic signature, immune cell in�ltration,
weighted gene coexpression network analysis.

Posted Date: June 2nd, 2021

DOI: https://doi.org/10.21203/rs.3.rs-549122/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-549122/v1
mailto:qianxiaozhe@renji.com
https://orcid.org/0000-0002-5160-8572
https://doi.org/10.21203/rs.3.rs-549122/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/18

Abstract
Background: Esophageal adenocarcinoma (EA) has a poor prognosis and is a typical immunogenic
malignant tumor. Abnormal expression of miR-3648 has been reported in EA, but its value in prognosis
prediction and immune cell in�ltration imbalance mediation is still unknown. We aimed to mine immune-
related genes (IRGs) targeted by miR-3648 and construct a multigene signature to improve the prognostic
prediction of EA.

Methods: The gene expression data of EA tumor or normal tissues from The Cancer Genome Atlas
(TCGA) database and GTEx database were downloaded. Weighted gene coexpression network analysis
(WGCNA), the CIBERSORT algorithm and Cox regression analysis were applied to identify IRGs and to
construct a prognostic signature and nomogram.

Results: miR-3648 was obviously highly expressed in EA tumor tissues and was correlated with patient
survival time [hazard ratio (HR) = 1.28, 95% con�dence interval (CI): 1.09-1.49, p = 0.002]. A total of 70
miR-3648-targeted genes related to immune cell in�ltration were identi�ed, and a novel 4-gene signature
(C10orf55, DLL4, PANX2 and NKAIN1) was established. The prognostic signature-based risk score has
superior capability to predict overall survival (AUC = 0.740 for 1 year; AUC = 0.717 for 3 years; AUC =
0.622 for 5 years). A higher score was indicative of a poorer prognosis than a lower score (HR = 1.69, 95%
CI: 1.08-2.64, p = 0.20, adjusted by TNM stage).

Conclusion: miR-3648 might play a crucial role in the progression of EA. The novel miR-3648-targeted
immune-related 4-gene signature is expected to become a potential prognostic marker in EA.

Introduction
Esophageal adenocarcinoma (EA) is a highly lethal carcinoma. [1] Patients with EA are often diagnosed
at an advanced stage, which results in less than half of the patients being eligible for potentially curative
treatment at diagnosis. [2] Although recent advances in therapeutic approaches for gastroesophageal
tumors have signi�cantly improved the curative resection rates, as well as the disease-free and overall
survival rates, the 5-year overall survival rate for patients with advanced EA is lower than 20%. [3] There
are signi�cant prognostic discrepancies in patients with the same TNM stage. [4] To improve risk
prediction, it is necessary to identify objective biomarkers to predict response to EA or to predict survival.

The tumor microenvironment (TME) is composed of stromal cells, immune cells, extracellular matrix
molecules, and in�ammatory mediators. Tumor cells could promote immune escape by forming an
immunosuppressive microenvironment. [5] The heterogeneity of immune cells also affects the time and
intensity of the antitumor response and becomes a major obstacle to the treatment of tumors.[6] There is
still a lack of systematic and comprehensive research on the correlation between immune in�ltration and
EA. Understanding the cancer-related immune landscape is vital to the treatment and prognosis of EA.
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microRNA (miRNA) is an important gene regulatory substance that affects gene expression by pairing
with the 3’-UTR of the target gene. Approximately one-third of all human genes are directly regulated by
miRNAs. miRNAs regulate many important cellular processes such as cell proliferation, migration and
apoptosis. [7] Several cancer-associated miRNAs have now been identi�ed, of which miRNA-3648 (miR-
3648) is one of the most established and broad-acting miRNAs.[8–10] miR-3648 is abnormally expressed
in many cancers, including esophageal carcinoma. [10] Dysregulation of miR-3648 can promote cell
proliferation and induce the invasion and metastasis of cancer cells. [9, 11] However, the impact of miR-
3648 on clinical characteristics in EA patients is less well explored, as is the correlation between miR-
3648 and the immune microenvironment. The in-depth exploration of the immune regulatory network
driven by miR-3648 has the potential to provide suggestions for the prognostic improvement of EA.

In the present study, we utilized weighted gene coexpression network analysis (WGCNA) to construct a
coexpression network of differentially expressed target genes of miR-3648. The in�ltrated immune cells
were identi�ed with the CIBERORT algorithm, and immune-related genes in the coexpression network were
determined. Finally, Cox analysis was performed to construct a multigene prognostic signature, and a
nomogram was established to improve patient survival prediction capacity.

Methods And Materials
Data source and clinical information

We downloaded EA-related miRNA-seq, mRNA-seq expression pro�les and clinical information from the
TCGA database (https://cancergenome.nih.gov/). miRNA data were extracted from 87 tumor tissues and
13 normal esophageal tissues. We also downloaded the mRNA-seq expression pro�les of 54 extra normal
esophageal tissues as controls from the GTEx database (https://www.gtexportal.org/). Finally, the
expression data of 19835 genes in 87 tumor samples and 67 normal samples were summarized as
mRNA data.

Differential expression analysis and target gene prediction

Linear models were used to identify differentially expressed miRNAs/mRNAs in tumor/normal groups
using the limma R package. [12] A false discovery rate (FDR)-adjusted P value of <0.05 combined with a
simultaneous absolute value of >1 for logFC was set as the threshold for differentially expressed
miRNA/mRNA identi�cation.

The correlation between miRNAs and the overall survival (OS) of the patient was further estimated by a
Cox regression analysis. The diagnostic and prognostic capability of signi�cant miRNAs was measured
by the area under the curve (AUC) of receiver operating characteristic (ROC) analysis.

Subsequently, 12 databases (Microt4, miRWalk, mir-bridge, miRanda, miRDB, miRMap, Pictar2, PITA,
MiRNAMap, RNAhybrid, RNA22 and TargetScan) in miRWalk2.0 (http://zmf.umm.uni-

https://www.gtexportal.org/
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heidelberg.de/apps/zmf/mirwalk2/) were employed to determine the target genes of miR-3648. The
genes that could be found in no less than 3 databases were identi�ed as the target genes of miR-3648.

Then, the cross-linked genes between the target genes of miR-3648 and the differentially expressed genes
were determined as the differentially expressed target genes (DETGs) of miR-3648.

Tumor-in�ltrating immune cell analysis

CIBERSORT (https://cibersort.stanford.edu/) and leucocyte signature matrix 22 (LM22) were used to
quantify the proportions of different immune cell types in the ESCC samples from the TCGA database.
[13] Normalized gene expression data were analyzed using the CIBERSORT algorithm by running 1000
permutations. The CIBERSORT p value re�ects the statistical signi�cance of the results, and a threshold
less than 0.05 is recommended.

Weighted gene coexpression network analysis

The R package “weighted gene coexpression network analysis” (WGCNA) [14] was utilized to identify
modules of highly correlated DETGs as previously described. [15] Brie�y, the DETG expression matrix was
used to de�ne gene coexpression similarity based on Pearson’s correlation coe�cient of paired genes,
followed by an adjacency matrix transformed from coexpression similarity using the power function.
Here, with a soft threshold β = 4 and with R2 > 0.9, the coexpression network distribution exhibited an
essentially scale-free topology. Next, a topological overlap matrix (TOM) is built based on the adjacency
matrix A. The TOM-based dissimilarity subsequently led to distinct modules de�ned as clusters of
densely interconnected genes. A dynamic hybrid tree-cutting algorithm is further used to build a
hierarchical clustering tree to divide modules.

The in�ltration fractions of immune cells in tumor tissues and normal tissues were employed as clinical
traits. Pearson’s correlation test was then used to evaluate the module correlations with clinical traits.
Among these clinical traits, the genes of the most signi�cant module were determined to be immune-
related genes (IRGs) for subsequent analysis.

Identi�cation of Key Prognostic Genes

To identify key prognostic genes, we conducted a Cox regression analysis to estimate the association
between the expression of the genes of the most signi�cant module and overall survival time of patients.
Through this method, 4 genes for which P was <0.05 were identi�ed as candidate prognostic genes.

Construction of prognostic signature

We selected genes with excellent prognostic performance and diagnostic capability to construct a
prognostic signature. The risk score (RS) for each tumor sample was calculated using the following
formula.
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In the above formula, n represents the number of genes included in the prognostic signature. Expi

represents the expression level of gene i. Coefi represents the Cox regression coe�cient of gene i. The
prognostic independence of the risk score under the interference of multiple clinical characteristics was
analyzed through univariate and multivariate Cox regression analysis.

Establishment of nomogram

Then, the independent prognostic characteristics were included in the construction of the nomogram.
Meanwhile, the consistency index of actual survival and predicted survival was employed to assess the
survival prediction capability of the nomogram. The prediction results and observation results in the
calibration curve were visualized to measure the prediction performance of the nomogram.

Statistical analysis

The Wilcoxon test was applied to estimate the difference between groups. ROC analysis and Kaplan–
Meier (K-M) curve analysis were performed to evaluate the prognostic performance and diagnostic
capacity. The construction of the nomogram employed the R package “rms v6.0-2”. All R program
packages for statistical analysis were implemented on the “R v4.0.4” platform. P < 0.05 was considered
statistically signi�cant.

Results
Recognition of differentially expressed microRNAs associated with prognosis

A total of 78 differentially expressed miRNAs were identi�ed in TCGA EA samples. (see Additional �le 1:
Fig. S1) Not surprisingly, miR-3648 was obviously more highly expressed in tumor tissue than in normal
tissues (p < 0.001; Fig. 1A) and showed excellent discrimination between tumor tissue and normal tissue
(AUC = 0.935, p = 4.03e-15; Fig. 1B). We then applied Cox regression analysis to evaluate the impact of
miRNAs on patient survival. In addition to miR-3648, 4 other miRNAs (miR-550a-1, miR-550a-2, miR-3682
and miR-503) associated with the prognosis of EA were identi�ed. (Table 1) The ROC curves for the
prediction of 1-year survival time are shown in Fig. 1C. Among these miRNAs, miR-3648 had the highest
prediction capability (AUC = 0.770). Fig. 1D shows the survival rate of patients with miR-3648 estimated
by the Kaplan-Meier method. A total of 12289 potential target genes of miR-3648 were identi�ed based
on 12 databases of miRWalk2.0. The 608 genes existing in no less than 3 databases were precisely
established as the target genes of miR-3648.

Differentially expressed target genes of miR-3648-5p
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A total of 5746 differentially expressed genes (DEGs, satisfying p < 0.05 and absolute (log2FC) > 1) were
identi�ed in the gene differential expression analysis. These genes included 2817 upregulated genes and
2929 downregulated genes (Fig. 2A). Furthermore, we cross-linked target genes and differentially
expressed genes to identify 170 differentially expressed target genes (DETGs) (Fig. 2B).

Tumor-immune microenvironment �uctuation

We obtained the in�ltration fraction of 22 immune cells based on the CIBERSORT deconvolution
algorithm. The arithmetic means of the immune cell in�ltration fraction of 87 tumor samples and 67
normal samples were taken as their in�ltration proportion in the tumor group and the control group. The
in�ltration proportion of each immune cell subtype represents the ratio of its number to the number of all
22 immune cells in the immune microenvironment. M0 macrophages, M1 macrophages, activated
dendritic cells, activated mast cells, activated memory CD4 T cells, follicular helper T cells and regulatory
Tregs were the most common immune cell populations in EA tumor tissues, while resting dendritic cells,
resting mast cells, monocytes, activated NK cells, resting memory CD4 T cells and naïve CD4 T cells were
the most common immune cell populations in normal tissues. (Fig. 3)

Identi�cation of immune-related genes

We constructed a cp-expression network of 170 DETGs based on the WGCNA algorithm. Pick β = 4 to
satisfy the scale-free network law. The two gene modules and 37 oligogenes were identi�ed under the
parameter settings of minModuleSize = 20 and mergeCutHeight = 0.25. (Fig. 3A) The two gene modules
are the turquoise module and the blue module. The turquoise module contains 70 genes, and the blue
module contains 63 genes. Subsequently, the in�ltration fractions of 13 immune cells in different
samples were used as clinical traits to obtain their correlation with gene modules. (Fig. 4B) The turquoise
module is highlighted because it has the most signi�cant negative correlation with the in�ltration of T-cell
regulatory Tregs (cor = -0.48, p = 3e-6). Additionally, activated mast cells and activated NK cells were
negatively correlated with the turquoise module. The in�ltration of resting dendritic cells is also closely
related to the turquoise module. Therefore, the 70 genes of the turquoise module were identi�ed as
immune-related genes (IRGs).

Construction and validation of 4-gene signature

The 4 genes that were closely related to OS were identi�ed based on univariate Cox regression analysis of
70 IRGs. (Table 2) Then, the risk score (RS) of patients was calculated based on the linear combination of
the expression values of these four genes multiplied by the Cox coe�cients. The formula for calculating
the risk score is:

RS = 0.29 * expression of C10orf55 + 0.39 * expression of DLL4 + 0.15 * expression of PANX2 + 0.16 *
expression of NKAIN1.

All patients were divided into high-risk or low-risk groups by using the median RS as the cutoff. The
median of RS in TCGA cohort was 9.04. The 87 patients were separated into 43 high-risk patients and 44
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low-risk patients. Low-risk patients had longer survival times than high-risk patients (p = 0.0012; Fig. 5A).
The AUCs of the risk score for 1-year, 3-year and 5-year survival prediction were 0.740, 0.717, and 0.622,
respectively (Fig. 5B).

Independent prognosis analysis of 4-gene signature

The prognostic performance of the risk score was obtained via univariate and multivariate Cox regression
analysis of the risk score and multiple clinical characteristics (sex, age, TNM stage and classi�cation).
The univariate Cox regression analysis results of the TCGA cohort revealed that improved risk score (HR =
1.76, p < 0.001) and TNM stage (stage III/IV, HR = 3.63, p = 0.002) were risk factors for EA deterioration.
(Fig. 5C) Therefore, the TNM stage was used as a covariate in multivariate Cox regression analysis to
evaluate the prognostic performance of the risk score. The results of multivariate Cox analysis
demonstrated that the risk score could be regarded as an independent predictive factor for OS (HR = 1.69,
95% CI = 1.08–2.64; p = 0.020) (Fig. 5D).

Nomogram analysis

The TNM stage and the risk score are listed as candidate indicators for nomogram construction due to
their excellent prognostic ability. The nomograms established with the risk score (C-index = 0.661) and
TNM stage (C-index = 0.630) showed good predictive potential in the TCGA cohort. Finally, we combined
the risk score and TNM stage to establish an optimal nomogram for survival prediction (C-index = 0.698).

Discussion
EA has a poor prognosis and is a typical immunogenic malignant tumor. Immune regulation plays a
crucial role in the progression of esophageal cancer. Because of the high heterogeneity of the tumor
microenvironment (TME) in EA, the response to therapy is highly varied among patients. Therefore, it is
critical to screen prognostic markers related to the immune environment of ESCC. In this study, we found
that miR-3648 was signi�cantly upregulated in EA tumor tissues compared with normal tissues and
identi�ed 4 miR-3648-targeted genes related to the TME. We than developed a risk score signature for EA.
This signature could be used as a potential prognostic biomarker in EA patients.

As a generally recognized carcinogen, miR-3648 is abnormally expressed in many cancers. [9, 10] A
previous study suggested that miR-3648 can promote the proliferation of prostate cancer cells. [11]
Upregulated miR-3648 was reported to induce the invasion and metastasis of human bladder cancer. [9]
Consistent with previous �ndings, miR-3648 has a sharply high expression in tumor tissues compared to
normal tissues in EA and has good clinical performance. Furthermore, the high expression of miR-3648
was related to the short survival time of EA patients. This �nding suggests that miR-3648 might play a
crucial role in the progression of EA.

The imbalance of the immune microenvironment mediated by miR-3648 in EA is still unknown. To
comprehend the complexity of the EA microenvironment, we constructed a coexpression network using a
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gene expression matrix to predict the level of immune cell in�ltration. We found that M0 macrophages,
M1 macrophages, activated dendritic cells, activated mast cells, activated memory CD4 T cells, follicular
helper T cells and regulatory Tregs were the most common immune cell populations in EA tumor tissues.
The immune-related genes targeted by miR-3648 most related to T cell regulatory Tregs were further
identi�ed. Tregs are an immunosuppressive subset of CD4+ T cells and can suppress anticancer
immunity, thus promoting tumor development and progression.[16] The correlation of miR-3648 with the
tumor immune environment may be a prominent mechanism in the pathological process of EA.
Therefore, mining the IRGs driven by miR-3648 and building an immune-related prognostic signature has
great potential to identify high-risk patients and guide EA treatment.

We utilized the WGCNA algorithm to identify 70 IRGs based on the 170 DETGs of miR-424-5p and 13
DIICs. Cox regression analysis was performed to determine the association between the expression of
IRGs and survival, and 4 genes were identi�ed as being associated with overall survival. These genes
have previously been reported to be associated with different malignant tumors in various ways. For
example, C10orf55 has been found to be a potential biomarker to predict relapse of acute myeloid
leukemia. [17] DLL4 plays a key role in tumor angiogenesis, functioning as a negative regulator of tumor
angiogenesis and upregulated in the tumor vasculature. [18, 19] A previous study indicated that DLL4
could be an independent prognostic factor for predicting the overall survival of patients with nonsmall
cell lung cancer and was correlated with immunocyte in�ltration. [20] PANX2 is a channel-forming
glycoprotein and is associated with many common diseases, including cancers. [21] PANX2 was reported
as a growth regulator in glioma cells [22] and was associated with the survival of clear cell renal cell
carcinoma patients [23]. NKAIN1 was overexpressed in urinary sediments from patients with prostate
cancer and could be a promising biomarker for the early diagnosis of prostate cancer. [24] Our �ndings
demonstrated that all these genes may be crucial biomarkers for predicting survival outcome in EA. Both
in vitro and in vivo experiments are necessary to validate the expression of these genes and their roles in
tumor cell proliferation, metastasis and invasion. Further clinical studies are also required to determine
whether these genes are independent prognostic biomarkers as well as their association with
immunotherapy e�cacy.

We constructed an IRG-based 4-gene (C10orf55, DLL4, PANX2 and NKAIN1) prognostic signature. The
prognostic signature and nomogram show extremely high accuracy in identifying high-risk patients and
predicting prognosis. The novel immune-related prognostic signatures could be used as potential
prognostic biomarkers of EA. Based on this signature, we could conveniently monitor the in�ltration of
immune cells and further reduce the degree of immune response. Thus, this signature could re�ect these
changes in the TME from different aspects and has the potential to be appropriate for rational diagnosis
and individualized treatment.

Although the 4-gene signature achieves an independent prognosis in EA, our study still has certain
limitations. First, the study included only the DETGs of miR-3648, and the prognostic signature does not
represent the genome-wide transcription pro�le of EA. Second, given that the study was retrospective in
nature, the risk score needs to be validated in a large cohort. Third, in this study, the associations between
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the 4 genes and the biological mechanisms of EA were not clari�ed. Finally, as a retrospective study, our
results should be veri�ed in prospective multicenter clinical trials.

Conclusions
In summary, we conducted WGCNA and the deconvolution algorithm of CIBERSORT to evaluate
�uctuations in the immune microenvironment and identi�ed 70 miR-3648-targeted genes related to
immune cell in�ltration. Subsequently, a novel 4-gene signature (C10orf55, DLL4, PANX2 and NKAIN1)
with good prognostic independence was established. A nomogram combining risk score and TNM stage
was determined for survival prediction with great accuracy. The novel immune-related 4-gene signature is
expected to become a potential prognostic marker of EA.
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Table 1 Cox analysis of miRNAs.
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miRNA Coe�cient HR (95% CI for HR) P value

miR-550a-1 0.37 1.4 (1.0-2.0) 0.030

miR-550a-2 0.30 1.4 (1.0-1.8) 0.043

miR-3682 0.31 1.4 (1.0-1.9) 0.043

miR-503 0.35 1.4 (1.0-2.0) 0.040

miR-3648 0.24 1.3 (1.1-1.5) 0.002

HR, hazard ratio; CI, con�dence interval.

Table 2 Cox analysis of 4 genes in the signature.

Gene
symbol

Gene full name Coe�cient HR (95% CI for
HR)

P
value

C10orf55 Chromosome 10 putative open reading
frame 55

0.29 1.3 (1.1-1.7) 0.017

DLL4 Delta-like canonical Notch ligand 4 0.39 1.5 (1.1-2.0) 0.018

PANX2 Pannexin 2 0.15 1.2 (1.0-1.3) 0.030

NKAIN1 Na+/K+ transporting ATPase interacting 1 0.16 1.2 (1.0-1.4) 0.046

HR, hazard ratio; CI, con�dence interval.
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Figures
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Figure 1

Clinical performance of miRNAs. (A) Expression level of miR-3648 in EA tumor/normal tissues; (B) ROC
curve of miR-3648 in diagnosis; (C) ROC curves for miRNAs to predict 1-year survival; (D) Kaplan-Meier
curves of high/low expressed groups of miR-3648 with overall survival time.
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Figure 2

miR-3648-targeted gene identi�cation. (A) Volcano diagram of differentially expressed genes of
esophageal adenocarcinoma; (B) Venn diagram of miR-3648-targeted genes in differentially expressed
genes;
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Figure 3

The profiles of immune infiltration of esophageal adenocarcinoma.
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Figure 4

Weighted gene coexpression network analysis (WGCNA) of the DETGs of miR-3648. (A) 2 modules and
37 oligogenes were clustered. Each branch of the tree diagram represents genes, and genes clustered into
the same module are assigned the same module color. The oligogenes are summarized in the gray
module. (B) Correlation analysis between modules and immune infiltration. P values < 0.05 are colored
red.
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Figure 5

Prognostic value for risk score. (A) Kaplan-Meier curves of high/low risk score groups with overall
survival time; (B) ROC curves for the risk score to predict 1-, 3-, and 5-year survival; (C) Univariate and (D)
multivariate Cox regression analysis of the risk score and clinical characteristics.
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Figure 6

Nomogram for survival prediction.
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