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Abstract

Objective
Esophageal cancer (EC), a common gastrointestinal malignancy, ranks as the sixth leading cause of
cancer death worldwide. Esophageal squamous cell carcinoma (ESCC) is the predominant histological
subtype of EC. Lack of potential biomarkers for treatment and prognosis is a limitation for early
diagnosis and treatment of ESCC.

Methods
Based on The Cancer Genome Atlas (TCGA) database, the weighted gene co-expression network analysis
(WGCNA) was constructed to identify gene modules associated with the metastasis in ESCC. The LASSO
algorithm was used to construct a prognosis genes model. After the collinearity test, all independent
prognostic parameters and important clinical parameters were included in the prognostic nomogram
constructed by the Cox regression model. The nomogram was used to evaluate the prognostic
signi�cance of these parameters in ESCC. Finally, we used biological experiments to preliminary
investigate the impact of ENO1 on the metastasis risk of ESCC.

Results
A total of 16 genetic modules were identi�ed, and the brown module is considered the most relevant to
tumor metastasis. (P = 0.02, R2 = 0.30). Protein-protein interaction (PPI) network was performed to
identify the hub nodes in the brown module. The univariate and multivariate Cox regression analysis
indicated that ENO1 and SUPT5H were independent prognostic factors. Expression data of ENO1 was
pipelined along with patients’ clinic pathological data for nomogram construction 1-, and 2-OS
forecasting. ENO1 gene was regarded as "real" hub genes for cancer metastasis risk. Low-expressed
ENO1 inhibited migration and invasion of human ESCC cells in vitro. The mechanism may involve the
Wnt signaling pathway and the in�uence of EMT.

Conclusion
ENO1 might be a novel metastasis risk biomarker for ESCC.

Introduction
Esophageal cancer (EC), a common gastrointestinal malignancy, ranks as the sixth leading cause of
cancer death worldwide1. Esophageal squamous cell carcinoma (ESCC) is the predominant histological
subtype of EC2. Surgical resection with lymphadenectomy is the main treatment for ESCC3. However,
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despite advances in surgical management and multidisciplinary treatment of ESCC, prognosis remains
poor4. As the most important prognostic factor of esophageal squamous cell carcinoma, lymph node
metastasis and distant metastasis are the basis of treatment choice5. However, staging components
such as lymph node metastasis, invasion depth, and differentiation are not obtained during surgery but
commonly determined postoperatively. Therefore, understanding the mechanisms of metastasis of ESCC
and potential prognostic molecular markers are urgently required to improve the outcomes for patients
with ESCC.

Enolase is a conserved glycolytic enzyme that catalyzes the formation of phosphoenolpyruvate from 2-
phosphoglycerides, which is a key step in tumor cell proliferation and metastasis6,7. There are three
subtypes of ENO, namely ENO-α(ENO-1), ENO-β(ENO-3), ENO-γ(ENO-2). Among them, ENO1 is expressed
in almost all tissues of the human body, while ENO2 is mainly expressed in muscle tissues, and ENO3 is
mainly expressed in nerve tissues8. ENO1 is a multifunctional enzyme, which can be translated into
transcription factor MBP-1, which binds to c-MYC-1 in the nucleus. It can also act as a plasminogen
receptor to activate plasmin and degrade the extracellular matrix. Previous studies have reported the
overexpression of ENO1 in breast cancer, head and neck cancer, lung cancer and gastrointestinal
cancer9–13, which are closely related to cancer progression and poor prognosis. However, there is not
enough evidence to indicate that ENO1 is associated with the risk of ESCC metastasis.

In recent years, microarray and high-throughput sequencing technology have been widely applied in
biomedical �eld. However, most studies focus on the screening of differentially expressed genes (DEGs),
ignoring the high correlation between genes. Therefore, our study constructed a weighted co-expression
network, and then signi�cant hub genes associated with the clinical traits were identi�ed. Finally, it is
possible that we identify such biomarkers that can predict the metastasis and progression of ESCC. Our
results showed that ENO1 can promote metastasis and progression of ESCC via Wnt signaling pathway.

Methods

Data Collection and Pre-processing
The overall design and procedures are described in a �ow chart (Fig. 1). Publicly available mRNA-seq
data in ESCC cancer tissue and adjacent noncancerous tissue samples were directly downloaded from
the TCGA data portal (http://cancergenome.nih.gov/). We obtained the miRNA pro�les of 81 ESCC cancer
tissue samples and 1 adjacent noncancerous tissue samples together with the clinical information (level
3) of the corresponding patients. The DEGs were identi�ed by calculating the FC (|log2(FC)| >1 and
adjusted P-value < 0.05) with the R package edgeR.

Construction of Weighted Co-expression Network and
Division of Co-expression Modules
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Firstly, we constructed a Pearson’s correlation matrix of all pairwise genes. Secondly, we converted the
Pearson’s correlation matrix into an adjacency matrix (scale-free network) by the soft-thresholding value.
To decide the most appropriate the soft-thresholding value, we calculated the scale-free �t index and
mean connectivity. Then, we transformed the adjacency matrix into a topological overlap matrix (TOM)
by calculating the topological overlap between pairwise genes, by which we could take indirect
correlations into consideration as well as reduce noise and spurious correlations. Finally, we used the
average linkage hierarchical clustering based on the TOM-based dissimilarity measure to divide genes
into several co-expression modules, so that genes with co-expression relationships were gathered in the
same module and genes expressed separately were divided.

Identi�cation of Clinical Signi�cant Modules
Gene signi�cance (GS) and module signi�cance (MS) were used to identify clinical signi�cant modules.
The module with the largest absolute MS was generally considered to be a module related to clinical
characteristics. Finally, select modules that were highly relevant to certain clinical features for further
analysis.

Identi�cation of hub Genes
The hub genes were de�ned as genes with high module membership (MM) (cor. Weighted > 0.8). Then,
the protein–protein interaction (PPI) network was also constructed based on the STRING database
(https://string-db.org/). In the PPI network, genes with Top 30 hubba nodes ranked by Maximal Clique
Centrality (MCC) were also de�ned as hub genes. The common hub genes in both co-expression networks
and PPI networks were regarded as “real” hub genes for further analyses.

Construction of a prognosis genes model
After �ltration of hub Genes through WCGNA and PPI, candidate prognostic genes were selected via
integrated analysis of two algorithms consisting of the LASSO algorithm with penalty parameter tuning
conducted, and the SVM-RFE algorithm searching for lambda with the smallest classi�cation error to
determine the variable. According to the optimal cut-off value of prognostic genes, patients were divided
into high-risk group and low-risk group. A multivariate Cox regression model was �nally used to construct
a prognostic signature based on the candidate genes generated from the above �ltration. A receiver
operating characteristic (ROC) curve was used to estimate the accuracy and e�ciency of the signature in
a time‐dependent manner.

Predictive Nomogram Construction
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In order to determine the independent prognostic value of genes and clinic pathological parameters
(including age, gender, TNM staging) in the TCGA dataset. P < 0.05 was considered statistically
signi�cant. After the collinearity test, all independent prognostic parameters and important clinical
parameters were included in the prognostic nomogram constructed by the Cox regression model. The
nomogram was used to evaluate the prognostic signi�cance of these parameters in ESCC. The
nomogram calibration curve was used to compare predicted and observed overall survival rates.
According to the total score of the nomogram, the best cut-off value of RiskScore was calculated.
According to the RiskScore, and the patients were divided into high or low group. The surv�t function was
further evaluated to analyze the prognostic by logrank. The 1-year, and 3-year AUC were analyzed by
pROC package.

ESCC cell lines and siRNA infection
ESCC cell lines including TE-1, KYSE150 and KYSE520 were cultured in DMEM medium (Gibco, Carlsbad,
CA, USA) supplemented with 10% fetal bovine serum (FBS) (Gibco, Carlsbad, CA, USA). To establish
transfectants with ENO1 knockdown, TE-1 and KYSE150 were transfected with siRNAs (target sequence
for siENO1-1#: 5'-GCCAUGCCAGGGAGAUCUUUTT-3', siENO1-2#:5'-GCUGGCAACUCUGAAGUCATT-3',
siENO1-3#: 5'- CCCAGUGGUGUCUAUCGAATT-3'). The transfection was performed using jetPEI (Dakewei,
China).

Quantitative real-time PCR assay (qRT-PCR)
Total RNA from cell lines was isolated by a trizol agent and reverse transcribed to synthesize
complementary DNA (cDNA) by the RevertAid First Strand cDNA Synthesis Kit. We performed the qRT-PCR
with SYBR Green Mix in the RT-PCR detection system (Bio-Rad, USA) based on the manufacturer’s
protocols. The relative mRNA expression of ENO1 was measured by 2-∆∆Ct methods and the GAPDH
was served as an internal control. The primers involved in our study are as follows:

ENO1 forward:5’- AGTCTACGGGACCGAAAGACA − 3’

ENO1 reverse: 5’- CAGACCTTGCAGTTCGTTCAG − 3’

GAPDH forward: 5’- GGACCTGACCTGCCGTCTAG − 3’

GAPDH reverse: 5’- GTAGCCCAGGATGCCCTTGA − 3’

Cell proliferation assay
The transfected cells were plated in 96-well plates at 104 cells per well with 100 µl of culture medium in a
humidi�ed condition at 37 ℃. Then, 10 µl CCK-8 solutions were added into each well and further
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incubated in humidi�ed condition at 37 ℃ for 1 h. Finally, the cells were measured at the absorbance of
450 nm according to the indicated time point. Each experiment was repeated at least three times.

Cell migration and invasion assay
As for the cell migration experiment by wound healing assay, the cells were sowed in 6-well plates with
serum-free culture medium (106 cell/well). The scratch was formed by the tip of a 200 µl plastic pipette.
After 48 hours, the migrated cells were washed with phosphate buffer solution (PBS) and �xed with 4%
paraformaldehyde. The migration distance was calculated under an optical microscope.

As for invasion assay through the 8- um chamber. Firstly, the chamber was pretreated with matrigel. Then,
5×104 cells were seeded into the serum-free upper chamber, while medium with 10% FBS was added to
the lower chamber. After 24 hours, the subsurface migrating cells will be washed with PBS, �xed with 4%
paraformaldehyde and stained with crystal violet solution. The invasion capability was determined by
calculating the migrating cells on the sub-surface through an optical microscope.

Western blot assay
Total protein was extracted with RIPA buffer containing protease and phosphatase inhibitor. After being
blocked, the membranes were incubated with the primary antibody for 1 h at room temperature. Then, the
membranes were incubated with secondary antibodies at room temperature for 1 h. The protein bands
were visualized using enhanced chemiluminescence chromogenic substrate with horseradish peroxidase.

Statistical analysis
All statistical analysis was conducted with SPSS 21.0 and the results in our study were expressed as
mean ± SD. The signi�cance of the changes between the two groups was determined by Student’s t-test,
and the data were considered signi�cant when P < 0.05.

Results

DEGs screening
Under the threshold of |log2(FC)| >1 and adjusted P-value < 0.05, a total of 154 DEGs (88 up-regulated and
66 down-regulated in ESCC) were selected (Fig. 1A). The DEGs and clustering dendrogram of tumor
samples, as well as the clinical traits were shown in Fig. 1B.

Co-expression network construction and key modules
identi�cation
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Using the “WGCNA” package in R, the genes that expression variance was greater than the quartile of all
variances were grouped into modules. Here, the power of β = 5 (scale free R2 = 0.84) was selected as the
soft-thresholding to ensure a scale-free network (Fig. 2). Sixteen modules are considered to be
signi�cantly correlated (Fig. 3). And the correlation between the brown module and metastasis risk was
high (P = 0.02, R2 = 0.30) (Fig. 4A). Thus, the brown module with metastasis risk was identi�ed as the
clinical signi�cant module.

Identi�cation of hub genes for metastasis risk in the brown
module
The highly linked hub genes in the module act as key functions in biological processes. Therefore, in the
brown module, genes with high connectivity (weighted correlation coe�cient > 0.8) were selected as the
candidate hub genes for the metastasis risk of the module. Furthermore, we also constructed a network
of PPI (Fig. 4B),

Construction of a prognostic model from the TCGA cohort
The top 30 hubba nodes were identi�ed based on Maximal Clique Centrality (MCC) through Cytohubba
plug-in. LASSO Cox regression was utilized to evaluate prognostic genes in ESCC patients. Prognosis
related genes were identi�ed based on the optimal value of λ and subsequently used to construct an all
subset regression model (Fig. 5A). The risk score for prognostic prediction was calculated as follows:
Riskscore = (0.1623)*ENO1+(-0.1131)*OPRD1+(-0.0103)*TAF13+(-0.3686)*SUPT5H. Patients were
divided into high-risk group and low-risk group using Riskscore median value (Fig. 5B), and OS of the
high-risk group was signi�cantly shorter than that of the low-risk group (HR = 2.425, 95%CI: 1.231–4.777,
P = 0.0104, Fig. 5C). In addition, the AUCs for 1-, 2-, and 3-year overall survival predictions for the risk
scores were 0.675, 0.759 and 0.777, respectively (Fig. 5D).

Establishment of a prognostic gene nomogram
In the TCGA dataset, univariate Cox regression analysis demonstrated that pathologic gender, ENO1 and
SUPT5H had prognostic value (Fig. 6A). Multivariate Cox regression analysis indicated that ENO1 and
SUPT5H were independent prognostic factors (Fig. 6B).

Expression data of ENO1 and SUPT5H was pipelined along with patients’ clinic pathological data for
nomogram construction 1-, and 2-OS forecasting. The results also supported ENO1 and SUPT5H were
independent prognostic factors related to OS, and ENO1 was a risk prognostic factor (Fig. 6C). The
calibration plot (Fig. 7A) of the nomogram indicated optimal predictive accuracy, with a close overlap
between predicted and actual OS. The AUCs for 1- and 2- OS predictions for the risk scores were 0.78 and
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0.84, respectively (Fig. 7B). High-risk groups had markedly poorer outcomes than low-risk groups (Fig.
7C).

Hub gene validation
The expression of ENO1 in ESCC tumor tissue was signi�cantly lower than that in normal tissue (Fig. 8A),
which was veri�ed by ESCC cell lines (TE-1, KYSE150 and KYSE520) compared with the normal human
esophageal epithelial cells (HEEC) (Fig. 8B). Meanwhile, we also found a poorer survival rate in the
samples with high expression levels of ENO1 (HR = 2.34, 95%CI: 1.02–5.37, P = 0.038; Fig. 8C).

Low-expressed ENO1 inhibited cell migration and invasion
As shown in Fig. 9, the migration capacity of TE-1 and KYSE150 cells was inhibited in the ENO1-
downregulated group compared with that in the control group by wound healing assay. Besides, the
invasive capacity was repressed in the ENO1-downregulated group compared with that in the control
group by the transwell assay. These data indicated that low-expressed ENO1 could inhibite the capacity
of migration and invasion in ESCC cell lines.

The relationship between ENO1, EMT and Wnt signal
pathway
KEGG enrichment analysis showed that the hub genes were enriched in Wnt/β-catenin signal pathway
(Fig. 10A). ENO1 silencing inhibited the protein level of N-cadherin, vimentin and enhance the protein level
of E-cadherin. To explore the underlying mechanisms that contribute to the effects of ENO1 in ESCC, we
analyzed Wnt signal pathway related proteins. We found that the downregulation of ENO1 reduced the
protein of β-catenin, cmyc, cyclinD1. These results indicated that ENO1 promoted EMT of ESCC via the
Wnt signal pathway (Fig. 10B).

Discussion
In this study, we validated gene co-expression modules related to the metastasis risk and prognosis of
ESCC by WGCNA. The hub genes were signi�cantly correlated with the metastasis risk. ENO1 was most
highly correlated with metastasis risk in ECSS patients. The present study, based on TCGA data, revealed
that ENO1 was over-expressed in ECSS tissue samples, and ECSS patients with high-expressed ENO1 did
not bene�t from survival compared with patients with low-expressed ENO1. Then single gene GSEA
analysis showed that the ENO1 gene was mainly enriched in the Wnt signaling pathway in ESCC. Thus,
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we speculated that ENO1 might affect the metastasis risk and prognosis of ESCC patients via the Wnt
signaling pathway.

Many studies have shown that ENO1 is highly expressed in malignant tumors. Relevant researches show
that silencing ENO1 can inhibit the occurrence, migration, invasion and metastasis of colorectal cancer,
breast cancer, non-small cell lung cancer, glioma and endometrial cancer14–18. As a multifunctional
protein, ENO1 plays an important role in the occurrence and development of tumors by acting as an
enzyme and plasminogen receptor. On the one hand, in the �nal step of the glycolytic pathway, ENO1 acts
as an enzyme to maintain aerobic glycolysis19. On the other hand, on the surface of cancer cells, ENO1
acts as a plasminogen receptor and participates in the degradation of the extracellular matrix by
promoting the activation of plasminogen to plasmin and is bene�cial to cell invasion and
metastasis20,21. Therefore, it plays a key role in cancer proliferation, metastasis and spread22,23. Studies
have found that the up-regulation of ENO1 in a variety of tumors is related to the shorter survival time of
patients. In our study, we found that ENO1 silencing inhibited the migration and invasion of ESCC.

Some studies have reported that the possible mechanisms involved in ENO1 induced metastasis include
the P13K/AKT pathway and its downstream signals 24 (including glycolysis, cell cycle progression and
epithelial-mesenchymal transition related genes). Our bioinformatics results showed that ENO1 was
involved in the Wnt signaling pathway in ESCC.

Wnt signaling has important physiological functions. In the early embryonic growth and development
process, Wnt signaling pathway is a necessary factor for the formation of the brain and nervous
system25,26. At the same time, Wnt signaling is also closely related to stem cell self-renewal and
differentiation regulation. Wnt signaling pathway is of great signi�cance for the self-renewal of
hematopoietic stem cells. It also maintains the stability of the small intestine tissue, regulates bone
density and the differentiation of adipocytes27. However, the dysregulation of the Wnt signal transduction
pathway is related to a variety of known high-incidence carcinogenesis28. According to different ways of
signal transduction by Wnt protein, Wnt signal transduction can be divided into the canonical Wnt signal
pathway and the non-canonical Wnt signaling pathway. Some studies have demonstrated that the Wnt
signal pathway is involved in proliferation and migration of ESCC29–31. In recent years, studies have
found that both the canonical and the non-canonical Wnt signal pathways are involved in the induction
of EMT. There are sometimes crosstalks between different Wnt signaling pathway and between Wnt
signaling and other pathways which makes the molecular mechanism more complicated. In our study, we
found that downregulation of the ENO1 inactivates the Wnt signaling pathway.

It is undeniable that our experiment has certain �aws. First of all, the mechanism needs to be more in-
depth. Second, our research lacks overall clinical samples and animals. But in general, our research
initially veri�ed that ENO1 promotes migration and invasion of ESCC via the Wnt signaling pathway.

In conclusion, we predicted that ENO1 might affect the metastasis risk and prognosis of ESCC patients
through bioinformatics, and then veri�ed it at the cytological level. Through our research, we found that
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this gene can affect the migration and invasion of ESCC via the Wnt signaling pathway.
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Figures

Figure 1
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The differentially expressed genes (DEGs) and clustering dendrogram of tumor samples, as well as the
clinical traits. (A) The volcano plot for all DEGs. (B) The clustering was based on DEGs between ESCC
and normal. 

Figure 2

Determine soft-thresholding power in WGCNA. 
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Figure 3

Identifying modules associated with the clinical traits of ESCC.
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Figure 4

The hub genes module and PPI network. (A) Heatmap of the correlation between module eigengenes and
clinical traits of ESCC; (B) PPI network of genes in the brown module.
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Figure 5

Construction of a prognostic model from the TCGA cohort. (A) LASSO coe�cient pro�les of hub genes;
(B) The risk plot of OS predictive model in TCGA; (C) Overall survival curve between high-risk group and
low-risk group (D) ROC curve of 1-. 2- and 3-year.
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Figure 6

Construction of a nomogram based on clinical information. (A) Univariate Cox regression analysis and
Multivariate Cox regression analysis; (B) The nomogram plot.
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Figure 7

Construction of a nomogram based on clinical information. (A) the calibrations of 1 and 2 years; (B) ROC
curve of established nomogram; (C) Kaplan-Meier curve of established nomogram
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Figure 8

Validation of hub gene. (A) Differential expression of ENO1 gene in ESCC tissues and normal tissues
based on TCGA and GTEx; (B) Quantitative RT-PCR analysis of ENO1 expression in HEEC and ESCC cell
lines; (C) Kaplan-Meier plot of overall survival for ENO1 expression.
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Figure 9

Low-expressed ENO1 inhibited cell migration and invasion.



Page 22/22

Figure 10

The relationship between ENO1, EMT and Wnt signal pathway. (A)KEGG enrichment analysis; (B) ENO1
promoted EMT of ESCC via the Wnt signal pathway.


