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Background. *e aim of this study was to identify novel biomarkers associated with esophageal squamous cell carcinoma (ESCC)
prognosis. Methods. 81 ESCC samples collected from *e Cancer Genome Atlas (TCGA) were used as the training set, and 179
ESCC samples collected from the Gene Expression Omnibus database (GEO) were used as the validation set. *e protein-coding
genes of 25 samples from patients who completed the follow-up in TCGA were analyzed to construct a coexpression network by
weighted gene coexpression network analysis (WGCNA). Gene ontology (GO) terms and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways analyses were performed for the selected genes. *e least absolute shrinkage and selection operator
(LASSO) Cox regression model was constructed to analyze survival-related genes, and an optimal prognostic model was de-
veloped as well as evaluated by Kaplan–Meier and ROC curves. Results. In this study, a module containing 43 protein-coding
genes and strongly related to overall survival (OS) was identified through WGCNA. *ese genes were significantly enriched in
retina homeostasis, antimicrobial humoral response, and epithelial cell differentiation. Besides, through the LASSO regression
model, 3 genes (PDLIM2, DNASE1L3, and KRT81) significantly related to ESCC survival were screened and an optimal
prognostic 3-gene risk prediction model was constructed. ESCC patients with low and high OS in both sets could be successfully
discriminated by calculating a risk score with the linear combination of the expression level of each gene multiplied by the LASSO
coefficient. Conclusions. Our study identified three novel biomarkers that have potential in the prognosis prediction of ESCC.

1. Introduction

Esophageal cancer (EC) is a highly aggressive malignancy and
one of the leading causes of cancer-related death worldwide
[1]. *ere are two histologic subtypes of EC: esophageal
squamous cell carcinoma (ESCC) and esophageal adeno-
carcinoma (EAC). Among them, ESCC is the main type of
EC, accounting for about 90% [2]. Currently, the main
treatments for ESCC include chemotherapy, radiation, and
surgery [3]. Despite significant advances in the treatment of

ESCC in recent years, the overall 5-year survival rate for ESCC
patients is still less than 25%, and the prognosis is still poor,
with metastasis and recurrence frequently occurring [4]. In
addition, due to late diagnosis and the lack of effective tar-
geted therapy, most patients are diagnosed at an advanced
stage [5]. *erefore, it is urgent to explore new therapeutic
methods and new therapeutic targets.

Although many genes and mechanisms have been
shown to be closely related to the occurrence and devel-
opment of ESCC, the overall genes and regulation of ESCC
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are still unclear. In recent years, with the development of
high-throughput technology, bioinformatics has been in-
creasingly applied to explore diseases, molecular mecha-
nisms, and find biomarkers for diseases [6]. *e Cancer
Genome Atlas (TCGA) contains genomic and clinical in-
formation on many types of cancers, which is publicly
available [7]. For example, Shergalis et al. performed
bioinformatics analysis using TCGA and found that 20
genes were overexpressed and associated with poor survival
outcomes in GBM patients [8]. Weighted gene coex-
pression network analysis (WGCNA) is one of the im-
portant methods to understand gene function and gene
association from whole genome expression. It can be used
to detect coexpression modules of highly related genes and
modules of interest related to clinical features, providing
good insights for predicting the function of coexpressed
genes and discovering genes that play a key role in human
diseases [9]. *e least absolute shrinkage and selection
operator (LASSO) is a penalty regression method that can
be used to analyze gene expression profiles. In addition, due
to the high dimension and collinearity of the Lasso Cox
regression model, it can be combined with WGCNA for
biomarker identification [10]. *erefore, a better under-
standing and application of the above methods are more
conducive to the identification of ESCC-related genes and
to explore their potential clinical roles and molecular
mechanisms to understand the occurrence and develop-
ment of ESCC. It has been applied to gene-network con-
structions and survival model identification for many kinds
of cancer like lung adenocarcinoma [11]. In this study,
RNA-Seq data from TCGA and microarray data from the
Gene Expression Omnibus (GEO) database of ESCC were
downloaded. *en, we conducted a WGCNA-based anal-
ysis in order to identify key modules and hub genes as-
sociated with ESCC pathogenesis. Additionally, the
potential functions of genes in this identified module were
analyzed by gene ontology (GO) and pathway-enrichment
analyses. More importantly, a 3-gene risk prediction model
was constructed using Cox and LASSO regression models,
which could help us better predict ESCC prognosis.

2. Methods

2.1. Gene Expression Data and Clinical Data. Gene expres-
sion data and clinical data for patients with ESCC were
obtained from TCGA (https://cancergenome.nih.gov/) and
the GEO data repository (http://www.ncbi.nlm.nih.gov/geo/)
on September 20, 2018, and included 173 samples and 358
samples, respectively. Gene expression levels from TCGA
were measured by RNA sequencing, denoted by fragments
per kilobase of transcript per million mapped reads (FPKM) :
FPKM� 109 × number of reads mapped to the gene/(number
of reads mapped to all protein-coding genes× length of the
gene in base pairs). Gene expression profiles from GEO were
assessed by the Agilent-038314 CBC Homo sapiens micro-
array V2.0 and were analyzed using the GeneSpring software
V11.5 (Agilent). Clinical information, including pathologic
TNM stage and follow-up information, was also collected.
*is research flow chart is shown in Figure 1.

2.2. WGCNA Network Construction and Module Detection.
A weighted gene coexpression network was constructed
using the WGCNA package in R. *e adjacency coefficient
(aij) was calculated by the absolute value of Pearson’s cor-
relation coefficient of genes i and j to the power of β.
aij � |cor(xi, xj)|

β, where xi is the series of expression values
for gene i. *e lowest power β is chosen when the scale-free
topology fit index curve flattens out upon reaching a high
value. In addition to considering the connection between
two correlated genes, WGCNA also takes into account as-
sociated genes, and the topological overlaps (Tij) are cal-
culated from aij as follows, to compose a topological overlap
matrix (TOM), as a similarity evaluation reflecting relevancy
and overlap between genes:

Tij �

lij + aij

min ki, kj􏼈 􏼉 + 1 − aij
, i≠ j,

1, i � j,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

lij � 􏽘
u≠i,j

aiuauj,

ki � 􏽘
u≠i

aiu,

(1)

where u represents the common genes linking genes i and j
together and Tij takes account of the overlap between
neighboring genes of genes i and j. TOM is subtracted
from one and converted into a topological overlap dis-
similarity matrix referred to as the corresponding dis-
similarity of TOM (dissTOM). A hierarchical clustering
tree (dendrogram) of genes is then created based on
dissTOM. Finally, modules of highly correlated and
coexpressed genes are created via a Dynamic Tree Cut
algorithm.

2.3. Relating Modules to External Clinical Traits and Identi-
fyingHubGenes. Correlations between modules and clinical
traits, including pathologic stage and survival time, were
estimated by Spearman’s correlation tests. Significantly
correlated modules were visualized using Cytoscape 3.7.1.
Genes with multiple links were defined as hub genes.

2.4. Gene Ontology and Pathway-Enrichment Analysis.
*e potential biological functions and signaling pathways of
the genes in the selected modules were analyzed by enrich-
ment GO and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways in Metscape (http://metascape.org).

2.5. LASSO Cox RegressionModel Construction. LASSO Cox
regression models were constructed using the glmnet
package in R. By utilizing several hub genes from the selected
modules, the function returned a series of values of λ and
models. *e coefficients of most original genes were pe-
nalized to zero in line with increasing values of the tuning
parameter λ. λ was chosen when the partial likelihood de-
viance reached its lowest. A suitable model was then chosen
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by 10-fold cross-validation using the function cv.glmnet.
Using the function lambda.min, the remaining genes with
nonzero LASSO coefficients were obtained. *e risk score
for each ESCC patient was calculated by a linear combi-
nation of the FPKM of each gene (Gk) multiplied by the
LASSO coefficient (ck):

risk score � 􏽘
n

k�1
Gk × ck. (2)

We followed the methods and routes of Wang et al. [11]
to accomplish the gene network and survival model
construction.

2.6. Statistical Analysis. Statistical analyses were conducted
using SPSS (version 20.0). Receiver operating characteristic
(ROC) curves were drawn, and the areas under the curves
(AUC) were calculated to predict 1-year survival.*e cut-off
risk score was decided when the Youden index (sensitivity
plus specificity minus 1) for the ROC curve was highest. *e
samples were then divided into high-risk and low-risk
groups according to the cut-off. Survival was compared
between the high- and low-risk groups using univariate and
multivariable Cox regression analyses which were used to
calculate the Hazard ratios (HRs). *e independent sig-
nificance of different factors was tested by a multivariate Cox
regression analysis using backward selection to remove
nonsignificant variables from the analysis. *e P value
threshold was 0.10 (P> 0.10).

3. Results

3.1. Data Preprocessing. Samples from TCGA were regarded
as a training set and used for network and LASSO Cox
regression model construction. A total of 173 samples from
patients diagnosed between the ages of 28 and 90 years and
classified as stage IA–stage IV were collected from TCGA,
and 81 samples with both gene expression and clinical in-
formation were used for subsequent analysis. 25 samples
from patients who completed the follow-up were subjected
to sample clustering, and no outlier samples were removed
before network construction (Figure 2(a)). *e threshold for
average gene expression value was set as 1. Protein-coding
genes with average expression values less than the threshold
value in all samples were excluded. A total of 25 samples
including 12,439 protein-coding genes and clinical infor-
mation were obtained for WGCNA.

Samples from GEO were regarded as a validation set and
used formodel verification.*emicroarray platform provided
only a 60-base sequence for each probe, and themaximal exact
matches (MEM) algorithm of the Burrows–Wheeler Align-
ment (BWA) Tool was used for sequence alignment. *e
parameters used were −t 6 and −k 19, and genome hg19 was
used for reference. It was required that a transcript completely
covered the genome position compared with the probe. 45,099
symbols were retained as protein-coding genes, and then levels
of each probe were subjected to exponential transformation.
One hundred and seventy-nine samples of paired normal
tissues were removed, and the final validation set comprised
179 ESCC samples.

�e cancer genome atlas
(81 ESCC samples)

Construct a coexpression network

WGCNA analysis

Selected modules

Function enrichment analysis

Identification and validation of hub genes

LASSO Cox regression model

Gene expression omnibus database
(179 ESCC samples)

Figure 1: *is flow chart of this study.
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3.2. Weighted Gene Coexpression Network of ESCC. As
presented in Figure 2(b), the soft threshold is higher with the
elevated R2, indicating that the network closely approaches
to scale-free distribution. In this study, the soft thresholding
power β was set as 8 and the scale-free topology fit index
curve flattened out at 0.90 (Figure 2(c)). *en, cluster
dendrogram was constructed and dynamic tree cut was
performed (Figure 3(a)). Specifically, the constructed
weighted gene coexpression network included 55 modules,
including 36–875 genes. 36 genes that were not successfully
integrated into any other modules were integrated into the
gray module and were omitted in downstream analysis.

3.3. Identifying Modules with Clinical Significance. *e
correlations between each module and clinical traits in-
cluding pathologic TNM stage and survival were calculated.

Among them, 6 modules were positively correlated patho-
logic TNM stage, whereas 2 modules are negatively corre-
lated with pathological TNM staging. Besides, the dark
seagreen4 module and thistle2 module are positively cor-
related with survival time, suggesting that these twomodules
may be involved in ESCC tumorigenesis (Figure 3(b)).

3.4. Functional Characterization of Genes in the Selected
Module. To explore the biological function of the identified
genes in the dark seagreen4 and thistle2 modules, GO term
and KEGG pathway-enrichment analyses were performed
on 43 and 106 genes in the two modules, respectively.
Among the genes in the dark seagreen4 module, retina
homeostasis, antimicrobial humoral response, and epithelial
cell differentiation were the most significantly enriched
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Figure 2: Sample clustering and determination of soft-threshold power in theWGCNA. (a) Sample clustering. Clustering dendrogram of samples
based on their Euclidean distances. No outlier samples were removed. (b) β decision. Scale-free topology fitR2 and series of soft thresholds.*e red
line indicates an R2 value of 0.90. (c) Mean connectivity and series of soft thresholds. *e red line indicates a mean connectivity value of 0.
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Figure 3: WGCN and their module-trait associations identified by the WGCNA. (a) Weighted gene coexpression network of ESCC
identified 55 modules. A dendrogram was produced based on theWGCNA package in R by average linkage hierarchical clustering of 12,439
protein-coding genes. (b) Module-trait associations. Each column represents a module eigengene, and each row represents a clinical trait.
Each cell contains the correlation coefficient (first line) and P value (in parentheses). A P value < 0.05 using Spearman’s correlation test was
considered statistically significant. ESCC: esophageal squamous cell carcinoma; ME: module eigengene; TNM: tumor-node-metastasis;
WGCN: weighted gene coexpression network; WGCNA: weighted gene coexpression network analysis.
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(Figure 4(a)). While keratinocyte differentiation, NABA
MATRISOME ASSOCIATED, and fucosylation were the
most significantly enriched among the genes in the
thistle2 module (Figure 4(b)).

Further, we analyzed the dark seagreen4module with the
strongest correlation with survival time by Cytoscape 3.7 to
screen for hub genes. As shown in Figure 5, the top 20 genes
with the most links were defined as hub genes in the dark
seagreen4 module, including AZGP1, CRISP3, KRT13,
PDLIM2, PIGR, BPIFB1, BPIFB2, CLIC3, DNASE1L3,
ENDOU, KRT81, MUC5B, PRR4, SCGB3A1, TFF3, SPINK7,
ASPG, KRT6C, AQP5, and PCP4.

3.5. Prognostic Signature Construction via LASSO Cox Re-
gression Model Using the Training Set. *e LASSO Cox
regression model was constructed using the glmnet
package in R by utilizing several hub genes in the dark-
seagreen4 modules. *ree genes (PDLIM2, DNASE1L3,
and KRT81) with nonzero coefficients at the selected λwere
obtained (Figures 6(a) and 6(b)). Based on the genes with
nonzero coefficients, the risk score of every patient was
calculated according to the linear combination of the

expression of each gene multiplied by the LASSO coeffi-
cients: (−0.0529 × PDLIM2) + (0.0045 × DNASE1L3) +
(−0.0021 × KRT81).

GO:0001895: retina homeostasis 
GO:0019730: antimicrobial humoral response 
GO:0030855: epithelial cell differentiation 
hsa04970: salivary secretion 
GO:0002283: neutrophil activation involved in immune response 
GO:0007586: digestion 
GO:0006898: receptor-mediated endocytosis 
GO:0097164: ammonium ion metabolic process 
GO:0015893: drug transport 

210 3 4 5
−log10 (P)

(a)

20 1 3 4 5 6 7 8 
−log10 (P) 

GO:0030216: keratinocyte differentiation 
M5885: NABA MATRISOME ASSOCIATED 
GO:0036065: fucosylation 
GO:0033032: regulation of myeloid cell apoptotic process 
GO:0043114: regulation of vascular permeability 
GO:0045746: negative regulation of notch signaling pathway 
M232: PID ECADHERIN STABILIZATION PATHWAY 
GO:0040017: positive regulation of locomotion 
GO:0046456: icosanoid biosynthetic process 
GO:0007034: vacuolar transport 
R-HSA-6798695: neutrophil degranulation 
GO:0001501: skeletal system development 

(b)

Figure 4: Top clusters in the dark seagreen4 module and the thistle2 module: (a) heatmap of enrichment clusters in the dark seagreen4
module; (b) heatmap of enrichment clusters in the thistle2 module.

Figure 5: Coexpression network of the dark seagreen4 module.
*ere are 43 connected genes in the dark seagreen4 module. Nodes
are genes, and lines represent their connections. Twenty yellow
nodes are the hub genes of the network.
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3.6. Survival Analysis. ROC curve was plotted to assess the
1-year survival, and results shown in Figure 7 reveal that the
cut-off risk score was decided as –0.136. As shown in the

Kaplan–Meier curve in Figure 8(a), patients in the high-risk
group had worse overall survival (OS) than those in the low-
risk group. *e mean OS was 26.3 months (95% CI,
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Figure 6: LASSO Cox regression model construction. (a) λ selection by 10-fold cross-validation. Continuous upright lines are partial
likelihood deviance± standard error (SE); imaginary lines are depicted at the optimal values by minimum criteria (lambda.min, left vertical
dotted line) and 1−SE criteria (lambda.1se, right vertical dotted line). *e partial likelihood deviance with changing of log (λ) is plotted. *e
value 0.073 is chosen for λ by 10-fold cross-validation with the minimum criteria. (b) Process of LASSO Cox model fitting. Each curve
represents a gene. *e trend of each coefficient against the L1-norm is plotted when λ changes. L1-norm is the total absolute of nonzero
coefficients. LASSO: least absolute shrinkage and selection operator; L1-norm: L1 regularization, the total absolute of nonzero coefficients;
SE: standard error.
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20.1–32.5) in the high-risk group and 54.0 months (95% CI,
38.8–69.2) in the low-risk group (P< 0.001). Similarly, in the
validation set, the mean OS was 38.0 months (95% CI,
33.1–43.0) in the high-risk group and 47.8 months (95% CI,
41.0–54.6) in the low-risk group (P � 0.046, Figure 8(b)).

3.7. Prognostic Factors Analysis. *e risk score was then
verified as an independent prognostic factor for OS, and
univariate and multivariate analyses of potential prognostic
factors in both training and validation set for OS were
performed. In both sets, the risk score was correlated with

OS in univariable analyses. After multivariable analyses
adjustment by clinicopathological variables, the risk score
and TNM stage remained prognostic factors for OS in the
training set (Table 1) and the risk score remained the ex-
clusive independent predictive factor for OS in the valida-
tion set (Table 2). ESCC patients with a high-risk score had
poorer OS (training set: HR 5.319, 95% CI: 1.576–17.951, and
P � 0.007; validation set: HR 1.767, 95% CI: 1.112–2.807,
and P � 0.016). Clinical and pathological TNM staging plays
an important role in predicting the prognosis of patients
with esophageal cancer. Compared with the TNM stage,
except for stage IV patients in the training set (HR 10.372,
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95% CI: 1.345–79.977 P � 0.025), stage II patients and stage
III patients did not have poorer OS than stage I patients.
Unexpectedly, age had little effect on ESCC.

4. Discussion

With the development of microarray and RNA sequencing
technology, a new era of biological big data is coming [12].
Data mining strategies can be used to explore key biological
phenotypes related to high-dimensional data sets and can also
realize the characterization of human cancer, the identifi-
cation and definition of important genes in the tumorigenesis
process, and the diagnosis of prognostic characteristics
[13–15]. In this study, 10 gene coexpression modules were
identified by WGCNA analysis of coexpression gene net-
works in TCGA and GSE53625 datasets. Of these modules,
dark seagreen4 and thistle2 module are closely related to the
survival time of ESCC, especially dark seagreen4.*erefore, it
is speculated that the genes contained in module 4 are the key
regulatory factors of ESCC, so we conducted further analysis.
GO and KEGG enrichment analyses were used to evaluate the
potential functional role of genemodules in ESCC [16]. It was
observed that the genes in dark seagreen 4 were mainly in-
volved in antimicrobial humoral response, epithelial cell
differentiation, and neutrophil activation involved in im-
mune response, all of which were involved in the cancer
development. More importantly, based on the LASSO Cox
regression model analysis of the TCGA data set, we screened
out 3 genes that can predict overall survival, namely,
PDLIM2, DNASE1L3, and KRT81 and constructed the best
prognostic 3-gene risk prediction model.

PDZ and LIM domain containing protein 2 (PDLIM2),
encoded by the PDLIM2 gene, is a member of the actin-
associated LIM family of proteins, which plays an important

role in cytoskeletal organization and cell differentiation and
is related to tumorigenesis [17]. Previous studies have shown
that PDLIM2 plays a biological role as a tumor suppressor or
a tumor promoter in different malignancies. For example, in
human castration-resistant prostate cancer (CRPC)-like
cells, PDLIM2 was significantly upregulated, while the in-
hibition of PDLIM2 can reduce the malignant phenotype in
CRPC-like cells [18]. In colon cancer, PDLIM2 was sig-
nificantly downregulated and involved in cancer regulation
by inhibiting NF-κB activation [19].*ese studies confirmed
the tumor specificity of PDLIM2.

DNASE1L3 encodes an enzyme called deoxyribonuclease
gamma. Monogenic lupus can be caused by nucleic acid
degradation and repair defects because DNA that has not
been properly cleared can serve as an immunogen library to
drive the response of T cells and B cells [20]. Interestingly,
the mutation in DNASE1L3 abolished the functional activity
of the nuclease and caused defective DNA degradation,
resulting in complete permeability of systemic lupus
erythematosus [21]. DNase1L3, a genetically engineered
human recombinant DNase, was described as attaining
safeguarding stem cell-based regenerative therapy against
iatrogenic cancerogenesis [22]. Malecki et al. found that the
targeted expression of recombinant DNASE1, DNASE1L3,
DNASE2, and DFFB can completely eradicate ovarian
cancer cells in vitro, while healthy cells are not affected [23].

KRT81 encodes Hb-1, a type of keratin, which is
expressed in all epithelial cell types. According to reports, it
plays an important role in maintaining cell integrity, protein
synthesis, and intracellular signal transduction [24,25]. Xie
et al. confirmed that KRT81 rs3660GG type is an inde-
pendent prognostic marker in non-Hodgkin’s lymphoma
[26]. Campayo et al. revealed that SNP-KRT81 plays an
important role in the recurrence of nonsmall cell lung cancer

Table 1: Univariate and multivariable Cox regression analysis of prognosis factors in the training set for OS.

Variable
Univariate analysis Multivariable analysis

HR 95% CI P value HR 95% CI P value
OS
Risk score (high vs. low) 5.319∗∗ 1.576–17.951 0.007 6.815∗∗∗ 1.840–25.248 0.004
TNM stage
(Stage II vs. I) 1.035 0.221–4.843 0.965 1.758 0.326–9.485 0.512
(Stage III vs. I) 1.927 0.404–9.188 0.410 3.254 0.581–18.216 0.179
(Stage IV vs. I) 3.929 0.626–24.640 0.144 10.372∗ 1.345–79.977 0.025
Age (≥60 vs.<60 years) 1.321 0.585–2.983 0.503
Abbreviation. CI: confidence interval; HR: hazard ratio; OS: overall survival; TNM: tumor-node-metastasis; ∗P< 0.05; ∗∗P< 0.01; and ∗∗∗P< 0.01.

Table 2: Univariate and multivariable Cox regression analysis of prognosis factors in the validation set for OS.

Variable
Univariate analysis Multivariable analysis

HR 95% CI P value HR 95% CI P value
OS
Risk score (high vs. low) 1.543∗ 1.004–2.372 0.048 1.767∗ 1.112–2.807 0.016
TNM stage
(Stage II vs. I) 1.260 0.500–3.174 0.625 1.362 0.540–3.437 0.513
(Stage III vs. I) 1.327 0.531–3.317 0.545 1.762 0.690–4.500 0.236
Age (≥60 vs.<60 years) 0.911 0.623–1.335 0.634
Abbreviation. CI: confidence interval; HR: hazard ratio; OS: overall survival; TNM: tumor-node-metastasis; and ∗P< 0.05.
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[27]. In addition, KRT81 also proved to be a novel and
promising marker for squamous cell lung cancer [27].

Recent studies constructed prognostic models for ESCC
based on gene expression data, with the aim of improving its
early diagnosis and personalized treatment. Song et al. in-
tegrated the analysis of ESCC microarray data from
GDS3838 and TCGA-ESCC and confirmed the prognostic
value of PDLIM2 expression, which was independently
associated with longer OS in ESCC patients [28]. In the
current study, the risk score tends to be larger with lower
expression of PDLIM2, and ESCC patients with a high-risk
score had significantly poorer OS. As two independent
studies, these similar findings suggested the accuracy and
reliability of the analysis process. Alaei et al. constructed a
large coexpression network of coding and noncoding genes
using the WGCNA method and found important functional
modules. Kaplan–Meier estimators and log-rank test sta-
tistics were then used to identify the majority of selected
protein-coding and noncoding genes associated with poor
prognosis in ESCC [29]. In this study, LASSO Cox re-
gression model analysis was applied to construct a prog-
nostic 3-gene risk prediction model. After the optimal cut-
off point was determined by ROC analysis, the patients were
divided into high-risk group and low-risk group. *e results
showed that the high-risk group had a lower percentage of
survival, while the low-risk group had a higher percentage of
survival. In addition, the verification result of risk score as an
independent prognostic factor of OS showed that whether it
is in the training set or the validation set, the risk score is its
prognostic factor.

Zhan et al. developed a 3-gene signature by an ESCC-
specific protein-protein interaction (PPI) network involving
LOXL2 and actin-related proteins [30]. Sun et al. identified a
three-gene prognostic signature based on the expression of
GASC1 and 6 GASC1-targeted genes [31]. *e signature was
verified as an independent prognostic factor of ESCC. Guo
et al. developed an immunogenomic risk score for predicting
survival outcomes among esophageal cancer (EC) patients
by utilizing immune-related genes [32]. Fei et al. constructed
two prognostic risk score models of two EC sub-types, re-
spectively [33]. *e risk scores were verified as prognostic
factors for ECOS and a classifier for the evaluation of groups
with different risks. Since the underlying biological mech-
anisms of most ESCC biomarkers remains unclear,
screening through candidate or pathway-based strategies
rather than systematic screening results in limited prediction
effect [34].

However, our prognostic model had some limitations.
Firstly, we did not obtain other clinical information that
might have influenced OS, such as primary health problems
and follow-up treatment. Secondly, gene expression profiles
obtained from GSE53625 were assessed by Agilent-038314
CBC Homo sapiens microarray V2.0 and have already been
analyzed, so we did not start with the raw data. *irdly,
further validation in an independent set such as with RT-
qPCR validation is required to confirm the diagnostic value
of our model. Fourthly, we are unsure whether the risk score
is feasible for metastatic ESCC because these samples were
from primary tumors, the initial site of the cancer. *e risk

score was obtained from the dark seagreen4 module, which
showed the strongest correlation with survival time. Further
explorations are needed to detect markers from other
modules.

5. Conclusion

In this study, a survival-related risk score for ESCC was
identified using the WGCNA and a LASSO Cox regression
model to explore a new molecular characterization of ESCC
associated with prognosis, and we produced a risk model to
aid its diagnosis and management. Our results suggested
that three novel markers could effectively be of diagnostic
and therapeutic value for the management of ESCC.
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