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Abstract. The poor outcome of patients with esophageal squa-
mous cell carcinoma (ESCC) highlights the importance of the 
identification of novel effective prognostic biomarkers. Long 
non‑coding RNAs (lncRNAs) serve regulatory roles in various 
types of cancer. The aim of the present study was to investi-
gate the lncRNA expression profile in ESCC and to identify 
lncRNAs associated with the prognosis of ESCC by performing 
comprehensive bioinformatics analyses. The RNA‑sequencing 
(Seq) expression dataset GSE53625 generated from ESCC 
samples was used as a training dataset. Additional RNA‑Seq 
datasets relative to ESCC samples were downloaded from The 
Cancer Genome Atlas and used as a validation dataset. Data 
were screened using the limma package, and differentially 
expressed lncRNAs between early‑ and late‑stage ESCC 
were identified. A random forest algorithm was used to select 
the optimal lncRNA biomarkers, which were then analyzed 
using the support vector machine (SVM) algorithm with R 
software. The identified lncRNA biomarkers were examined 
in the validation dataset by bidirectional hierarchical clus-
tering and using an SVM classifier. Subsequently, univariate 
and multivariate Cox regression analyses were performed to 
analyze the potential ability lncRNAs to predict the survival 

rate of patients with ESCC. By examining the training group, 
259 deregulated lncRNAs between early‑ and advanced‑stage 
ESCC were identified. Further bioinformatics analyses 
identified a nine‑lncRNA signature, including AC098973, 
AL133493, RP11‑51M24, RP11‑317N8, RP11‑834C11, 
RP11‑69C17, LINC00471, LINC01193 and RP1‑124C. This 
nine‑lncRNA signature was used to predict the tumor stage 
and patient survival rate with high reliability and accuracy in 
the training and validation datasets. Furthermore, these nine 
lncRNA biomarkers were primarily involved in regulating 
the cell cycle and DNA replication, and these processes were 
previously identified to be associated with the progression of 
ESCC. The identified nine‑lncRNA signature was identified 
to be associated with the tumor stage, and could be used as 
predictor of the survival rate of patients with ESCC.

Introduction

Esophageal cancer is one of the most common lethal malig-
nancies worldwide (1). Esophageal cancer is the sixth most 
common cause of cancer‑associated mortality, causing 
>400,000 mortalities per year (2). Esophageal cancer presents 
as two principal types: Esophageal squamous cell carcinoma 
(ESCC) and esophageal adenocarcinoma. Although the 
incidence rate of Barrett's adenocarcinoma is increasing in 
Western countries, the incidence of ESCC is increasing at 
a fast rate in East Asian populations (3). Due to the lack of 
specific symptoms and effective early diagnostic methods, 
the 5‑year survival rate of patients with ESCC remains low, 
ranging between 10 and 25% (4). Current biomarkers, such as 
serum squamous cell carcinoma antigen, carbohydrate antigen 
19‑9, carcinoembryonic antigen and cytokeratin‑19 fragments, 
are commonly used in the diagnosis of patients with ESCC. 
However, these tumor markers are not used in the early 
detection of ESCC, due to insufficient diagnostic sensitivity 
and specificity (5,6). Therefore, understanding the molecular 
mechanisms underlying ESCC tumorigenesis would facilitate 
the identification and the development of novel biomarkers with 
high sensitivity and specificity that may be able to improve the 
early detection and prognosis of ESCC. 

The development and progression of cancer involve various 
types of genomic alterations, including DNA mutations, 
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epigenetic modifications, changes in gene expression and 
the complex interplay of these processes  (7). Epigenetic 
modifications, such as DNA methylation, histone deacety-
lation, chromatin remodeling and non‑coding RNA (ncRNA) 
regulation, are critical for the development and metastasis 
of various types of cancer, including ESCC (8,9). ncRNAs 
have attracted increasing interest over the past decade. Long 
ncRNAs (lncRNAs) are a large class of ncRNAs of >200 
nucleotides in length, and lncRNA genes are interspersed 
within the genome (10‑12). lncRNAs have been shown to serve 
critical roles in cancer initiation and progression, mediating 
oncogenic or tumor suppressing effects at the transcriptional 
and post‑transcriptional levels (13,14). Aberrantly expressed 
lncRNAs have been reported to serve as potential biomarkers 
for cancer diagnosis and prognosis  (15). For example, the 
increased expression of HOX transcript antisense RNA in 
metastatic breast cancer  (16), CDKN2B antisense RNA 
1‑induced epigenetic silencing of cyclin dependent kinase 
inhibitor 2B in leukemia (17) and the increased expression 
of metastasis associated lung adenocarcinoma transcript 1 in 
metastatic non‑small cell lung cancer are lncRNA‑mediated 
processes associated with the development or progression of 
cancer (18,19). Dysregulated lncRNAs are frequently observed 
in ESCC (20), but the functions of most lncRNAs in ESCC 
remain unclear. 

Systems biology approaches can facilitate the under-
standing of the pathogenesis of ESCC and the identification 
of potential novel biomarkers. Many transcriptome analyses 
and datasets of ESCC samples have been generated, and 
several lncRNAs have been identified as ESCC‑associated 
lncRNAs (21‑25). Nevertheless, compared with coding genes 
and microRNAs, the specific lncRNAs involved in the onset 
and development of ESCC remain unknown. 

The main aim of the present study was to identify effec-
tive biomarkers or therapeutic targets associated with ESCC. 
An ESCC gene expression profile dataset was downloaded 
from the Gene Expression Omnibus (26) (GEO; accession no. 
GSE53625) and was used as a training dataset. Additionally, 
expression profiles were downloaded from The Cancer Genome 
Atlas (27) (TCGA) and were used as a validation dataset. Tumor 
samples were then divided into early‑ and advanced‑stage 
ESCC, according to the Tumor‑Node‑Metastasis (TNM) 
staging system (28), and differentially expressed lncRNAs 
(DElncRs) between early‑ and advanced‑stage tumor samples 
were identified. A random forest algorithm was used to select 
optimal lncRNA biomarkers, which were then analyzed via 
the support vector machine (SVM) algorithm in R. The identi-
fied lncRNA biomarkers were also examined in the validation 
dataset by performing bidirectional hierarchical clustering 
and classification using an SVM classifier. Univariate and 
multivariate Cox regression analyses were then performed to 
determine the ability of the identified lncRNAs to predict the 
patient survival rates. 

Materials and methods

RNA expression data. RNA expression profiles and patient 
information from the GSE53625 dataset (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM1296956) 
were downloaded from the GEO (http://www.ncbi.nlm.

nih.gov/geo/) database, which is based on the Affymetrix 
(Thermo Fisher Scientific, Inc.) GPL18109 platform. In the 
original study, tumor tissues were collected from 179 patients 
with ESCC (29). In the present study, the GSE53625 dataset 

Table I. Demographic and clinical information of patients in 
the training dataset GSE53625 and in the validation dataset 
downloaded from TCGA.

Patient	 GSE53625	 TCGA
characteristics	 dataset, n=179	 dataset, n=86

Age, years (mean ± SD)	 59.34±9.03	 58.29±10.63
Gender 		
  Male	 146	 75
  Female	 33	 11
Alcohol use		
  Yes	 106	 62
  No	 73	 23
  Unavailable	 0	 1
Tobacco use		
  Yes	 114	 57
  No	 65	 27
  Unavailable	 0	 2
Pathological grade N 		
  N0	 83	 49
  N1	 62	 26
  N2	 22	 6
  N3	 12	 2
  Unavailable	 0	 3
Pathological grade T 		
  T1	 12	 7
  T2	 27	 25
  T3	 110	 48
  T4 	 30	 4
  Unavailable	 0	 2
Tumor stage 		
  I	 10	 7
  II	 77	 47
  III	 92	 27
  IV	 0	 3
  Unavailable	 0	 2
Adjuvant therapy 		
  Yes	 104	 0
  No	 45	 0
  Unavailable	 30	 86
Survival status 		
  Deceased	 106	 30
  Alive	 73	 54
  Unavailable	 0	 2
Overall survival, 	 36.25±22.86	 13.67±11.82
months (mean ± SD)

TCGA, The Cancer Genome Atlas.
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was used as a training dataset. RNA‑Seq expression profiling 
data generated using the Illumina HiSeq 2000 (Illumina, 
Inc.) and ESCC patient information (http://www.cbio-
portal.org/study?id=hnsc_tcga#clinical) were downloaded 
from TCGA (https://gdc‑portal.nci.nih.gov/). The TCGA 
dataset was used as a validation dataset. The GSE53625 
dataset contained normalized gene expression data. The 
TCGA RNA‑Seq expression data were quantified using an 
Expectation‑Maximization algorithm  (30) of normalized 
read counts (log2 transformed). The demographic and clinical 
data of patients in both the training and validation datasets 
are presented in Table I.

DElncR identification. According to the pathological disease 
stage of patients in the training dataset, tumor tissues were 
divided into early‑stage (stage I and II) and advanced‑stage 
(stage III and IV) ESCC. The limma software (version 3.34.9) 
package of R/Bioconductor (version 3.6)  (31) was used to 
analyze DElncRs between early‑ and advanced‑stage ESCC. 
False discovery rate <5% was used as the cutoff value, based 
on a permutation test, as previously described  (32). The 
fold‑change (FC) values of gene expression between tumor 
tissues and normal esophageal tissues were calculated, and 
|log2FC|>0.263 was used as the cutoff value. 

DElncR clustering analysis. Bidirectional hierarchical 
clustering based on the expression profile of the DElncRs 
identified in the GSE53625 dataset was performed by calcu-
lating the centered Pearson correlation coefficient  (33). A 
heatmap was then constructed using the R package pheatmap 
(version 1.0.12) (34). To determine whether the Pearson corre-
lation coefficient was appropriate for hierarchical clustering, 
the chisq.test (χ2) function in R and the Kaplan‑Meier method 
in the R survival package (version 2.43‑3; https://cran.r‑project.
org/web/packages/survival/index.html) were used for further 
evaluation. Specifically, the associations between the clusters 
classified by hierarchical clustering and the stages of ESCC 
were analyzed using the chisq.test function in R. Subsequently, 
the Kaplan‑Meier method in the R survival package was used 
to estimate the associations between clusters and patient 
survival rates based on the patient information in the different 
clusters.

Identification of the optimal combination of lncRNAs using 
a random forest algorithm. Optimal lncRNA biomarkers 
for ESCC were selected using a random forest algorithm, 
which was calculated using bootstrap methods (35). The 
random forest prediction model was generated using 
the R package randomForest (version 4.6‑14) (36). In the 

Figure 1. Flow chart of the present study. TCGA, The Cancer Genome Atlas; lncRNA, long non‑coding RNA; ESCC, esophageal squamous cell carcinoma; 
RF, random forest; SVM, support vector machine.
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bootstrap method, out‑of‑bag (OBB) error rates were used 
to evaluate the selection performance of the random forest 
algorithm, and lower OBB error rates indicated higher 
prediction accuracy. 

Construction of a SVM classifier. The optimal combination 
of lncRNAs was further analyzed using the SVM func-
tion in the e1071 package of R, and a SVM classifier was 
constructed (37). The SVM classifier was used to separate 
the data points from the two classification groups using a 
decision surface. To evaluate the robustness of the SVM 
model, a 10‑fold cross‑validation was performed  (38). 
The SVM classifier was then used to distinguish between 
patients with early‑ and advanced‑stage‑like ESCC. 
Moreover, Kaplan‑Meier curves were plotted for patients 
with early‑ and advanced‑stage ESCC and compared using 
the log‑rank test.

Figure 3. Random forest prediction model. The x‑axis represents the number 
of long non‑coding RNAs. The y‑axis represents the OOB error rate. OOB, 
out‑of‑bag.

Figure 2. Clustering and survival analysis of 179 esophageal squamous cell carcinoma samples based on the expression of 259 differentially expressed 
lncRNAs in the training dataset. (A) Bidirectional hierarchical clustering of 259 lncRNAs in 179 tumor tissue samples. Green indicates early‑stage tumors 
and red indicates advanced‑stage tumors. (B) Kaplan‑Meier survival curves of patients from cluster 1 and cluster 2. The green curve represents patients from 
cluster 1 and the red curve represents patients from cluster 2. lncRNA, long non‑coding RNA.
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Table II. lncRNA biomarkers associated with the progression of esophageal squamous cell carcinoma.

Ensembl ID	 Gene name	 Genomic coordinates	 P‑value	 False discovery rate	 Log2 fold change

ENSG00000225548	 AC098973	 Chr3: 27,802,762‑27,891,301(+)	 0.0002 	 0.0078 	 ‑0.5822 
ENSG00000233922	 AL133493	 Chr21: 45,593,654‑45,603,056(+)	 0.0008 	 0.0340 	 ‑0.5420 
ENSG00000249875	 RP11‑51M24	 Chr4: 174,354,854‑174,376,445(‑)	 <0.0001 	 0.0012 	 ‑0.3375 
ENSG00000257272	 RP11‑317N8	 Chr14: 35,873,857‑35,875,303(+)	 0.0001 	 0.0043 	 ‑0.3017 
ENSG00000249388	 RP11‑834C11	 Chr12: 54,082,118‑54,102,693(+)	 0.0002 	 0.0079 	 0.2818 
ENSG00000227912	 RP11‑69C17	 Chr10: 2,166,332‑2,169,460(+)	 0.0003 	 0.0139 	 0.2981 
ENSG00000181798	 LINC00471	 Chr2: 231,508,426‑231,514,339(+)	 <0.0001 	 0.0014 	 0.4400 
ENSG00000258710	 LINC01193	 Chr15: 20,940,438‑20,993,303(+)	 0.0002 	 0.0083 	 0.5258 
ENSG00000232316	 RP1‑124C6	 Chr6: 113,428,540‑113,433,421(‑)	 <0.0001 	 0.0002 	 0.5867

lncRNA, long non‑coding RNA.

Figure 4. Clustering and survival analysis of 179 ESCC tumors based on the expression of nine lncRNA biomarkers in the training dataset. (A) Bidirectional 
hierarchical clustering of nine lncRNA biomarkers of ESCC in 179 tumor samples in the training dataset. Green indicates early‑stage tumors and red indicates 
advanced‑stage tumors. (B) Kaplan‑Meier survival curves of patients from cluster 1 and cluster 2. The green curve represents patients from cluster 1 and the 
red curve represents patients from cluster 2. ESCC, esophageal squamous cell carcinoma; lncRNA, long non‑coding RNA.
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Validation of optimal lncRNA biomarkers. The identified 
optimal lncRNA biomarkers were hierarchically clustered 
by calculating Pearson's correlation coefficient. The SVM 
classifier, generated using the training dataset, was used to 
distinguish between patients with early‑ and advanced‑stage 
ESCC in the validation dataset. 

Univariate and multivariate Cox regression analysis. 
Univariate and multivariate Cox regression analyses were 
performed to identify independent prognostic factors asso-
ciated with patient survival rates. The tumor stages were 
classified using the SVM classifier. Then, demographic and 
clinical information, including age, gender, alcohol use, 
tobacco use, TNM grade and adjuvant therapy, were analyzed 
using univariate and multivariate analyses. In addition, the 
patients were separated based on age, gender, alcohol use, 
tobacco use, TNM grade and adjuvant therapy and the rela-
tionship between the tumor stage, as classified by the SVM 
classifier, and patient prognosis was analyzed.

Functional enrichment analysis of genes associated with 
the identified lncRNA biomarkers. The correlation between 
optimal lncRNA biomarkers and the expression of all genes 
in the training dataset was evaluated by calculating Pearson 
correlation coefficients using the cor.test function in R (39). 
Each lncRNA was associated with ≥1 gene. The genes were 
arranged in descending order based on the absolute value of 
the Pearson coefficient, and an lncRNA‑mRNA network was 
generated using the top 1% of lncRNA‑mRNA gene pairs.

Next, the mRNA‑mRNA interactions of the top 1% of 
genes were identified using the Search Tool for the Retrieval 
of Interacting Genes/Proteins (STRING)  (40). Using a 
STRING score >0.8, the genetic interactions predicted 
by the protein‑protein interaction network were further 
analyzed. Finally, Kyoto Encyclopedia of Genes and Genomes 

(KEGG) (41) pathway enrichment analysis was performed for 
all mRNAs that correlated with the expression of the identified 
lncRNAs using the Database for Annotation, Visualization 
and Integrated Discovery (version  6.8) bioinformatics 
resources (42), and P<0.05 was considered to indicate a statis-
tically significant difference. 

Results

DElncR screening. A flow chart of the present study is shown 
in Fig.  1. According to the pathological disease stage of 
patients in the training dataset, the tumor samples collected 
from 179 patients were divided into early‑ and advanced‑stage 
ESCC, and the two groups consisted of 87 and 92 patients, 
respectively. Using the limma R package, a total of 259 
DElncRs were identified, including 175 downregulated and 84 
upregulated lncRNAs. 

Subsequently, bidirectional hierarchical clustering was 
performed based on the expression profiles of 259 DElncRs 
in 179 tumor tissue samples, by calculating the centered 
Pearson correlation. Samples were separated into two clusters 
(Fig. 2A). In cluster 1, 65 of 67 tumor samples presented at an 
early stage. In cluster 2, most of the tumor samples (90/112) 
presented at an advanced stage, whereas 22 samples presented 
at an early stage. The accuracy of tumor stage identification 
was 86.59% (155/179; χ2=97.39; P=2.20x10‑16). 

Kaplan‑Meier analysis suggested that the patients in cluster 
1 exhibited a significantly longer survival time compared with 
the patients in cluster 2 (43.50±21.51 and 31.92±22.64 months, 
respectively; P=2.639x10‑4; Fig. 2B).

Identification of lncRNA biomarkers for early‑stage ESCC. 
A random forest algorithm was used to identify the most 
important lncRNAs. The optimal lncRNA combination 
was obtained using the smallest OBB error rate (OBB 

Figure 5. Analysis of nine lncRNA biomarkers using an SVM classifier in the training dataset. (A) Receiver operating characteristic curve of the SVM 
classifier based on nine lncRNA biomarkers of esophageal squamous cell carcinoma. (B) Kaplan‑Meier survival curves of patients with early‑stage‑like and 
advanced‑stage‑like tumors. The green curve represents patients with early‑stage‑like tumors and the red curve represents patients with advanced‑stage‑like 
tumors. AUC, area under the curve; SVM, support vector machine; lncRNA, long non‑coding RNA.
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error=0.183; Fig.  3). A total of nine optimal lncRNA 
biomarkers of ESCC were identified, including AC098973, 
AL133493, RP11‑51M24, RP11‑317N8, RP11‑834C11, 
RP11‑69C17, LINC00471, LINC01193 and RP1‑124C. The 
expression levels of AC098973, AL133493, RP11‑51M24 
and RP11‑317N8 were significantly increased in early‑stage 
tumors compared with advanced‑stage tumors, whereas the 
expression levels of the remaining five lncRNAs were signifi-
cantly decreased in early‑stage tumors (Table II). 

All tumor samples were hierarchically clustered based on 
the expression level of the nine identified lncRNAs, by calcu-
lating Pearson correlation coefficients. Tumor samples were 
divided into two clusters (Fig. 4A). In cluster 1, 68 of 73 tumor 
samples presented at an early stage and only five tumor samples 
presented at an advanced stage. By contrast, in cluster 2, 87 
of 106 tumor samples presented at an advanced stage, and 19 
samples presented at an early stage. The clusters exhibited an 
overall accuracy of 86.59% (155/179). The patients in cluster 1 

Figure 6. Clustering and survival analysis of 71 ESCC samples based on the expression of nine lncRNA biomarkers in the validation dataset. (A) Bidirectional 
hierarchical clustering of nine lncRNA biomarkers of ESCC in 71 tumor tissue samples in the validation dataset. Green represents early‑stage tumors and red 
represents advanced‑stage tumors. (B) Kaplan‑Meier survival curves of patients from cluster 1 and cluster 2. The green curve represents patients from cluster 1 
and the red curve represents patients from cluster 2. lncRNA, long non‑coding RNA; ESCC, esophageal squamous cell carcinoma.
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had a significantly longer overall survival time compared with 
the patients in cluster 2 (40.25±21.61 and 33.50±23.39 months, 
respectively; Fig. 4B). The present results suggested that these 
nine lncRNAs could be used to predict the survival outcome 
of patients with ESCC. 

lncRNA classification by SVM classifier. Based on the expression 
level of the nine optimal lncRNAs identified in the present study, 
an SVM classifier was established to identify tumors at different 
stages. The resulting SVM classifier could distinguish the 
progression stage of ESCC in 160 of 179 samples, exhibiting an 
overall accuracy of 89.39%, a sensitivity of 90.22%, a specificity 
of 88.51%, a positive predictive value (PPV) of 89.25%, a nega-
tive predictive value (NPV) of 89.53% and a receiver operating 
characteristic area under the curve (AUC) of 0.917 (Fig. 5A).

In addition, overall survival in patients with early‑stage‑like 
and advanced‑stage‑like tumors, as defined by the SVM 

classifier, was calculated using the Kaplan‑Meier method and 
compared using the log‑rank test. Patients with early‑stage‑like 
tumors exhibited a significantly longer overall survival time 
compared with patients with advanced‑stage‑like tumors 
(40.15±22.46 and 32.81±22.78 months, respectively; Fig. 5B). 
The present results suggested that the tumor progression stage 
identified by the SVM classifier on the basis of the expres-
sion levels of the nine identified lncRNAs was associated with 
patient survival rate.

Validation of optimal lncRNA biomarkers in ESCC. Additional 
RNA‑Seq expression profiling datasets associated with ESCC 
were downloaded from TCGA. Specifically, transcriptomic 
data from 86 tumor samples and survival data from 71 patients 
with ESCC were downloaded. Therefore, 71 ESCC samples 
were used to validate the ability of the nine identified lncRNAs 
to predict the progression of ESCC.

Figure 7. Analysis of nine lncRNA biomarkers using an SVM classifier in the validation dataset. (A) Receiver operating characteristic curve of the SVM clas-
sifier based on nine lncRNA biomarkers associated with ESCC. (B) Kaplan‑Meier survival curves of patients with early‑ and advanced‑stage‑like ESCC. The 
green curve represents patients with early‑stage‑like tumors and the red curve represents patients with advanced‑stage‑like tumors. lncRNA, long non‑coding 
RNA; ESCC, esophageal squamous cell carcinoma; AUC, area under the curve; SVM, support vector machine.

Table III. Univariate and multivariate Cox regression analysis for SVM prediction model and clinical features.

	 Univariate analysis	 Multivariate analysis
	‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑	‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑ 
Variables	 HR	 P‑value	 HR	 P‑value

SVM prediction (Early/advanced stage like)	 1.723	 0.006a	 1.637	 0.005a

Age (≤60 or >60)	 1.681	 0.007a	 1.416	 0.140
Gender 	 0.782	 0.305	 1.366	 0.390
Alcohol use 	 0.864	 0.455	 0.967	 0.916
Tobacco use 	 0.750	 0.014	 0.456	 0.010a

Pathological grade (N0+N1) or (N2+N3)	 1.645	 0.028a	 1.079	 0.794
Pathological grade (T1+T2) or (T3+T4)	 1.091	 0.711	 0.834	 0.528
Adjuvant therapy	 2.264	 0.003a	 2.492	 0.002a

aP<0.05. SVM, support vector machine; HR, hazard ratio.
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By calculating Pearson correlation coefficients, 71 tumor 
samples, including 45 at an early stage and 26 at an advanced 
stage, were hierarchically clustered based on the expression 
levels of the nine identified lncRNAs in the TCGA dataset 
(Fig.  6A). In the validation dataset, tumor samples were 
divided into two clusters based on the expression levels of the 
nine lncRNAs. Cluster 1 consisted of 45 samples, including 
39 at an early stage and six at an advanced stage. Cluster 2 
consisted of 26 samples, including six at an early stage and 20 
at an advanced stage. The overall accuracy of the identified 
clusters was 83.10% (59/71). The patients in cluster 1 exhibited 
a significantly longer overall survival time than patients in 
cluster 2 (16.70±11.96 and 14.32±11.01 months, respectively; 
Fig. 6B).

In addition, the SVM classifier based on the expression 
levels of the nine identified lncRNAs was used to discriminate 
different tumor progression stages in the validation dataset. 
The SVM classifier could accurately distinguish the progres-
sion stage of ESCC in 64/71 samples, exhibiting an overall 
accuracy of 90.14%. The sensitivity, specificity, PPV and 
NPV of the SVM classifier were 73.08, 100, 100 and 86.54%, 
respectively, with an AUC of 0.915 (Fig. 7A). Furthermore, 
after performing Kaplan‑Meier survival analysis followed by 
log‑rank test, patients with early‑stage‑like ESCC, as classified 
by the SVM classifier, exhibited a significantly longer overall 
survival time compared with patients with advanced‑stage‑like 
ESCC (16.51±11.97 and 13.96±10.59 months, respectively; 
P=0.038; Fig. 7B).

Based on the results from the bidirectional hierarchical 
clustering and the SVM classification, the optimal combina-
tion of lncRNAs was able to reliably predict the survival time 
of patients with ESCC.

Identification of independent prognostic factors associated 
with patient survival rates. Univariate and multivariate Cox 
regression analyses were performed to identify independent 
prognostic factors associated with patient survival rates 
(Table III). The SVM classification, tobacco use and adjuvant 
therapy were significantly correlated with overall patient 
survival time.

Additionally, the hazard ratios of the SVM classifier and 
stratified clinical factors were calculated, including age, gender, 
alcohol use, tobacco use, tumor grade and adjuvant therapy 
(Table IV). Patients with early‑stage‑like tumors exhibited a 
longer survival time than patients with advanced‑stage‑like 
tumors. According to the present results, the tumor progres-
sion stage predicted by the constructed SVM classifier was 
significantly correlated with the patient survival rate in the 
following subgroups: Male patients, patients <60 years old, 
alcohol consumers, smokers, patients with tumors at TNM 
stages of N0+N1 or T3+T4 and patients who did not receive 
adjuvant therapy.

Functional analysis of genes associated with the nine 
optimal lncRNAs. A total of 1,656 genes were identified to 
be significantly correlated with the nine identified lncRNAs. 
Notably, 728 genes were positively correlated, and 928 genes 
were negatively correlated. A co‑expression network of 
lncRNAs and genes was then established. After screening 
for gene‑gene interaction pairs in the STRING database, 

lncRNA‑mRNA co‑expression networks were constructed 
(data not shown).

The genes significantly correlated with the nine identi-
fied lncRNA were involved in several KEGG pathways, such 
as ‘cell cycle’ and ‘DNA replication’, indicating that these 
lncRNAs may be involved in the progression of ESCC by 
regulating these cellular processes (Fig. 8). Specifically, the 
present analysis identified the enriched KEGG pathways 
that were negatively and positively associated with lncRNAs 
(Fig. 8A and B, respectively).

Discussion

ESCC is a neoplastic diseases with one of the highest mortality 
rates worldwide, which exhibits a particularly high incidence 
in certain regions of China  (43). However, the etiology of 
ESCC remains poorly understood. The present study analyzed 
public databases in order to identify novel effective biomarkers 
or therapeutic targets involved in the pathogenesis of ESCC. 

In the present study, 259 DElncRs between early‑ and 
advanced‑stage ESCC were identified. These 259 lncRNAs 
were used to predict the tumor stage in the training dataset with 
high accuracy. Using a random forest algorithm, a total of nine 
lncRNA biomarkers associated with ESCC were identified, 
including AC098973, AL133493, RP11‑51M24, RP11‑317N8, 

Table IV. Univariate regression analysis for each clinicopatho-
logical characteristic in the training dataset. 

	 Univariate analysis
	‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Variables	 HR	 95% CI	 P‑value

Age
  ≤60, n=99	 1.966	 1.113‑3.473	 0.0176a

  >60, n=80	 1.433	 0.829‑2.477	 0.1954
Gender			 
  Male, n=146	 1.705	 1.099‑2.645	 0.0160a

  Female, n=33	 1.707	 0.691‑4.219	 0.2413
Alcohol use			 
  Yes, n=106	 1.767	 1.038‑3.007	 0.0335a

  No, n=73	 1.771	 0.9799‑3.199	 0.0552
Tobacco use			 
  Yes, n=114	 1.714	 1.025‑2.865	 0.0375a

  No, n=65	 1.805	 0.973‑3.35	 0.0576
Pathological grade			 
  N0+N1, n=34	 1.640	 1.058‑2.543	 0.0256a

  N2+N3, n=145	 1.497	 0.447‑5.015	 0.5099
Pathological grade			 
  T1+T2, n=39	 0.896	 0.348‑2.309	 0.8198
  T3+T4, n=140	 1.998	 1.24‑3.219	 0.0038a

Adjuvant therapy			 
  Yes, n=104	 1.197	 0.742‑1.932	 0.4609
  No, n=45	 4.890	 1.687‑14.22	 0.0013a

aP<0.05. HR, Hazard ratio.
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RP11‑834C11, RP11‑69C17, LINC00471, LINC01193 and 
RP1‑124C. In addition, the present results suggested that the 
combination of these nine lncRNAs was able to predict tumor 
stage and patient survival rate in the training dataset. These nine 
lncRNA biomarkers associated with ESCC were subsequently 
validated. In the validation dataset, the nine lncRNAs were 
used to predict the tumor stage and patient survival rate with 
high reliability and accuracy. Furthermore, these nine lncRNA 
biomarkers were identified to be involved in regulating ‘cell 
cycle’ and ‘DNA replication’, which were previously identified to 
be associated with the progression of ESCC (44,45). Collectively, 
the present study identified nine candidate lncRNAs associated 
with the progression and prognosis of ESCC. Additionally, data 
enrichment analysis identified the possible molecular mecha-
nism underlying their function.

The association between the dysregulation of certain 
lncRNAs and the prognosis of patients with cancer has been 

reported for several malignancies, such as hepatocellular 
carcinoma (46), breast cancer (16) and colorectal cancer (47). 
In addition, many previous transcriptome analyses of ESCC 
samples have been performed (48‑50). Several groups have 
reported the aberrant expression of various lncRNAs in ESCC 
and multiple ESCC‑associated lncRNAs have been identified, 
some of which may be used as biomarkers for the diagnosis 
or prognosis of ESCC (21‑25). Li et al  (29) compared the 
expression levels of lncRNAs in ESCC tissues with paired 
adjacent normal tissues and identified a three‑lncRNA signa-
ture, consisting of ENST00000435885.1, XLOC_013014 
and ENST00000547963.1, which was identified to be 
associated with the prognosis of patients with ESCC (GEO 
accession no. GSE53625). By analyzing the datasets gener-
ated by Li et al (29), a nine‑lncRNA signature was identified 
in the present study. The nine identified lncRNAs were able 
to predict the tumor stage and survival time of patients with 

Figure 8. KEGG pathway enrichment analysis. (A) Enriched KEGG pathways of protein‑coding genes negatively correlated with lncRNAs. (B) Enriched 
KEGG pathways of protein‑coding genes positively correlated with lncRNAs. X axis represents the number of genes involved in the indicated functional 
pathways. KEGG, Kyoto Encyclopedia of Genes and Genomes; lncRNA, long non‑coding RNA.
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ESCC. In addition, the nine‑lncRNA signature identified in 
the training dataset showed reliable prognostic ability in the 
validation dataset downloaded from ATCG. Therefore, the 
identified lncRNA signature may be used to determine the 
prognosis of patients with ESCC. 

To the best of our knowledge, the lncRNAs identified in the 
present study, including AC098973, AL133493, RP11‑51M24, 
RP11‑317N8, RP11‑834C11, RP11‑69C17, LINC00471, 
LINC01193 and RP1‑124C have not been functionally anno-
tated. However, in the present study, the possible functions of 
these lncRNAs were predicted using mRNA expression data 
from the same group of patients. The genes correlated with the 
signature lncRNAs were identified to be involved in several 
KEGG pathways, such as ‘cell cycle’ and ‘DNA replication’, 
suggesting that these lncRNAs may be involved in the progres-
sion of ESCC by regulating these cellular processes. 

Notably, the present study presents certain limitations. 
Although the nine‑lncRNA signature identified in the present 
study was generated and tested in a large cohort of patients 
with ESCC, datasets from other institutions and other coun-
tries are required to verify its clinical application. The training 
and validation datasets used in the present study exhibited 
differences in the survival rates, possibly due to the different 
tumor stages. In particular, the training dataset contained 
no ESCC at stage IV. Therefore, the validity of the nine 
lncRNAs identified in the present study should be confirmed 
in additional prospective studies. Further studies are needed 
to validate the prognostic ability of these nine lncRNAs in 
an independent cohort of patients with ESCC. In the present 
study, a nine‑lncRNA signature associated with tumor stage 
was identified. Notably, these nine lncRNAs were able to 
predict the survival time of patients with ESCC. However, the 
prognostic ability of the nine‑lncRNA signature identified in 
the present study should be validated in further prospective 
studies in order to use it in clinical settings.
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