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Abstract
Background: Esophageal squamous cell carcinoma (ESCC) is a common human malignancy worldwide. The tumorigenesis
mechanism in ESCC is unclear.

Materials and methods: To explore potential therapeutic targets for ESCC, we analyzed 3 microarray datasets (GSE20347,
GSE38129, and GSE67269) derived from the gene expression omnibus (GEO) database. Then, the GEO2R tool was used to screen
out differently expressed genes (DEGs) between ESCC and normal tissue. Gene ontology function and kyoto encyclopedia of genes
and genomes pathway enrichment analysis were performed using the database for annotation, visualization and integrated discovery
to identify the pathways and functional annotation of DEGs. Protein–protein interaction of these DEGs was analyzed based on the
search tool for the retrieval of interacting genes database and visualized by Cytoscape software. In addition, we used encyclopedia of
RNA interactomes (ENCORI), gene expression profiling interactive analysis (GEPIA), and the human protein atlas to confirm the
expression of hub genes in ESCC. Finally, GEPIA was used to evaluate the prognostic value of hub genes expression in ESCC
patients andwe estimated the associations between hub genes expression and immune cell populations (B Cell, CD8+ T Cell, CD4+ T
Cell, Macrophage, Neutrophil, and Dendritic Cell) in esophageal carcinoma (ESCA) using tumor immune estimation resource (TIMER).

Results: In this study, 707 DEGs (including 385 upregulated genes and 322 downregulated genes) and 6 hub genes (cyclin B1
[CCNB1], cyclin dependent kinase 1 [CDK1], aurora kinase A [AURKA], ubiquitin conjugating enzyme E2C [UBE2C], cyclin A2
[CCNA2], and cell division cycle 20 [CDC20]) were identified. All of the 6 hub genes were highly expressed in ESCC tissues. Among of
them, only CCNB1 and CDC20 were associated with stage of ESCC and all of them were not associated with survival time of
patients.

Conclusion:DEGs and hub genes were confirmed in our study, providing a thorough, scientific and comprehensive research goals
for the pathogenesis of ESCC.

Abbreviations: AURKA = aurora kinase A, CCNA2 = cyclin A2, CCNB1 = cyclin B1, CDC20 = cell division cycle 20, CDK1 =
cyclin dependent kinase 1, DEGs= differently expressed genes, ENCORI = encyclopedia of RNA interactomes, ESCA= esophageal
carcinoma, ESCC = esophageal squamous cell carcinoma, GEO = gene expression omnibus, GEPIA = gene expression profiling
interactive analysis, GO = gene ontology, KEGG = kyoto encyclopedia of genes and genomes, MF = molecular function, PPI =
protein–protein interaction, TIMER = tumor immune estimation resource, UBE2C = ubiquitin conjugating enzyme E2C.
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Table 1

Statistics of tissues of 3 microarray database.

Dataset ID Tumor Normal Total number

GSE20347 17 17 34
GSE38129 30 30 60
GSE67269 73 73 146

Table 2

Statistics of DEGs of 3 microarray database.

Dataset ID Upregulated genes downregulated genes DEGs

GSE20347 607 716 1323
GSE38129 500 423 923
GSE67269 495 465 960

DEGs = differentially expressed genes.
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1. Introduction

Esophageal carcinoma (ESCA) is one of the most common
malignancies worldwide and ranks seventh in terms of incidence
and sixth in mortality overall.[1] Esophageal squamous cell
carcinoma (ESCC) accounts for about 90% of ESCA.[2] Surgery
is the first choice for the treatment of ESCC, but its five-year survival
rate is around 15% to 25%.[3] Recurrence and metastasis are the
main reasons for poor prognosis in ESCC therapy, which remain
challenges in clinical practices.[4] So far, themolecularmechanismof
theoccurrenceanddevelopmentofESCChasnotbeen fully clarified.
Better understanding of the genetic and molecular disorders of the
disease is the key to early diagnosis, appropriate treatment and
improved prognosis of patients with ESCC.
Comprehensive analysis of multiple datasets provides the

capabilities to properly identify and assess the pathways and genes
that mediate the biological processes associated with ESCC. In this
study, we tried to detect novel indicators of poor prognosis in ESCC
patients and endeavor to provide potential therapeutic targets for
this challenging disease. To detect the differentially expressed genes
(DEGs) between ESCC and healthy human esophageal tissue,
bioinformatics methods were used to analyze the gene expression
profiling data downloaded from the gene expression omnibus
(GEO) database. Gene ontology (GO) functional annotation
analysis and kyoto encyclopedia of genes and genomes (KEGG)
pathway enrichment analysis were performed for the screened
DEGs. Then, we established a protein–protein interaction (PPI)
network to identify hub genes related toESCC.The survival analysis
of these hub genes was performed using the GEPIA database. We
believe our data can enhance the level of understanding about the
development and progression of ESCC.

2. Materials and methods

2.1. Data source

The gene expression datasets (GSE20347, GSE38129, and
GSE67269) analyzed in this study was obtained from the Gene
Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) of
theNationalCenter forBiotechnology Information (NCBI).[5] These
expression microarrays used the platform GPL571: Affymetrix
Human Genome U133A 2.0 Array. In total, 126 ESCC and 126
normal specimens were obtained from these data. All of the data
were freely available online, and this study did not involve any
experiment on humans or animals performed by any of the authors.

2.2. Data processing of differently expressed genes

The GEO2R online analysis tool (https://www.ncbi.nlm.nih.gov/
geo/geo2r/) is an online toll that allows users to compare different
groups of samples in a GEO series to examine differentially
expressed genes.[6] We used it to detect the DEGs between ESCC
and normal samples, and the adjusted P value and jlogFCj were
calculated. Genes that met the cut-off criteria, adjusted P< .05
and jlogFCj≥1, were considered as DEGs. Statistical analysis was
carried out for each dataset, and the intersecting part was
identified using the venn diagram web tool (https://bioinformat
ics.psb.ugent.be/webtools/Venn/).

2.3. Gene ontology and kyoto encyclopedia of genes and
genomes pathway analysis of differently expressed genes

GO analysis is a common useful method for large scale functional
enrichment research; gene functions can be classified into
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biological process, molecular function (MF), and cellular compo-
nent.[7] KEGG is a widely used database which stores a lot of data
about genomes, biological pathways, diseases, chemical substan-
ces, and drugs.[8] GO annotation analysis and KEGG pathway
enrichment analysis ofDEGs in this studywas performedusing the
database for annotation, visualization and integrated discovery
tools (https://david.ncifcrf.gov/) which can provide systematic and
integrative functional annotation for investigators.[9]P< .01 and
gene counts ≥30 were regarded as statistically significant.
2.4. Protein–protein interaction network construction and
hub gene identification

Protein protein interaction network (PPI network) is essential for
illustrating the molecular mechanisms of key cellular activities in
carcinogenesis. The search tool for the retrieval of interacting
genes database (http://string-db.org/)[10] was used to analyze the
PPI information and evaluate the potential PPI relationship. An
interaction score of 0.7 was regarded as the cut-off criterion.
Subsequently, the PPI network was visualized by Cytoscape
software (version 3.7.2, www.cytoscape.org/). CytoHubba, a
plugin in Cytoscape, was used to calculate the top 20 nodes
ranked by MCC, MNC, Degree and Stress. Then, a Venn
diagram was used to identify the hub genes.
2.5. Checking of hub gene

Expression level of these 6 identified hub genes in ESCC was
analyzed at ENCORI, GEPIA, and the human protein atlas.
ENCORI (http://starbase.sysu.edu.cn/) is an online public accessed
platform for studying RNA interactions that contained data of 32
cancer types obtained from 10,885RNA-seq and 10,546miRNA-
seq data.[11] Gene expression profiling interactive analysis (GEPIA,
http://gepia.cancer-pku.cn/detail.php) dataset provides customiz-
able functions such as tumor/normal differential expression
analysis, profiling according to cancer types or pathological
stages, patient survival analysis, similar gene detection, correlation
analysis and dimensionality reduction analysis.[12] The human
protein atlas (http://v13.proteinatlas.org/) was launched in 2003
with the aim of creating a map of protein expression patterns in
normal cells, tissues and cancer. At present, 11200unique proteins
corresponding to over 50% of all human protein encoding genes
have been analyzed. This database also provides an important
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Figure 1. Venn diagram of DEGs common to all 3 GEO datasets. (A) Upregulated genes. (B) Downregulated genes.
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source of information for numerous biomedical research projects,
including biomarker discovery efforts.[13]
2.6. Association of the hub genes with tumor stage, survival
time of patients, and tumor-infiltrating immune cells

GEPIA was used to analyze the expression of the hub genes with
tumor stage for ESCA. Meanwhile, GEPIA and ENCORI were
used to analyze the correlation between the mRNA levels of the
hub genes and the survival time of patients with ESCA in 162
patients of ESCA. Tumor immune estimation resource (TIMER)
(https://cistrome.shinyapps.io/timer/) is a comprehensive re-
Table 3

Significantly enriched GO terms and KEGG pathways of DEGs.

Category Term De

BP term GO:0030198 extracellular ma
BP term GO:0051301 cell division
BP term GO:0007067 mitotic nuclear
BP term GO:0042493 response to dru
BP term GO:0007155 cell adhesion
BP term GO:0008283 cell proliferation
BP term GO:0008284 positive regulat
BP term GO:0055114 oxidation-reduc
CC term GO:0070062 extracellular ex
CC term GO:0005615 extracellular sp
CC term GO:0031012 extracellular ma
CC term GO:0005578 proteinaceous e
CC term GO:0005576 extracellular reg
CC term GO:0005737 cytoplasm
CC term GO:0005654 nucleoplasm
CC term GO:0016020 membrane
CC term GO:0005829 cytosol
CC term GO:0005783 endoplasmic re
CC term GO:0009986 cell surface
CC term GO:0048471 perinuclear reg
MF term GO:0005515 protein binding
MF term GO:0005509 calcium ion bin
KEGG pathway hsa04110 Cell cycle
KEGG pathway hsa04512 ECM-receptor i
KEGG pathway hsa04510 Focal adhesion

BP = biological process, CC = cellular composition, GO = gene ontology, KEGG = kyoto encyclopedia
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source for systematic analysis of tumor-infiltrating immune cells
across 32 different cancers from TCGA database.[14] In this
experiment, we estimated the associations between hub genes
expression and immune cell populations (B Cell, CD8+ T Cell,
CD4+ T Cell, Macrophage, Neutrophil, and Dendritic Cell) in
ESCA using TIMER.

3. Results

3.1. Identification of differently expressed genes

In this study, 3 gene expression profiles (GSE20347, GSE38129,
and GSE67269) were selected from GEO. As demonstrating in
scription Count FDR

trix organization 37 7.04E-12
48 5.19E-11

division 36 9.96E-09
g 32 1.46E-04

39 0.001202
30 0.018629

ion of cell proliferation 35 0.022819
tion process 40 0.049558
osome 182 4.41E-13
ace 100 2.20E-09
trix 37 3.28E-08
xtracellular matrix 33 3.94E-07
ion 104 7.80E-07

253 4.58E-06
151 1.04E-05
117 6.30E-04
163 7.39E-04

ticulum 48 0.026438
34 0.039827

ion of cytoplasm 37 0.048493
397 5.20E-05

ding 50 0.00598
24 3.89E-07

nteraction 20 3.89E-07
21 0.01858

of genes and genomes, MF = molecular function.
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Figure 2. Protein–protein interaction network constructed with the differentially expressed genes. Note: Red nodes represent upregulated genes and green nodes
represent downregulated genes.
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Table 1, there are 17 ESCC samples and 17 normal samples in
GSE20347, 30 ESCC samples and 30 normal samples in
GSE38129 and 79 ESCC samples and 79 normal samples in
GSE67269. Comparing ESCC samples with normal esophageal
samples basedon the criteria of adjustedP< .05 and jlogFCj≥1,we
found there are 1323 DEGs that were identified from GSE20347,
including 607 upregulated genes and 716 downregulated genes. In
GSE38129, 923 DEGs were identified; 500 genes were upregu-
lated, and 423 genes were downregulated. And fromGSE672269,
960 DEGs including 495 upregulated genes and 465 down-
regulated genes were identified (Table 2). Then, the intersection of
4

theDEGprofiles was get using venn analysis. Finally, there are 707
DEGs regarded as significantly differentially expressed amongall 3
groups, including 385 were significantly upregulated genes
(Fig. 1A) and 322 were downregulated (Fig. 1B).

3.2. Gene ontology and pathway functional enrichment
analysis

GO function and KEGG pathway enrichment analysis for DEGs
were performed using the online tool database for annotation
(Table 3). The enrichedGO termswere divided intoCC, biological



Figure 3. Venn diagram of the hub genes common to the 4 groups of the top
20 genes evaluated by MCC, MNC, Degree, and Stress by the cytoHubba in
Cytoscape software. And we got 6 hub genes.
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process, and MF ontologies. Biological process enrichment
analysis indicated that DEGs were correlated with extracellular
matrix organization, cell division, mitotic nuclear division,
response to drug, cell adhesion, cell proliferation, positive
regulation of cell proliferation and oxidation-reduction process.
For cell component, DEGs were enriched mainly in extracellular
exosome, extracellular space, extracellular matrix, proteinaceous
extracellularmatrix, extracellular region, cytoplasm,nucleoplasm,
membrane, cytosol, endoplasmic reticulum, cell surface, perinu-
clear region of cytoplasm. AndMF analysis showed that the DEGs
were significantly enriched in protein binding and calcium ion
binding. Inaddition, the resultsofKEGGpathwayanalysis showed
that DEGs were mainly enriched in Cell cycle, ECM-receptor
interaction and Focal adhesion.

3.3. Protein–protein interaction network construction and
hub gene identification

Protein interactions among the DEGs were predicted with search
tool for the retrieval of interacting genes tools. The PPI network
for DEGs is demonstrated in Fig. 2, in which the upregulated
genes were marked in red and the downregulated genes were
marked in green. The hub genes were identified using the venn
diagram web tool that was used to intersect the 4 groups of the
top 20 genes evaluated byMCC,MNC, Degree, and Stress in the
Table 4

Statistics of expression of the 6 hub genes in ENCORI database.

Gene symbol Cancer number Normal number Cancer ex

CCNB1 162 11 23.27
CDK1 162 11 16.06
AURKA 162 11 13.33
UBE2C 162 11 49.12
CCNA2 162 11 17.68
CDC20 162 11 31.18

FDR = false discovery rate.

5

PPI network by the CytoHubba in Cytoscape software (Fig. 3).
As the result, cyclin B1 (CCNB1), cyclin dependent kinase 1
(CDK1), aurora kinase A (AURKA), ubiquitin-conjugating
enzyme E2C (UBE2C), cyclin A2 (CCNA2) and cell division
cycle 20 (CDC20) were regarded as the hub genes. All of these
hub genes were upregulated in ESCC.

3.4. Checking of the hub genes

The hub genes were validated in another database ENCORI to
confirm the outcomes (Fig, 4A). The outcomes were summarized
in Table 4. The online database GEPIA were also used to confirm
the expression of hub genes in ESCC (Fig. 4B). The both results
indicated that the expression levels of CCNB1, CDK1, AURKA,
UBE2C, CCNA2, and CDC20 were higher in ESCC tissues than
in normal esophageal tissues. The data are consistent with our
outcomes. Then, the analysis of the protein expression patterns of
the Hub genes in ESCC were performed by utilizing data
available from the Human Protein Atlas (Fig. 5). The results
showed that the CCNB1 was highly expressed in ESCC tissues
and mediumly expressed in normal esophageal tissues, that no
expression of CDK1 was observed in normal tissues, while
mediumCDK1 gene expression was appreciated in tumor tissues,
and that low gene expression of AURKA was observed in normal
tissues and medium expression was observed in ESCC tissues.
These results were similar to our outcomes. However, UBE2C
were found to have medium expression in ESCC tissues, while
high expression was observed in normal esophageal tissues. In
addition, medium expression of CDC20 was observed in normal
tissues, while low expression of CDC20 was observed in tumor
tissues. In addition, low gene expression of CCNA2was observed
in normal tissues. Nevertheless, we did not find the result of
CCNA2 in ESCC in HPA database. According to the current
analysis, we predicted that CCNA2might also be associated with
ESCC, but experimental data were needed to confirm this specific
connection.

3.5. Association of the hub genes with tumor stage,
survival time of patients and tumor-infiltrating immune
cells

We also analyzed the expression of the hub genes with tumor
stage for ESCA. CCNB1 and CDC20 groups significantly varied,
whereas AURKA, CCNA2, UBE2C, and CDK1 groups did not
significantly differ (Fig. 6). ENCORI was used to analyze the
correlation between the mRNA levels of the hub genes and the
survival of patients with ESCA in 162 patients of ESCA. The
results show that all of them did not have association with
survival time of patients (Fig. 7A). Then, the online database
p Normal exp Fold change P value FDR

4.90 4.75 2.4e-18 2.1e-15
3.34 4.81 3.7e-20 6.7e-17
2.77 4.82 7.2e-17 3.6e-14
8.37 5.87 6.5e-23 5.3e-19
4.69 3.77 2.8e-17 1.7e-14
5.71 5.46 1.5e-21 6.1e-18

http://www.md-journal.com


Figure 5. Validation the expression of the hub genes on translational level by the Human Protein Atlas database. (A) CCNB1, (B) CDK1, (C) AURKA, (D) UBE2C, (E)
CCNA2, (F) CDC20. The staining strengths were annotated as not detected, Low, Medium and High.

Figure 4. Analysis of messenger RNA (mRNA) levels of the hub genes in ESCC and normal tissues from the database ENCORI and GEPIA. (A): Level of mRNA of
the hub genes from the database ENCORI; (B): Level of mRNA of the hub genes from the database GEPIA.

Yang et al. Medicine (2021) 100:27 Medicine
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Figure 6. Correlation between expression of the hub genes and tumor stage in ESCA patients from GEPIA. Pr (>F)< .05 was considered statistically significant.

Yang et al. Medicine (2021) 100:27 www.md-journal.com
GEPIA were also used to confirm the association of the hub genes
with the OS and DFS of patients. The results were same with
above (Fig. 7B,C). Based on the TIMER database, our current
results demonstrated that all of the 6 hub genes were associated
Figure 7. Prognostic value of 6 hub genes in ESCA. (A) Overall Survival for the hub
(green) and low (brown) expression in ESCA. (B) Overall Survival for the hub gen
database. The survival curve comparing the patients with high (red) and low (blu

7

with tumor purity. However, CCNA2 and CDC20 were related
to CD8+ T cell, and only CCNA2 was related to Neutrophil in
ESCA. Except for CCNB1, all the other 5 hub genes are
associated with Dendritic Cell (Fig. 8).
genes in ENCORI database. The survival curve comparing the patients with high
es in GEPIA database. (C) Disease Free Survival for the hub genes in GEPIA
e) expression in ESCA. P< .05 was considered statistically significant.

http://www.md-journal.com


Figure 8. Correlation between hub genes expression and immune cell populations (B Cell, CD8+ T Cell, CD4+ T Cell, Macrophage, Neutrophil, and Dendritic Cell)
in ESCA. P< .05 was considered statistically significant.

Yang et al. Medicine (2021) 100:27 Medicine
4. Discussion

Due to the differences of samples in various microarray studies,
integrated analysis of various microarray datasets could obtain
more accurate disease-related regulators with a larger sample size
than an individual microarray. In our previous study, DEGs were
identified in ESCC by integrated analysis of 3 microarray datasets
with larger sample size. Above all, the hub genes in ESCC were
further identified based these ESCC-related DEGs by integrated
analysis of 4 methods of calculation. Finally, in this study, we
8

have gotten 707 DEGs, including 385 upregulated genes and 322
downregulated genes and 6 genes were identified as the hub
genes, which had the high connectivity with ESCC, including
CCNB1, CDK1, AURKA, UBE2C, CCNA2, and CDC20. Novel
insights and new research directions can be provided from our
finding about the explanation of ESCC pathogenesis.
It is generally accepted that cell cycle dysregulation is closely

related to the proliferation of cancer cells and is a hallmark of
human cancer.[15] Progression of cell cycle is mediated by a series
of cyclin-dependent kinases (CDKS) and cyclins. Cyclins play
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vital roles at various phases of the cell cycle by activating specific
CDKS. Cyclin B1, encoded by the CCNB1 gene, has been
demonstrated to play a key role in tumorigenesis and tumor
development. Dysregulation of cyclin B1 can lead to unrestricted
cell-cycle progression and malignant transformation.[16] A large
number of studies have shown that cyclin B1 is associated with
the differentiation, growth, apoptosis, metastasis and chemo-
resistance of cancer cell.[17–21] Overexpression of cyclin B1 has
been reported in various human cancers, such as breast,[22]

colorectal,[23] lung,[24] prostate,[25] pancreatic,[26] laryngeal,[27]

esophageal,[17] gastric[28] and hepatocellular[29] cancers.
CDK1 is a serine/threonine protein kinase, that plays a key role

in cell proliferation at the G2/M point of the cell cycle. Errors in
the regulation mechanism of CDK1 directly lead to cell
differentiation disorders, cell cycle disorders, malignant cell
proliferation and abnormal transformation, and finally lead to
the formation of malignant tumors.[30] Previous studies have
found that CDK1 expression was higher in breast cancer,[31] oral
squamous cell carcinoma,[32] cervical cancer[33] and gastric
cancer[34] compared to normal tissues, and positively correlated
with lymph node metastasis, differentiation, clinical stage and
histopathological stage. Moreover, the expression of CDK1 in
esophageal squamous cell carcinoma was significantly higher
than that in normal esophageal tissues.[35]

AURKA is one of 3 highly homologous serine/threonine kinase
families. As a cell cycle regulating kinase, it plays a key role in
regulating many links of mitosis. Especially during the transition
from G2 to M phase, the activity of AURKA increases
significantly. Studies have reported that AURKA is closely
related to the development of endometrial cancer,[36] colorectal
adenocarcinoma,[37] oral cancer[38] and other malignant tumors.
UBE2C is considered to play an important role in the

tumorigenesis of many cancers and to promote cell cycle
progression. UBE2C is involved in tumorigenesis by regulating
cell cycle, apoptosis, metastasis and transcription.[39] Over-
expression of UBE2C has been reported in many tumors, such as
NSCLC,[40] ovarian carcinoma,[41] rectal carcinoma,[42] prostate
carcinomas,[43] breast carcinomas[44] and thyroid carcinomas.[45]

Palumbo A Jr et al[46] reported that UBE2C affects proliferation
rates and cell cycle profile of ESCC cell lines, by directly
interfering with cyclin B1 protein levels, suggesting its involve-
ment in crucial steps of ESCC carcinogenesis.
CCNA2 (as a cyclin in control of the cell cycle during the G2 to

M phase transition by activation of CDK1 and CDK2[47]) is
expressed in dividing somatic cells and overexpressed in human
cancers,[48] including glioblastoma.[49] Therefore, Ccna2 is
considered to be a kind of cancer kinesin.[50,51]

CDC20 appears to act as a regulatory protein interacting with
several other proteins at multiple points in the cell cycle. Based on
many bioinformatics studies, it has been identified as a key
candidate gene in a variety of cancers.[52,53] High expression
levels of CDC20 have been reported to be associated with poor
prognosis for multiple tumors.[54,55]

In conclusion, our integrated analysis identified key genes in
ESCC which provides clues for exploring the mechanism of
ESCC. However, there are limitations in our study. Firstly, the
number of the gene expression profiles was small and it was just
3. Secondly, only little clinical information of samples of these 3
datasets was used in our study. Hence, it is difficult to analyze the
confounding effects of age, gender and histological differentia-
tion on gene expression in ESCC. So it is farfetched that making
the conclusion that all of them did not have association with
9

survival time of patients. Thirdly, there were some differences of
gene expression between the results of GEPIA and ENCORI and
the results of The human protein atlas, so it is essential to do some
experiments to verify again.

5. Conclusion

In our previous study, 707 DEGs (including 385 upregulated
genes and 322 downregulated genes) and 6 hub genes (CCNB1,
CDK1, AURKA, UBE2C, CCNA2, and CDC20) were identified.
All of them were highly expressed in ESCC tissues. Among of
them, only CCNB1 andCDC20were associatedwith tumor stage
and all of themwere not associated with survival time of patients.
In this study, DEGs of ESCCwas systemically analyzed and we

provided a thorough, scientific and comprehensive research goals
and directions for our future study.
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