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Abstract. – OBJECTIVE: Esophageal Squa-
mous Cell Carcinoma (ESCC) is one of the most
common human cancers with a particularly high
incidence in certain regions of China. Differen-
tially expressed genes (DEG) between the
esophageal squamous carcinoma tissues and
matched normal esophageal mucosal epithelial
tissues can be detected by employing the gene
microarray technology. This can aid the analysis
of the underlying disease mechanism and can
help to identify potentially critical genes as well
as related molecular signalling pathways.

MATERIALS AND METHODS: The potentially
critical genes and related signal pathways are ex-
amined by bioinformatics analysis including Gene
Ontology (GO) analysis, pathway analysis and
signal transduction networks. Here, we performed
microarray analysis with 8 pairs of ESCC and nor-
mal esophageal mucosal epithelial tissues.

RESULTS: Compared to the control group, 347
and 203 genes were found to be up-regulated and
down-regulated in the experimental group, re-
spectively. Based on pathway analysis, 52 and 51
signal transduction pathways were involved in
the up-regulated and the down-regulated genes,
respectively. SLC27A6, RAB11A, ABCA8, JAM2,
HNMT, GSTM1, and CDKN3, which play critical
roles in regulating the expression of ESCC, were
identified among the key genes involved in the
signal transduction networks.

CONCLUSIONS: Investigation of the mecha-
nism underlying ESCC can provide a direction for
the clinical prevention and treatment of ESCC.

Key Words:
Differentially expressed genes, ESCC, Bioinformat-

ics, Pathway analyses, Signal transduction network.

Introduction

Esophageal squamous cell carcinoma (ESCC)
has become one of the most commonly occur-
ring human cancers in the world and has a par-
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ticularly high incidence in certain regions of
China1. The molecular mechanism underlying
ESCC, the details of which remain elusive, in-
volves a number of genes2. The development of
new technologies for the diagnosis, prevention,
and treatment of ESCC requires a clear under-
standing of its underlying molecular mecha-
nisms. Hence, the development of an accurate,
efficient, and high-throughput method for the
detection of abnormally expressed genes is im-
perative3-5. DNA microarray technology, an im-
portant tool for transcriptomics study that can si-
multaneously detect the expression of several
thousand genes, is a powerful tool that can be
used for this purpose6-8. In this context, the com-
bined use of high-throughput technology and
bioinformatics would provide the most effective
solution for screening the potential differentially
expressed genes (DEGs)9-13. Bioinformatics
analysis can be carried out based on network bi-
ology for a thorough mining and integration of
data14-17. Here we have examined ESCC-related
DEGs using such methods.

Materials and Methods

Testing Chip
Affymetrix microarray chip U133 plus2.0

Gene Chip (Affymetrix, Santa Clara, CA, USA)
was used in this study.

ESCC and Normal Esophageal Mucosal
Epithelial Tissue Samples

DNA microarray was carried out using 8 pairs
of ESCC tissue and matched esophageal mucosal
epithelial tissues. Samples were obtained from
patients suffering from esophageal cancer who
underwent oesophagectomy in Beijing Friend-
ship Hospital from September 2012 to December
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2012. Microscopic analyses were used to confirm
the squamous epithelial nature of the samples.
Normal esophageal epithelial tissue specimens,
dissected at least 5 cm away from the tumour
margin from matched tissues of patients who un-
derwent resected oesophagectomy recently, were
used as the control group for the microarray ex-
periments.

Isolation and Quality Detection of RNA
Total RNA was isolated from cells using the

TRIzol reagent (Life Technologies). Briefly, 100
mg of sample tissue was homogenized with 1 mL
of TRIzol reagent using a power homogenizer.
After homogenization, the samples were mixed
with 0.2 mL of chloroform, following which they
were shaken vigorously for 15 s and centrifuged
at 12,000 × g for 15 min at 4°C. Supernatants
were mixed with 0.5 mL of 100% isopropanol
and incubated at room temperature for 10 min.
Samples were centrifuged once again at 12,000 ×
g for 10 min at 4°C and the supernatant was re-
moved and washed with 1 mL of 75% ethanol.
After another round of centrifugation at 7,500 ×
g for 5 min at 4°C, the supernatant was removed
and the pellet was dried for 5 min. The resulting
RNA pellet was re-suspended in RNase-free wa-
ter and NanoDrop® ND-1000 was used to detect
the concentration and purity of RNA.

Biological Databases
1. Gene Ontology (GO) is a major bioinformatics

initiative used to unify the representation of
gene and gene product attributes across all
species18. The aim of GO is to maintain and
develop the controlled vocabulary of gene and
gene product attributes, annotate genes and
gene products, and assimilate and disseminate
annotation data. Further, it aims at providing
tools for easy access to all aspects of the data
provided by the GO project and to enable
functional interpretation of experimental data.
GO analysis uses a hierarchy tree to describe
the functions of genes and proteins, and to il-
lustrate a hierarchical relation among gene
functions. A higher hierarchy in the function
indicates a more generalized function and vice
versa.

2. Kyoto Encyclopaedia of Genes and Genomes
(KEGG) is a knowledge base for systematic
analysis of gene functions, which links ge-
nomic information with higher order function-
al information19. Genomic information is
stored in the GENES database, which is a col-

lection of gene catalogues for all whole
genome sequences and some partial genomes
with up-to-date annotation of gene functions.
Higher order functional information is stored
in the PATHWAY database, which contains
graphical representations of cellular processes
such as metabolism, membrane transport, sig-
nal transduction, and cell cycle.

3. Oncomine is a cancer microarray database and
web-based data-mining platform aimed at fa-
cilitating discovery from genome-wide expres-
sion analyses20. Differential expression analy-
ses for comparison between the major types of
cancer with respective normal tissues as well
as a variety of cancer subtypes and clinical-
based and pathology-based analyses are avail-
able in Oncomine. Data can be queried and vi-
sualized across all analyses for a gene of inter-
est or for multiple genes in a selected analysis.

Bioinformatics Analysis Method
A bioinformatics network-based microarray

data mining and analysis approach is performed
by firstly detecting DEGs between the experi-
mental and the control group by using the
TwoClassDif method. This method employs the
Random Variance Model (RVM) corrected T-test
due to the limited eight groups (< 30) of microar-
ray testing. Following this, a GO-Analysis is
conducted to obtain targeted significant functions
of the DEGs18,21. Based on these functions, a GO-
Map is built to represent the crosswise relations
between all the functions. A Pathway-Analysis is
simultaneously performed for the differentially
expressed genes detected in the first step to iden-
tify the significant pathways based on the KEGG
database19,22. Following this, a complete signal
transduction network, called Path-Net, can be
built23. Based on the graph theory, the source,
central, and final pathways can thus be deter-
mined at a global level. Based on the signal path
and the relation between all genes in the KEGG
database, a signal transduction network, Signal-
Net, from which interactions between targeted
differentially expressed genes can be discovered,
is built. Key genes can be obtained by analyzing
the betweenness centrality and degree of the
genes in the Signal-Net. Based on the results ob-
tained from the previous steps, we can obtain in-
formation about intersected genes from the sig-
nificant GO and the significant pathway. This al-
lows the building of a co-expression network for
each group of genes, which is also the gene rela-
tion network, Gene-Rel-Net. The network struc-
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GO analysis indicated an up-regulation of 347
genes and down-regulation of 203 genes in the
experimental group. Some of the up-regulated
gene functions included extracellular matrix or-
ganization and disassembly, collagen catabolic
process, mitotic cell cycle, cell division, M phase
of mitotic cell cycle, G1/S transition of mitotic
cell cycle, mitotic prometaphase, immune re-
sponse and response to viruses, cytokine-mediat-
ed signalling pathways, inflammatory responses,
cell adhesion, cell signalling, cell proliferation,
collagen fibril organization, type I interferon-me-
diated signalling pathway, and DNA replication.
Some of the down-regulated gene functions in-
cluded small molecule metabolic processes, ker-
atinocyte differentiation and keratinization, epi-
dermis development, xenobiotic metabolic
processes, arachidonic acid metabolic process,
calcium-independent cell-cell adhesion, peptide
cross-linking, epithelial cell differentiation, nega-
tive regulation of endopeptidase activity, signal
transduction, positive regulation of transcription
from RNA polymerase II promoter, negative reg-
ulation of peptidase activity, lipid metabolic
processes, carnitine biosynthetic process, cellular
aldehyde metabolic process, negative regulation
of epithelial cell proliferation, transmembrane
transport, cyclooxygenase pathway and negative
regulation of transcription from RNA polymerase
II promoter.

The functional relation between DEGs is hier-
archical in nature and the GO database can indi-
cate only terminal relationships. Hence, it is nec-
essary to build a GO-map based on significant
functions in order to represent the crosswise rela-
tions between all the functions. The relational
network for significant functions is indicated in a
GO-map shown in Figure 2. Here, DEGs are rep-
resented by circles whereas relationships be-
tween gene functions are represented by straight
lines. The red and the blue dots represent the up-
and down-regulations functions, respectively.
The yellow dots represent those genes that show
both up-regulated and down-regulated functions.

Pathway and Path-Net Analysis
In order to elucidate the significant pathways

based on the KEGG database, we performed a
pathway-analysis for DEGs detected in the first
step. Here, Fisher testing and χ2 testing were
used for pathway analysis to obtain the targeted
significant pathway of the DEGs. Based on this
analysis, 52 signal transduction pathways were
found to be involved in the up-regulated genes
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ture and key genes can be compared to obtain de-
tailed information about substantive differences
between the experimental and the control group.

Results

Detection of Differentially Expressed
Genes and Significant Function Analysis

Detection of DEGs was performed using the
TwoClassDif method using a cut-off value of p <
0.05 and FDR (false discovery rate) < 0.05. Here,
1028 differentially expressed genes were initially
detected, where 347 significant functions were
found to be up-regulated (p < 0.05) and 203 sig-
nificant functions were found to be down-regulat-
ed (p < 0.05). The up-regulated functions included
extracellular matrix organization and extracellular
matrix disassembly, etc. The down-regulated func-
tions included small molecule metabolic processes
and keratinocyte differentiation.

GO-Map and Significant Function Analysis
The screening of significant and targeted gene

functions based on the GO database constitutes
the GO analysis. This analysis is conducted using
Fisher testing and χ2 testing after the detection of
DEGs in order to obtain their targeted significant
functions.

Figure 1. Flow chart for processing bioinformatics net-
work-based microarray data mining and analysis
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and 51 signal transduction pathways were in-
volved in the down-regulated genes. The up-reg-
ulated signal transduction pathways included
ECM-receptor interaction, Focal adhesion, amoe-
biasis, cancer-related pathways, PI3K-Akt sig-
nalling pathway, small cell lung cancer pathway,
protein digestion and absorption, cell cycle, tran-
scriptional misregulation in cancer, Toll-like re-
ceptor signalling pathway, cytokine-cytokine re-
ceptor interaction, phagosome, rheumatoid
arthritis, NF-kappa B signalling pathway, leish-
maniasis, regulation of actin cytoskeleton, salmo-
nella infection, chemokine signalling pathway,
measles, and proteoglycans in cancer. The down-
regulated signal transduction pathways included
metabolic pathways, arachidonic acid metabo-
lism, drug metabolism by cytochrome P450,
serotonergic synapse, leukocyte transendothelial
migration, retinol metabolism, beta-Alanine me-

tabolism, tight junction, metabolism of xenobi-
otics by cytochrome P450, chemical carcinogen-
esis, histidine metabolism, fatty acid metabolism,
cell adhesion molecules (CAMs), glycolysis/glu-
coneogenesis, glycerolipid metabolism, tyrosine
metabolism, mineral absorption, aldosterone-reg-
ulated sodium reabsorption, chemokine sig-
nalling pathway, amoebiasis.

Based on the graph theory and the relationship
provided by the KEGG pathway database, we fur-
ther built a complete signal transduction network
called Path-Net, which indicated the significant
pathways within the interaction network (Figure
3). Thus, the source, central, and the final path-
way can be determined at a global level. Here,
circles and straight lines represent the pathway
and the relationships between pathways, respec-
tively. The red and blue dots represent up-regula-
tion and down-regulation of pathways, respective-

Figure 2. Schematic representation of the GO-map. Circles represent DEGs and straight lines represent the relationships be-
tween these gene functions. Red, blue, and yellow dots represent the up-regulated functions, the down-regulated functions, and
genes that display both up-regulated and down-regulated functions, respectively.
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Figure 3. Schematic representation of the Path-Net. Circles represent the pathway and straight lines represent relationships
between the pathways. Red, blue, and yellow dots represent up-regulation of a pathway, down-regulation of a pathway, and
both the up- and down-regulation of a pathway, respectively.

Figure 4. Schematic representation of the signal transduction network, Signal-Net. The betweenness centrality and the degree
indicate key genes in the network.



1657

Pathway analysis of differentially expressed genes in human esophageal squamous cell carcinoma

ly. The yellow dots represent both the up-regula-
tion and down-regulation of a given pathway. The
pathway is evaluated by degree, which shows the
number of connections with other pathways.
Based on Path-Net, focal adhesion showed a max-
imum degree of 10. The focal adhesion pathway,
pathways involved cancer, glycolysis, gluconeo-
genesis, propionate metabolism, and pyruvate
metabolism pathways were found to be most im-
portant to the progression of ESCC.

Signal Transduction Network Analysis
A signal transduction network, Signal-Net,

can be built based on the signal path and the re-
lation between all genes in the KEGG database.
Using this network, the interactions between
targeted DEGs can be discovered. The associa-
tion of each gene with other genes can be deter-
mined thorough a database search using the Sig-
nal-Net and the relation between target genes
and location of the upstream and downstream
proteins can be discovered. By analyzing the
betweenness centrality and the degree of each
gene in the gene signal transduction network,
key genes can be detected. The betweenness
centrality is an indicator of a node’s centrality
in a network representing its intermediary abili-
ty, which can be interpreted as the control abili-
ty of gene ‘i’ to the interaction of gene ‘j’ and
other genes in the network. Degree represents
the measure of interaction between a gene and
other genes. Indegree indicates the number of
genes that up-regulate the target gene, whereas
Outdegree indicates the number of genes that
down-regulate the target gene.

Key genes obtained based on the analysis of
betweenness centrality and degree in the Signal-
Net are enlisted in Table I. ITGB1 and ITGB4
were observed to display the largest interconnec-
tions with other genes, whereas PRKCB and IT-
GB1, which are the key genes, have the strongest
intermediary ability.

Gene Co-Expression Network Analysis
Based on the analyses of the previous steps, the

intersected genes from the significant GO and the
significant pathways were obtained. Based on the
expression status of these genes, the correlation
coefficient of gene expression could be calculated
and a co-expression relation could thus be ob-
tained. Based on the correlation of gene expres-
sion between the experimental and the control
groups, the co-expression network for each group
of genes can be built. This network is also called
the gene relation network, Gene-Rel-Net.

Figure 5 shows the co-expression network of
the experimental and the control groups. Here,
circles and lines represent genes and their inter-
active relation, respectively. The size of the circle
represents the ability of the gene product to other
gene products, which can be quantified using the
degree. A larger degree indicates a higher num-
ber of genes bearing interaction with the given
gene. The clustering coefficient indicates the
density of one gene and its neighbouring genes.
A large clustering coefficient indicates that the
gene plays an important role in regulating the co-
expression network. The gene co-expression net-
work for the experimental and the control group
are shown in Table II and Table III, respectively.

Betweenness
Gene Description Regulation centrality Degree

PRKCB Protein kinase C, beta Down 0.026239606 8
ITGB1 Integrin, beta 1 (fibronectin receptor, beta Polypeptide, Up 0.017173828 23

antigen CD29 includes MDF2, MSK12)
TJP1 Tight junction protein 1 (zona occludens 1) Down 0.015247486 10
PLCB4 Phospholipase C, beta 4 Down 0.010611205 9
ACTN1 Actinin, alpha 1 Up 0.009403161 7
ITGB4 Integrin, beta 4 Up 0.008510731 22
PIK3R1 Phosphoinositide-3-kinase, regulatory subunit 1 (alpha) Down 0.008456314 11
RRAS2 Related RAS viral (r-ras) oncogene homolog 2 Up 0.007999216 2
JAM2 Junctional adhesion molecule 2 Down 0.007683601 3
VAV3 Vav 3 guanine nucleotide exchange factor Down 0.002220191 2
CALML3 Calmodulin-like 3 Down 0.001893692 4
MMP14 Matrix metallopeptidase 14 (membrane-inserted) Up 0.001730443 2
EPN3 Epsin 3 Down 0.001338644 5
MET Met proto-oncogene (hepatocyte growth factor receptor) Up 0.001040442 6

Table I. Betweenness centrality and degree for the Signal-Net.
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Intrinsic difference between the two groups
can screen out the key genes that play different
roles in the two co-expression networks. The de-
grees of one gene in the different networks are
normalized before the two gene networks are
compared by dividing the degree of one gene by
the maximum degree in the network and are rep-
resented by the equation: normalized degree (i) =
Degree (i) / Degree (Max).

They are exemplified in the results using the
relative Experiment_K and Control_K. These val-
ues are subtracted to obtain DiffK. The final order
depends on the absolute of DiffK, i.e., |DiffK|.
Table IV shows the genes whose |DiffK| > 0.5.

Central genes are obtained as the targets that
cause the maximum gene expression difference

by analyzing those genes that display the largest
degree difference in the co-expression network.
These genes including SLC27A6, RAB11A, and
ABCA8, will be targets for future studies in our
laboratory concerning ESCC research.

Discussion

ESCC is one of the most common causes of
death in the world. In order to analyze the under-
lying mechanism and to find potential key genes
involved in ESCC, we employed microarray
technology for the detection of differentially ex-
pressed genes and analysed the related signal
pathways by network based bioinformatics

Figure 5. (a) Co-expression network of the experimental group, (b) Co-expression network of the control group. Red and
blue dots represent the up- and down-regulated genes, respectively. Straight lines represent the regulatory relations between
genes. Solid and dashed lines indicate a positively and negative correlation between the co-expression, respectively.

Clustering
Gene Description coefficient Degree Regulation

SLC27A6 Solute carrier family 27 (fatty acid transporter), member 6 0.50144928 46 Down
ABCA8 ATP-binding cassette, sub-family A (ABC1), member 8 0.5040404 45 Down
NEGR1 Neuronal growth regulator 1 0.55981417 42 Down
CDC20 Cell division cycle 20 homolog (S. cerevisiae) 0.53414634 41 Up
KIT v-kit Hardy-Zuckerman 4 feline sarcoma viral 0.52195122 41 Down

oncogene homolog
C7 Complement component 7 0.5195122 41 Down
JAM2 Junctional adhesion molecule 2 0.55128205 40 Down
ITGA9 Integrin, alpha 9 0.54102564 40 Down

Table II. Key genes in the experimental group detected using degree ≥ 40 and Clustering Coefficient > 0.5.
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method. DNA microarray technology is a very
useful tool for transcriptomics study that can si-
multaneously detect the expression of several
thousand genes and has, therefore, provided a
powerful solution for the accurate detection of
genes. The use of high-throughput technology in
combination with bioinformatics based ap-
proaches provides a highly effective solution for
the screening of potential differentially expressed
genes. Online databases such as GO and KEGG,

which contain massive information about gene
functions and pathways support the analysis of
current research and provide valuable in silico di-
rections for further research.

Our initial analysis led to the detection of
1028 DEGs. A further detailed analysis indicated
that 347 genes were up-regulated, whereas 203
genes were down-regulated. Several functions
such as extracellular matrix organization, extra-
cellular matrix disassembly and several more

Clustering
Gene Description coefficient Degree Regulation

RAB11A RAB11A, member RAS oncogene family 0.25735294 17 Down
CD24 CD24 molecule 0.32051282 13 Down
CKS1B CDC28 protein kinase regulatory subunit 1B 0.51282051 13 Up
ITPR2 Inositol 1,4,5-trisphosphate receptor, type 2 0.28205128 13 Down
MYH11 Myosin, heavy chain 11, smooth muscle 0.29487179 13 Down
PITX2 Paired-like homeodomain 2 0.3974359 13 Up
BUB1 Budding uninhibited by benzimidazoles 1 homolog (yeast) 0.48484848 12 Up
CCL4 Chemokine (C-C motif) ligand 4 /// chemokine (C-C motif) 0.45454545 12 Up

ligand 4-like 1 /// chemokine (C-C motif) ligand 4-like 2
CCNB2 Cyclin B2 0.57575758 12 Up
CLDN7 Claudin 7 0.25757576 12 Down
NCF2 Neutrophil cytosolic factor 2 0.34848485 12 Up
BUB1B Budding uninhibited by benzimidazoles 1 homolog beta (yeast) 0.47272727 11 Up
CDC20 Cell division cycle 20 homolog (S. cerevisiae) 0.54545455 11 Up
CDS1 CDP-diacylglycerol synthase (phosphatidate cytidylyltransferase) 1 0.30909091 11 Down
CHEK1 Checkpoint kinase 1 0.61818182 11 Up
CLDN4 Claudin 4 0.45454545 11 Down
COL4A2 Collagen, type IV, alpha 2 0.38181818 11 Up
COL5A1 Collagen, type V, alpha 1 0.36363636 11 Up
ERBB3 v-erb-b2 erythroblastic leukemia viral oncogene homolog 3 (avian) 0.18181818 11 Down
GPT2 Glutamic pyruvate transaminase (alanine aminotransferase) 2 0.34545455 11 Down
IL18 Interleukin 18 (interferon-gamma-inducing factor) 0.23636364 11 Down
RRM2 Ribonucleotide reductase M2 0.56363636 11 Up

Table III. Key genes in the control group detected using degree ≥ 10 and Clustering Coefficient > 0.1.

Gene Description DiffK |DiffK|

SLC27A6 Solute carrier family 27 (fatty acid transporter), member 6 0.941176471 0.941176471
RAB11A RAB11A, member RAS oncogene family -0.913043478 0.913043478
ABCA8 ATP-binding cassette, sub-family A (ABC1), member 8 0.860613811 0.860613811
JAM2 Junctional adhesion molecule 2 0.810741688 0.810741688
HNMT Histamine N-methyltransferase 0.730179028 0.730179028
FMO2 Flavin containing monooxygenase 2 (non-functional) 0.723785166 0.723785166
CD24 CD24 molecule -0.677749361 0.677749361
CXCL12 Chemokine (C-X-C motif) ligand 12 0.671355499 0.671355499
PIK3R1 Phosphoinositide-3-kinase, regulatory subunit 1 (alpha) 0.671355499 0.671355499
CLDN5 Claudin 5 0.636828645 0.636828645
CCNB2 Cyclin B2 -0.597186701 0.597186701
KIT v-kit Hardy-Zuckerman 4 feline sarcoma viral oncogene homolog 0.597186701 0.597186701
CDS1 CDP-diacylglycerol synthase (phosphatidate cytidylyltransferase) 1 -0.581841432 0.581841432
IL18 Interleukin 18 -0.581841432 0.581841432

Table IV. Key genes in the co-expression network with |DiffK| > 0.5.
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could be attributed to the up-regulated genes.
Similarly, a wide variety of functions such as
small molecule metabolic process and ker-
atinocyte differentiation were attributed to the
down-regulated genes. Pathway analysis indicat-
ed the involvement of 52 signal transduction
pathways related with the up-regulated genes and
51 signal transduction pathways related with the
down-regulated genes. Some of the key genes in
the signal transduction networks were SLC27A6,
RAB11A, ABCA8, JAM2, HNMT, GSTM1 and
CDKN3, which are known to play critical roles in
regulating the expression of ESCC.

Conclusions

Microarray technology and bioinformatics
based network biology analysis approach were
successfully employed to comprehensively de-
pict the regulatory network at a transcriptomic
level.
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