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Abstract. Increasing evidence has indicated that the abnormal
expressions of certain genes serve important roles in tumorigenesis, progression and metastasis. The aim of the present
study was to explore the key differentially expressed genes
(DEGs) between non‑small cell lung cancer (NSCLC) and
matched normal lung tissues by analyzing 4 different mRNA
microarray datasets downloaded from the Gene Expression
Omnibus (GEO) database. In improving the reliability of the
bioinformatics analysis, the DEGs in each dataset that met
the cut‑off criteria (adjust P‑value <0.05 and |log2fold‑change
(FC)|>1) were intersected with each other, from which
195 were identified (consisting of 57 upregulated and
138 downregulated DEGs). The GO analysis results revealed
that the upregulated DEGs were significantly enriched in
various biological processes (BP), including cell cycle, mitosis
and cell proliferation while the downregulated DEGs were
significantly enriched in angiogenesis and response to drug
and cell adhesion. The hub genes, including CCNB1, CCNA2,
CEP55, PBK and HMMR, were identified based on the
protein‑protein interaction (PPI) network. The Kaplan‑Meier
survival analysis indicated that the high expression level of
each of these hub genes correlates with poorer overall survival
in all patients with NSCLC, which indicates that they may
serve important roles in the progression of NSCLC. In conclusion, the DEGs and hub genes identified in the present study
may contribute to the comprehensive understanding of the
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molecular mechanisms of NSCLC and may be used as diagnostic and prognostic biomarkers as well as molecular targets
for the treatment of NSCLC.
Introduction
Lung cancer, which accounts for more than one‑tenth of all
cancer cases worldwide, is one of the most common types of
malignancies and perhaps, the first cause of cancer‑related
deaths worldwide (1). In China, lung cancer is currently
the first most common cancer with more than 733,300 new
cases and 610,200 deaths in 2015 (2). Based on histological
sub‑classification, there are non‑small cell lung cancer
(NSCLC) and SCLC with approximately 85% of lung cancer
patients diagnosed with NSCLC (3).
To date, surgical resection remains the only treatment
option for NSCLC (4,5). However, with no specific symptoms
associated with the early stage of NCLSC and the lack of
accurate and convenient diagnostic methods for its early detection, most patients are diagnosed at the advanced stage of this
disease when surgical resection is no longer feasible (6).
With the recent advances in the molecular biology,
molecule targeted therapy for NSCLC has equally made
significant progress. For example, approximately 10‑20% of
North American and Western European patients and 30‑50%
of Asian patients with NSCLC were shown to have mutation of EGFR gene (7). But, with the use of EGFR tyrosine
kinase inhibitors (TKIs), such as erlotinib and gefitinib, these
patients were found to response well (with a response rate
of 10%, and an estimated 2‑month prolongation in median
survival over placebo) (8,9). It was also found that 3‑7% of
NSCLC patients had an activated ALK gene, but treatment
with crizotinib (an ALK inhibitor) elevated their response rate
from 10 to 55% (compared to conventional chemotherapy),
and increased their 6‑month progression‑free survival rate
to 72% (8). Nevertheless, these situations can only represent
a cohort of NSCLC patients and due to drug resistance these
targeted therapy agents are often transient.
Moreover, even with the remarkable successes and
withdraw that have been obtained in the targeted therapy of
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NSCLC, the precise molecular mechanisms of this disease are
still far from being fully understood. Thus, the need to find
more potential targets for more effective therapeutic strategies
is very paramount.
In order to better understand the DEGs inf luence
on molecular pathogenesis of NSCLC, in this study, we
downloaded 4 NSCLC related mRNA datasets from Gene
Expression Omnibus (GEO) and identified the DEGs
between the NSCLC patients and healthy control samples.
Subsequently, we performed Gene Ontology (GO) and
protein‑protein interaction (PPI) networks analysis so as
to study and identify potential key DEGs for the diagnosis
and treatment of NSCLC. Further studies on these identified key DEGs can aid a comprehensive understanding of
the molecular development of NSCLC and be explored as
potential biomarkers for its diagnosis, prognosis, and drug
targets.
Materials and methods
Aff ymetrix microarray data. Series matrix files of the
microarray data: GSE21933, GSE33532, GSE44077 and
GSE74706 were downloaded from the public GEO database
(http://www.ncbi.nlm.nih.gov/geo/), and the probe names
based on platforms were annotated to gene symbols according
to their corresponding new version of annotation files, such as
GPL6254, GPL570, GPL6244 and GPL13497. In each GSE file,
we only choose the NSCLC samples and their matched normal
samples, and from which we obtained 21 tumor samples and
21 normal samples for GSE21933 (10), 80 tumor samples and
20 normal samples for GSE33532 (11), 65 tumor samples and
65 normal samples for GSE44077 (12) and 18 tumor samples
and 18 normal samples for GSE74706 (13) to analyze downstream.
Data pre‑processing and differential expression analysis. The
original array data of each series were analyzed separately
using R software (version 3.4.0) and R packages. In brief:
Firstly, background correction and quantile normalization
was performed on the raw data using the robust multi‑array
average (RMA) algorithm in R affy package (14). The
differentially expressed proteins (DEGs) between the tumor
and normal group samples were then analyzed by the paired
t‑test based on the limma package in R. Multiple testing was
corrected by the Benjamini‑Hochberg method to obtain the
adjusted P‑value (15). Finally, the Genes with adjusted P<0.05
and |log2fold‑change (FC)|>1 were considered to be significant.
To further enhance the reliability of the bioinformatics analysis, the overlapping DEGs co‑existed in all 4 GSE files were
identified using FunRich software version 2.1.2 (http://www.
funrich.org) (16).
GO enrichment analysis of DEGs. GO analysis is widely
used to identify characteristic biological processes (BP) for
a large number of genes in microarray analysis (17). DAVID
(Database for Annotation, Visualization and Integrated
Discovery, https://david.ncifcrf.gov/), as a comprehensive set
of functional annotation tools (18), was used to investigate
enriched BP terms for all the overlapping DEGs. P<0.05 and
Count ≥5 were considered statistically significant.

PPI network construction and hub gene analysis. STRING
(Search Tool for the Retrieval of Interacting Genes,
https://string‑db.org/) database is a useful online tool dedicated
to evaluate the PPI interaction information (19). STRING
(version 10.5) was used to explore the interactive relationships
of the overlapping DEGs, and only the experimentally validated interactions with a combined score >0.4 were selected as
significant. Then, the PPI network was built by Cytoscape software (version 3.5.1) (20). The plug‑in cytoHubba in Cytoscape
was used to screen the hub genes from the PPI network and
only DEGs with a degree score ≥19 was selected as hub genes.
Association of hub genes and patient prognosis. An
online survival analysis tool Kaplan Meier plotter
(http://kmplot.com/analysis/) (21), which includes both
clinical data and gene expression data of lung, breast, gastric
and ovarian cancers, was used to evaluate the prognostic
significance of each hub gene in NSCLC. According to the
median expression value of a gene, the patient samples were
divided into high and low expression groups. In this study, the
analysis was carried out under the default parameters, which
is in brief, no subtypes restriction, ‘univariate’ for Cox regression and ‘exclude biased arrays’ for array quality control and
in each survival plot, the log rank P‑value and hazard ratio
(HR, 95% confidence intervals) were calculated and displayed
on the main plot.
Results
Identification of DEGs. In order to identify the DEGs, we downloaded 4 public RNA‑seq datasets of NSCLC from the GEO
database for our analysis: GSE21933, GSE33532, GSE44077
and GSE74706. We defined DEGs between tumor samples and
matched normal samples according to the threshold criterion
(logFC >1 or logFC <‑1 and adjusted P<0.05), and we got
1437, 2127, 963 and 4147 DEGs in GSE21933, GSE33532,
GSE44077 and GSE74706, respectively. As shown in Fig. 1A,
among these DEGs, 676, 865, 274 and 1797 genes were
upregulated while 761, 1262, 689, 2350 ones were downregulated in GSE21933, GSE33532, GSE44077 and GSE74706,
respectively. In order to obtain the most reliable DEGs, we
isolated the DEGs presented in all four datasets and finally got
a total of 195 DEGs, consisting of 57 upregulated (Fig. 1B) and
138 downregulated DEGs (Fig. 1C).
GO term enrichment analysis. In an attempt to find the potential
biological functions associated with these 195 DEGs, the online
software DAVID was used to identify the overrepresented GO
categories. After GO functional enrichment analysis, as shown
in Table I, the upregulated DEGs were significantly enriched
in 18 biological process (BP) terms, which includes mitosis,
cell cycle, protein‑DNA complex assembly, microtubule‑based
process and cell proliferation. The downregulated DEGs were
also significantly enriched in 16 BP terms, such as cellular
response to hormone stimulus, angiogenesis, response to drug
and cell adhesion. All these terms are closely related to the
tumorigenesis and development.
Hub genes screening from the PPI network. To further
investigate the interaction between these 195 DEGs, the
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Figure 1. Expression levels of expressed genes and distributions in four NSCLC datasets. (A) Volcano plots of each microarray data. Y‑axis represents the
log2fold‑change (NSCLC vs. normal samples). Venn plots of (B) upregulated and (C) downregulated protein‑coding genes were indicated. Adj. P‑value,
adjusted P‑value; NSCLC, non‑small cell lung cancer.

STRING database was used to analysis their PPI networks,
and the resulted PPI networks were constructed by Cytoscape.
As shown in Fig. 2A, after removing the effect of free protein
pairs, we obtained a network with 38 upregulated DEGs,
66 downregulated DEGs and 424 edges.
In addition, in the PPI networks, genes that have strong
interactions with many other genes are called ‘hub genes’.
Due to their key positions in the PPI network, the hub genes
are potential drivers of the diseases status. In order to identify
the key tumorigenic genes of NSCLC, the cytoHubba plugin
for Cytoscape was used to screen the hub genes among all
the DEGs. As shown in Fig. 2B and Table II, we obtained
25 hub genes (the nodes with red or orange colors) that
exhibited especially high degree scores (≥19). To our surprise,
all these 25 hub genes were upregulated DEGs. The genes
G2/mitotic‑specific cyclinB1 (CCNB1), CyclinA2 (CCNA2),
Centrosomal protein of 55 kDa (CEP55), lymphokine‑activated
killer T‑cell‑originated protein kinase (PBK), and hyaluronan
mediated motility receptor (HMMR) were selected as the top
five hub genes with high connectivity degree. CCNB1, which
is also known as cyclin B1, was observed to exhibit the highest
degree of connectivity as shown in Table II.
Survival analysis of each hub genes using online tool
Kaplan‑Meier Plotter. To gain insight into the associations between the hub genes and NSCLC, we did a survival
analysis through an online tool Kaplan Meier Plotter, which
contains a large number of microarray datasets of lung
cancer. As shown in Fig. 3, the survival time of the top five
hub genes was significantly separated between the high
expression groups and low expression groups in NSCLC
patients (P<0.05), with the low expression groups of these

5 hub genes exhibiting a good prognostic effect in NSCLC.
Moreover, the remaining 20 hub genes also showed the same
trend (data not shown). These imply that the expression levels
of the 25 hub genes are significantly associated with clinical
prognosis of NSCLC and they may play important roles in
the progression of NSCLC.
Discussion
The tumorigenesis, progression and metastasis of lung cancer,
like in any other cancer is considered as a very complex
process as it involves aberrations of multiple genes and cellular
pathways (22). Some DEGs that have multi‑interactions with
other DEGs are probably core functional genes in promoting
the carcinogenesis (23,24). To improve diagnosis and treatment of NSCLC, it is vitally important to find these abnormal
genes and understand their roles in the molecular mechanism
of NSCLC. With the development of microarray and high
throughput technologies, we have been able to detect the
cancer etiology by examining aberrations in whole‑genome
level as these technologies have been widely used to predict
the potential therapeutic targets for cancers (25).
In the present study, using the gene expression profiles
of GSE21933, GSE33532, GSE44077 and GSE74706 to
screen the co‑expressed DEGs between NSCLC and normal
samples, a total of 195 DEGs, consisting of 57 upregulated
and 138 downregulated DEGs were obtained. The observation
that, upregulated DEGs were enriched in BP terms related
to mitosis, cell cycle and cell proliferation is consistent with
previous knowledge that the functional deficits of cell cycle
and cell proliferation regulators are the main causes of tumorigenesis and progression (26). The downregulated DEGs were
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Table Ⅰ. Enriched Gene Ontology terms for upregulated and downregulated differentially expressed genes.
A, Upregulated
Term
GO:0007067
GO:0000280
GO:0000087
GO:0048285
GO:0000279
GO:0022403
GO:0000278
GO:0022402
GO:0007049
GO:0051301
GO:0065004
GO:0007018
GO:0007017
GO:0034622
GO:0051726
GO:0034621
GO:0008283

Gene function

Count

P‑value

Mitosis
Nuclear division
M phase of mitotic cell cycle
Organelle fission
M phase
Cell cycle phase
Mitotic cell cycle
Cell cycle process
Cell cycle
Cell division
Protein‑DNA complex assembly
Microtubule‑based movement
Microtubule‑based process
Cellular macromolecular complex assembly
Regulation of cell cycle
Cellular macromolecular complex subunit organization
Cell proliferation

14
14
14
14
15
16
15
16
16
11
5
5
6
6
6
6
6

6.11x10‑13
6.11x10‑13
7.70x10‑13
1.02x10‑12
6.02x10‑12
9.16x10‑12
2.91x10‑11
7.21x10‑10
5.28x10‑08
8.09x10‑08
3.22x10‑04
7.32x10‑04
2.14x10‑03
5.69x10‑03
6.72x10‑03
9.16x10‑03
2.02x10‑02

Gene function

Count

P‑value

6
10
7
6
9
18
10
5
5
6
7
5
9
8
7

1.73x10‑05
3.41x10‑05
2.53x10‑04
6.18x10‑04
1.62x10‑03
3.98x10‑03
5.99x10‑03
6.12x10‑03
6.56x10‑03
1.12x10‑02
2.15x10‑02
2.48x10‑02
3.28x10‑02
3.61x10‑02
4.02x10‑02

B, Downregulated
Term
GO:0032870
GO:0001525
GO:0050900
GO:0030336
GO:0042493
GO:0007165
GO:0007155
GO:0016337
GO:0002576
GO:0006898
GO:0043065
GO:0018108
GO:0045893
GO:0045087
GO:0006810

Cellular response to hormone stimulus
Angiogenesis
Leukocyte migration
Negative regulation of cell migration
Response to drug
Signal transduction
Cell adhesion
Single organismal cell‑cell adhesion
Platelet degranulation
Receptor‑mediated endocytosis
Positive regulation of apoptotic process
Peptidyl‑tyrosine phosphorylation
Positive regulation of transcription, DNA‑templated
Innate immune response
Transport

Count, the number of enriched genes in each term.

enriched in BP terms such as angiogenesis and cell adhesion.
Angiogenesis is an essential biological process for tumor
growth and metastasis in that, its blockage in tumor tissue
has been recognized as a charming strategy to inhibit tumor
growth (27). According to Cavallaro and Christofori (28),
changes in the expression of cell adhesion molecules could
affect the adhesive repertoire of a cell, signal transduction status of cells, the interactions between cells and their
environment, and play a crucial role in tumor progression,
invasion and metastasis. Our results suggested that these up

and downregulated DEGs are involved in these BP and may
play important role in the progression of NSCLC.
Based on the PPI network, we identified a series of hub
genes and among the list of the top five hub genes were CCNB1,
CCNA2, CEP55, PBK and HMMR, respectively. CCNB1, as
a key regulatory protein involved in mitosis, is essential for
G2/M transition during the cell cycle (29). Yuan et al (30).
reported that its depletion inhibited proliferation and induced
apoptosis in human tumor cells. The work of Soria et al (31).
established the expression of CCNB1 in a significant fraction
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Figure 2. The constructed PPI network of DEGs. (A) A total of 195 overlapping DEGs were used as seed genes to build a PPI subnetwork based on the STRING
database. Red nodes represent the upregulated DEGs, while bule nodes represent downregulated DEGs. Edges between the nodes represent their interation.
(B) The screened subnetwork of hub genes. The color changes with the increase of degree score from orange to red, all nodes represent the upregulated genes.

Figure 3. The prognostic value of the expression of the top five hub genes. The survival data was analyzed using Kaplan‑Meier Plotter, and the survival curves
were plotted based on data of all NSCLC patients (n=1,926), the red line represents patients with expression above the median, while black line represents
expression below the median. HP represents hazard ratio.

but not all types of NSCLC. They showed that, different
subtypes of NSCLC are not only biologically different but

also showed variation in their CCNB1 expressions. Of all the
histological subtypes examined, overexpression of CCNB1
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Table II. Statistical results of connectivity degrees of the hub
genes in the PPI network.
Gene
CCNB1
CCNA2
CEP55
PBK
HMMR
DTL
KIAA0101
MELK
ANLN
KIF14
CDKN3
ASPM
NUF2

Degree

Gene

28
KIF11
27
KIF20A
25
CCNB2
25
CENPF
25
TPX2
24
MKI67
24
KIF4A
24
CENPE
24
AURKA
24
HELLS
24
CKAP2L
24
UBE2T
24		

Degree
24
24
24
24
24
23
23
23
23
21
19
19

PPI, protein‑protein interaction.

was more frequently observed in the squamous cell carcinoma (SCC) subtypes. This overexpression was also reported
to affects patient survival time and might be an adverse prognostic marker for SCC‑subtype NSCLC patients (31). While
our work establishes CCNB1 as a top hub gene in NSCLC in
agreement with these reports, it did not specify the subtypes,
which could be a possible limitation to our analysis. The
second hub gene CCNA2, encoding cyclins controls both
the G1/S and the G2/M transition of the cell cycle (32). Its
protein expression was found to be elevated in variety of
tumors, including breast, liver, prostate and lung cancers, and
appears to be a prognostic marker in prediction of survival or
early relapse (33). The third hub gene CEP55 (also known as
c10orf3 and FLJ10540), a pivotal component of cytokinesis,
is associated with the PI3K/AKT pathway activation via an
interaction with the catalytic subunit of PI3K (34). CEP55
overexpression is highly correlated with carcinogenesis
across multiple cancer types including lung, breast, liver, and
colon cancers and has been identified as a member of several
prognostic ‘gene signatures’ for cancer (35). Tao et al (36). has
reported that ectopic expression of CEP55 induces tumorigenesis in nude mice, while its knockdown in gastric cancer
cells suppressed cellular proliferation by inducing G2/M
phase arrest, indicating its potential as an anti‑tumor target.
PBK also known as TOPK, was found to play an important
role in tumor formation and progression. Its high expression
level was detectable in the majority of lung cancer tissues and
cell lines, but not in normal tissues (37‑40). Overexpression
of PBK was reported to promote a PI3K/AKT‑dependent cell
migration (5). Lei et al (40). suggested that PBK expression
was positively correlated with Ki67 and p53 expression, and
could be used as an independent prognostic factor in NSCLC.
Another hub gene which we found to be hyper‑expressed in
NSCLC is HMMR, a multifunctional oncogene. Its high
expression level, which was also found in breast cancer, is
associated with poor disease outcome (41). Recent studies

have deciphered that HMMR could regulate cell proliferation, survival, and migration via forming a complex
with CD44 (a well‑known cancer stem cell marker) and
hyaluronan (a key component of the microenvironment of
most malignant tumors) (42). In this study, HMMR showed a
strong interaction with each of the top five hub genes, which
indicates their joint functions in NSCLC, although further
investigations are still needed to clarify underlying biological
associations between HMMR and NSCLC. All these reports
indicate that CCNB1, CCNA2, CEP55, PBK, and HMMR
are involved in the pathogenesis of malignant tumors mainly
by affecting cell cycle and mitosis. This is consistent with
our findings. Furthermore, the Kaplan Meier Plotter survival
analysis from our study demonstrated that mRNA expression
levels of these five hub genes, as well as the remaining 20
hub genes, were significantly associated with clinical prognosis of lung cancer. While these could imply their roles in
the progression of NSCLC thereby making them a potential
target for its diagnosis and treatment, further experimental
verification of the clinical significance of each hub gene and
its subtypes is still necessary.
In summary, using the bioinformatics, we have provided
information on the DEGs and hub genes that may be involved
in NSCLC. This analysis is, however, limited in that it does
not the capture the expression of these genes in the different
NSCLC subtypes. Another limitation of this work is that, in
reducing the number of false positive DEGs, we obtained
co‑expressed DEGs among 4 different NSCLC associated
microarray datasets. By this, many likely important genes
might have been lost. While our work showed the benefit and
usefulness of microarray analysis in bringing out the DEGs
and hub genes that can be potential diagnostic and treatment targets of NSCLC, the need for improved analysis and
prospective clinical studies is still imperative. Albeit, this
study can contribute to the overall understanding of the underlying molecular mechanisms of NSCLC and serve as guide to
subsequent experimental studies.
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