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Lung adenocarcinoma (LUAD) is one of the malignant lung tumors. However, its pathology has not been fully understood. The
purpose of this study is to identify the hub genes associated with LUAD by bioinformatics methods. Three gene expression
datasets including GSE116959, GSE74706, and GSE85841 downloaded from the Gene Expression Omnibus (GEO) database
were used in this study. The differentially expressed genes (DEGs) related to LUAD were screened by using the limma package.
Gene Ontology (GO) and KEGG analysis of DEGs were carried out through the DAVID website. The protein-protein
interaction (PPI) of differentially expressed genes was drawn by the STRING website, and the results were imported into
Cytoscape for visualization. Then, the PPI network was analyzed by using MCODE, and the modules with a score greater than 5
were found by using cytoHubba. Finally, the GEPIA database and UALCAN database were used to verify and analyze the
survival of hub genes. We identified 67 upregulated genes and 277 downregulated genes from three LUAD datasets. The results
of GO analysis showed that the downregulated genes were significantly enriched in matrix adhesion and angiogenesis and
upregulated differential genes were significantly enriched in cell adhesion and vascular development. KEGG pathway analysis
showed that the differential genes of LUAD were significantly enriched in viral carcinogenesis and adhesion spots. The PPI
network of differentially expressed genes consists of 269 nodes and 625 interactions. In addition, three modules with scores
greater than 5 and seven hub genes, namely, MCM4, BIRC5, CDC20, CDC25C, FOXM1, GTSE1, and RFC4, playing an
important role in the PPI network were screened out. In this study, we obtained the hub genes and pathways related to LUAD,
revealing the molecular mechanism and pathogenesis of LUAD, which is helpful for the early detection of LUAD and provides a
new idea for the treatment of LUAD.

1. Introduction

Lung cancer is one of the malignant tumors for which no
effective cure has been found so far. Adenocarcinoma is the
most common histological subtype, accounting for about half
of all lung cancers [1]. Due to the fact that most lung cancers
are diagnosed as advanced after regional or distant spread of
the malignancy, this disease has a high mortality rate world-
wide [2]. Despite the availability of various therapies includ-
ing surgery, radiation, and targeted therapies, unfortunately,
there are significant barriers to effective treatment of LUAD
and an overall survival of less than five years in patients with
lung adenocarcinoma [3]. If the disease can be detected at an
early stage, the survival rate of patients will be greatly
improved. Some studies have pointed out that many bio-

markers are closely related to the occurrence and develop-
ment of tumors and can be used for early screening of
tumors. However, many biomarkers are highly expressed in
various tumors without good specificity [4]. Therefore, it is
necessary to explore specific biomarkers for early diagnosis
of LUAD. In recent years, gene expression profiling chips
have been widely used in the research fields of various dis-
eases to reveal the association between diseases and genes
and provide valuable clues for the pathogenesis of diseases
to determine the diagnosis and prognosis of cancer [5]. The
bioinformatics methods are widely used to study lung adeno-
carcinoma, and MCODE [6] is used to build clustering in the
vast network of gene function modules. The connection of
these modules in the PPI network is essential for the forecast
of a molecular complex. In order to further find key genes of
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a complex network, this study proposed the research
methods combining MCODE and cytoHubba. Based on the
attributes of the nodes in the network, the genes associated
with the disease will be found.

In this study, three lung adenocarcinoma datasets were
downloaded from the GEO. Differentially expressed genes
were obtained by comparing gene expression between lung
adenocarcinoma samples and normal samples. Then, GO
and KEGG signal pathway enrichment analyses were used
to conduct functional annotation and signal pathway analysis
for DEGs. Finally, the mechanism of the occurrence and
development with LUAD was studied at the molecular level.
The gene expression level was verified through GEPIA [7],
and the prognosis was analyzed with UALCAN [8]. It may
provide valuable ideas for the diagnosis and prognosis of
LUAD in the future.

2. Materials and Methods

2.1. Data Preprocessing and Correlation Analysis. In this
paper, the limma package was used to obtain differentially
expressed genes. The data was divided into the normal group
and the diseased group, and difference analysis was con-
ducted to extract different differential genes on the three
datasets, respectively. The standard to screen differentially
expressed genes was P < 0:05 and ∣log 2FC ∣ >1 in this paper.
The results of difference analysis from the three datasets were
intersected, and the genes shared by the three datasets were
the genes used for the following analysis in this study. The
Venn diagram online tool is used to make a Venn diagram
of cross genes. DAVID (http://david.abcc.ncifcrf.gov/) is a
database which is used for differences in gene functional
annotation and pathway enrichment analysis online. GO
analysis describes genes from three parts including molecular
function (MF), biological process (BP), and cellular compo-
nent (CC) and finds out the significantly enriched GO term.
KEGG pathway enrichment analysis enriches differential
genes into pathways, which is conducive to discovering the
degree of association among genes, pathways, and diseases.
In this study, we select P < 0:05 in GO analysis and KEGG
pathway enrichment analysis.

2.2. PPI Network Structure and Prognosis Analysis of Hub
Genes. By constructing protein-protein interaction networks,
the relationships between protein and protein can be visual-
ized, and functional correlations among proteins can be
deduced. It is done through the STRING database (http://
string-db.org), selecting the interaction with a combined
score greater than 0.5. Cytoscape software was used to visual-
ize PPI networks, and the molecular complexity detection
(MCODE) method was used to screen the modules of PPI
networks with the degree cutoff value of 2, node score cutoff
value of 0.2, k-core value of 2, and maximum depth of 100,
respectively. The networks with a score greater than 5 were
screened out, which were analyzed using cytoHubba plug-
ins to screen out hub genes with scores greater than 10.
GEPIA (http://gepia.cancer-pku.cn/) is a free online visuali-
zation platform for analyzing differences in specific gene
expression levels between cancer tissues and normal tissues.

UALCAN (http://ualcan.path.uab.edu) is a very effective
and convenient website which is used to analyze the cancer
data. In this study, survival analysis was carried out on the
hub genes using this website to verify the correlation between
genes and the disease. In order to make the results of this
study more credible, the evaluation of hub genes for cancer
is utilized for the very famous online website Kaplan-Meier
(https://kmplot.com/analysis/) which can be used to evaluate
the effect of mRNA, miRNA, and protein on the survival rate
of 21 types of cancer and the effects of gene expression infor-
mation. By integrating clinical prognostic value of meta-
analysis and survival research, it can discover and validate
relevant molecular markers.

3. Results and Discussion

3.1. Gene Expression Profile Data. This study used data from
a GEO database (https://www.ncbi.nlm.nih.gov/geo/) which
includes various high-throughput gene expression data sub-
mitted by research institutions around the world and are free
for the experts and scholars. GSE116959 was based on the
GPL17077 platform (Agilent-039494 Sure Print G3 Human
GE V2 8x60K Microarray 039381) and consisted of 68 sam-
ples, including 11 normal lung tissues and 57 LUAD samples.
GSE74706 was based on the GPL13497 platform (Agilent-
026652 Whole Human Genome Microarray 4x44K V2), with
36 samples including 18 tumor-free lung tissues and 18
tumor tissues. GSE85841 was based on the GPL20115 plat-
form (Agilent-067406 Human CBC lncRNA + mRNA
microarray V4.0) and contained 8 LUAD samples and 8
adjacent nontumor tissues. The data selected in this study
all met three conditions: (1) the samples were all from human
lung tissue, (2) the sample size is ≥16, and (3) it contained a
control group and an experimental group. The platform and
a series of matrix files were downloaded as TXT files, and the
dataset information is shown in Table 1.

3.2. Identification of DEGs. Three datasets in the GEO web-
site used the limma package [9] to do gap analysis; we set
up P less than 0.05 and ∣log 2FC ∣ greater than 1 as the stan-
dard. It obtained a total of 3051 upregulated genes and 3817
downregulated genes as shown in Figure 1. The number of
the overlapping upregulated genes among three LUAD data-
sets was 67 as shown in Figure 2(a), and that of the overlap-
ping downregulated genes among three datasets was 277 as
shown in Figure 2(b).

3.3. GO Analysis of DEGs and KEGG Pathway Enrichment
Analysis. In order to understand the biological function of
differential genes in LUAD, the GO analysis and KEGG path-
way analysis of differential genes were conducted on the web-
site of DAVID, and the interpretation was made from the two
focuses of gene function and pathway analysis. Results of GO
analysis showed that the first 15 GO terms of upregulated
genes and downregulated genes are listed in Tables 2(a) and
2(b), respectively. As for molecular function (MF), the down-
regulated DEGs play a major role in protein kinase inhibitor
activity (GO: 0004860), integrin binding (GO: 0005178), and
ion channel binding (GO: 0044325). The upregulation of
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Table 1: Details of LUAD datasets.

Reference Tissue GEO Platform Normal Tumor

Rezzonico et al. LUAD GSE116959 GPL17077 11 57

Marwitz et al. LUAD GSE74706 GPL13497 18 18

He et al. LUAD GSE85841 GPL20115 8 8
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Figure 1: Volcanic maps of differentially expressed genes in datasets: (a) GSE116959; (b) GSE74706; (c) GSE85841.

3Computational and Mathematical Methods in Medicine



DEGs played a role in protein isomerization activity (GO:
0046982), DNA binding (GO: 0003677), and serine endopep-
tidase activity (GO: 0004252). In terms of biological function
(BP), downregulated DEGs were significantly enriched in cell
matrix adhesion (GO: 0007160), positive regulation of RNA
polymerase II promoter transcription (GO: 0045944), and
angiogenesis (GO: 0001525). Upregulated DEGs were partic-
ularly abundant in pulmonary vascular development (GO:
0060426), cell adhesion (GO: 0007155), and extracellular
matrix tissue (GO: 0030198). Cell component (CC) analysis
showed that downregulated DEGs were concentrated in ves-
icles (GO: 0031982), lysosomes (GO: 0005764), and tran-
scription factor complexes (GO: 0005667). The upregulated
DEGs were mainly concentrated in the extracellular space
(GO: 0005615), protein extracellular matrix (GO: 0005578),
and extracellular matrix (GO: 0031012).

According to the KEGG pathway analysis, Table 3 shows
that DEGs are mainly concentrated in the carcinogenic effect
of virus (HSA05203), adhesion plaque (HSA04510), regula-
tion of actin cytoskeleton (HSA04810), cAMP signaling
pathway (HSA04024), and cGMP-PKG signaling pathway
(HSA04022).

3.4. PPI Network Construction and Module Analysis. The
STRING database was used to construct the PPI network,
and then, Cytoscape software was used to visualize the DEGs
of the three datasets. The MCODE plug-in in Cytoscape was
used to further analyze the PPI network, and finally, three
modules with scores greater than 5 were selected. The con-
struction of the PPI network involves 269 nodes and 625
interactions as shown in Figure 3. The MCODE screened
out three modules including a total of 38 nodes and 140
interactions as shown in Figure 4. Ten of the 344 differen-
tially expressed genes were out of the PPI network. When
cytoHubba was applied to these three modules, the genes
with scores greater than 10 were selected, which indicated
that these genes includingMCM4, CDC20, CDC25C, BIRC5,
FOXM1, GTSE1, and RFC4 might play an important role in
the pathogenesis of LUAD.

3.5. Expression Level and Prognosis Analysis of Hub Genes.
According to the results of the GEPIA database, seven hub
genes were all upregulated in LUAD (Figure 5). Then, the
UALCAN database was used for prognosis analysis of hub

genes, and the results showed that the expression of
MCM4, CDC20, CDC25C, and GTSE1 significantly reduced
the survival time of LUAD patients (Figure 6). At last, the
survival curve of Kaplan-Meier was also used to prove that
the survival rate of LUAD patients with the low expression
group was dramatically higher relative to that in the highly
expressed group in the UALCAN database (Figure 7). It
can be found to be consistent with the results obtained in
Figure 6.

4. Discussion

Although the world medical level has been greatly improved,
there is still no effective way to completely cure lung adeno-
carcinoma. In addition, due to its rapid development and
no obvious symptoms in the early stage of disease, it is of
great significance to study the pathogenic genes related to
lung adenocarcinoma. With the rapid development of bioin-
formatics, microarray technology has been increasingly
applied to study the diagnosis, treatment, and prognosis of
cancer [10].

In this study, three LUAD gene expression datasets were
download from the GEO database. A total of 67 upregulated
and 277 downregulated differential genes were screened and
used for subsequent analysis. To further understand the bio-
logical function of these DEGs, we performed GO analysis
and KEGG pathway analysis on these differential genes.

GO analysis shows that in BP, significant genes involved
in cell adhesion and extracellular matrix organization and the
development of the skeletal system are raised, and the differ-
ence of genes highly involved in nervous system develop-
ment, angiogenesis, and cell matrix adhesion is lowered.
Existing literature showed that the reduceness of cell adhe-
sion is the key factor in the cancer metastasis [11], which
are consistent with our GO results. Genetic variations and
CC results show that the increase in the main role in the
extracellular space, extracellular area, and extracellular
matrix protein class, by the difference of the gene in the cyto-
skeleton, lysosome, and small bubble, plays a role, and the
cytoplasmic matrix in the tumor actually adjusts all aspects
of the tumor cells and cancer-related stromal cells [12]. In
terms of MF, upregulated differential genes are significantly
enriched in DNA binding, protein heterodimer activity, and
growth factor binding, while downregulated differential
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Figure 2: The gene Venn diagram of GSE116959, GSE74706, and GSE85841 in the datasets: (a) the overlapping upregulated genes among
three datasets; (b) the overlapping downregulated genes among three datasets.
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Table 2

(a) The GO analysis results of upregulated differential genes

Category Term Count % P value FDR

GOTERM_CC_DIRECT GO: 0005615~extracellular space 39 14.82889734 1:87E − 05 0.001099172

GOTERM_CC_DIRECT GO: 0005578~proteinaceous extracellular matrix 17 6.463878327 1:02E − 06 1:25E − 04
GOTERM_CC_DIRECT GO: 0031012~extracellular matrix 16 6.08365019 1:62E − 05 0.001099172

GOTERM_MF_DIRECT GO: 0046982~protein heterodimerization activity 10 15.38461538 1:74E − 05 0.002144305

GOTERM_CC_DIRECT GO: 0005576~extracellular region 38 14.4486692 0.001389295 0.034176669

GOTERM_BP_DIRECT GO: 0060426~lung vasculature development 3 1.140684411 0.002890084 0.264603216

GOTERM_BP_DIRECT GO: 0007155~cell adhesion 15 5.703422053 0.006047621 0.383326151

GOTERM_MF_DIRECT GO: 0003677~DNA binding 12 18.46153846 0.017676955 1

GOTERM_BP_DIRECT GO: 0030198~extracellular matrix organization 8 3.041825095 0.021602865 0.726561651

GOTERM_CC_DIRECT GO: 0005581~collagen trimer 5 1.901140684 0.038323481 0.336699153

GOTERM_BP_DIRECT GO: 0001501~skeletal system development 6 2.281368821 0.045594478 0.963329484

GOTERM_MF_DIRECT GO: 0004252~serine-type endopeptidase activity 4 6.153846154 0.050324984 1

GOTERM_MF_DIRECT GO: 0004222~metalloendopeptidase activity 3 4.615384615 0.052417683 1

GOTERM_MF_DIRECT GO: 0019838~growth factor binding 3 1.140684411 0.053114668 1

GOTERM_BP_DIRECT GO: 0048845~venous blood vessel morphogenesis 2 0.760456274 0.082095344 0.9933695

(b) The GO analysis results of downregulated differential genes

Category Term Count % P value FDR

GOTERM_BP_
DIRECT

GO: 0007160~cell-matrix adhesion 8 3.041825095 2:90E − 04 0.102142936

GOTERM_CC_
DIRECT

GO: 0031982~vesicle 8 3.041825095 0.001990645 0.044518052

GOTERM_BP_
DIRECT

GO: 0045944~positive regulation of transcription from
RNA polymerase II promoter

26 9.885931559 0.003278681 0.284382424

GOTERM_MF_
DIRECT

GO: 0004860~protein kinase inhibitor activity 5 1.901140684 0.005702224 0.547413482

GOTERM_CC_
DIRECT

GO: 0005764~lysosome 9 3.422053232 0.013045455 0.168904314

GOTERM_BP_
DIRECT

GO: 0001525~angiogenesis 9 3.422053232 0.01406595 0.56315124

GOTERM_MF_
DIRECT

GO: 0005178~integrin binding 6 2.281368821 0.015197451 0.669135708

GOTERM_CC_
DIRECT

GO: 0005667~transcription factor complex 8 3.041825095 0.017573444 0.216153357

GOTERM_MF_
DIRECT

GO: 0044325~ion channel binding 6 2.281368821 0.020239455 0.747302944

GOTERM_CC_
DIRECT

GO: 0005911~cell-cell junction 7 2.661596958 0.031802418 0.320786082

GOTERM_CC_
DIRECT

GO: 0005856~cytoskeleton 11 4.182509506 0.033419216 0.320786082

GOTERM_MF_
DIRECT

GO: 0008134~transcription factor binding 9 3.422053232 0.04387505 1

GOTERM_BP_
DIRECT

GO: 0007399~nervous system development 9 3.422053232 0.05231756 0.9933695

GOTERM_BP_
DIRECT

GO: 0071356~cellular response to tumor necrosis factor 5 1.90114068441064 0.071273931 0.993369499698613

GOTERM_MF_
DIRECT

GO: 0043014~alpha-tubulin binding 3 1.140684411 0.056693325 1
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genes are significantly enriched in transcription factor bind-
ing, integrin binding, and ion channel binding, and insulin
growth factor plays an important role in the occurrence
and development of cancer [13, 14]. Heterodimerization is
an important mechanism, and its activated erbB receptors
are highly expressed in many cancers, especially breast can-
cer, ovarian cancer, and non-small-cell lung cancer [15],
which further confirms the accuracy of the results of our
GO analysis.

KEGG pathway analysis showed that the differentially
expressed genes were significantly enriched in the viral onco-

genic pathway and adhesion plaques. Oncogenic viruses
select cellular processes to replicate and disrupt immune
recognition, promoting oncogeny through shared host cell
targets and pathways [16]. Among the many microenviron-
mental factors that influence drug resistance in cancer cells,
cell adhesion to the extracellular matrix (ECM) has been
identified as a key determinant [17].

In order to better understand the relationships and inter-
actions between these DEGs, we used Cytoscape software to
visualize the PPI network of DEG-encoded proteins and
highly screened out seven hub genes, namely, MCM4,

Table 3: KEGG pathway analysis of differential genes.

Term Count P value FDR

hsa05203:viral carcinogenesis 8 5:74E − 06 1:01E − 04
hsa00982:drug metabolism-cytochrome P450 7 8:61E − 04 0.080541591

hsa05133:pertussis 7 0.001442889 0.089940108

hsa04024:cAMP signaling pathway 10 0.005406893 0.252772253

hsa04022:cGMP-PKG signaling pathway 8 0.01563192 0.354612366

hsa04510:focal adhesion 9 0.020671678 0.354612366

hsa04810:regulation of actin cytoskeleton 9 0.02290057 0.354612366

hsa04921:oxytocin signaling pathway 7 0.037911973 0.393863279

hsa04015:Rap1 signaling pathway 8 0.059226004 0.517534094

hsa04110:cell cycle 3 0.073872691 0.783050528

Figure 3: PPI network diagram of DEGs. The red is the upregulated genes, and the green is the downregulated genes.
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CDC20, CDC25C, BIRC5, FOXM1, GTSE1, and RFC4.
MCM4 mutations disrupt normal replication control and
affect the mitotic phase, which in turn affects DNA replica-
tion and leads to DNA breakage. Genomic incompleteness
greatly increases cancer susceptibility; for example, mice car-
rying the MCM4 Chaos3 subtype allele eventually develop
breast cancer [18]. BIRC5, also known as survivin, is a well-
known cancer therapeutic target. By looking for survivin-
partner protein interaction destruction inhibitors and survi-
vin homodimer destruction inhibitors, it was revealed that
some of the inhibitors can reduce survivin expression in can-
cer, including breast cancer, non-small-cell lung cancer, and
pancreatic cancer [19].CDC20, the cell division cycle 20
homologue, is an important activator of anaphase cell divi-

sion. Cdc20 works by activating the APC E3 ligase, which
disrupts key cell cycle regulators during the mid- to late tran-
sition. Moreover, depletion of Cdc20 will also lead to mitosis
stagnation, leading to cell death [20]. CDC20 is upregulated
not only in non-small-cell lung cancer but also in other
malignancies and is also associated with patient prognosis
[21]. Studies have shown that MCM4, BIRC5, and CDC20
are potential lung cancer driver genes, and these genes are
amplified in the genomes of patients with lung cancer, and
when their number decreases, the number of cancer cells
decreases as well [22]. CDC25C is a typical bispecific phos-
phatase that regulates the dephosphorylation of CDK1 and
the nuclear entry of the cyclin B1/CDK1 complex, which is
a key mechanism regulating the initiation of cell division
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Figure 4: MCODE screened out networks with scores greater than 5: (a) score: 12, (b) score: 7.714, and (c) score: 5.529. The red nodes
represent upregulated differential genes, and the green nodes represent the downregulated differential genes.
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and plays an important role in the control of the cell cycle
[23]. The regulation of CDC25C in the cell cycle is affected
by a variety of signaling pathways and is closely related to
tumorigenesis and tumor development. FOXM1, an onco-
genic transcription factor of the forkhead family, is expressed

through tissue damage or oxidative stress and is induced by
mitogenic stimulation in mature cells. Abnormal expression
of FOXM1 has been shown to play a very important role in
the progression of proliferation and cycle of various tumor
cells [24]. Studies have shown that FOXM1 exists in most
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Figure 6: Survival analysis of hub genes. The red line and the blue line indicate the survival analysis of genes with high expression and low
expression in LUAD patients, respectively.
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Figure 7: The prognostic information of the 7 hub genes.
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human cancers by regulating the expression of target genes at
the transcriptional level [25]. GTSE1 is a cell cycle-related
protein encoded by the human GTSE1 gene, which mainly
regulates G1/S cell cycle transition. Previous studies have
shown that high expression of GTSE1 is associated with resis-
tance to a variety of cancers, and nonexpression of GTSE1
can significantly promote apoptosis of NSCLC cells after IR
[26]. RFC4 is one of the genes in the C family of replicators
(RFC). Previous studies have shown that in a variety of
malignant tumors, bioactive RFCs may play an important
role in the proliferation, progression, invasion, and metasta-
sis of cancer cells, confirming that RFCs can be used as effec-
tive markers for the diagnosis and prognosis prediction of
cancer [27].

5. Conclusions

In this study, seven hub genes have been identified by bioin-
formatics. To verify whether these genes are related to
LUAD, we used the GEPIA database and UALCAN database
for validation and survival analysis, respectively. Results
showed that all of these genes were upregulated compared
with normal lung tissue and that MCM4, CDC20, CDC25C,
and BIRC5 upregulated significantly reduced survival time in
LUAD patients. Therefore, we believe that these hub genes
play a key role in the occurrence and development of tumors,
especially the four genes MCM4, CDC20, CDC25C, and
BIRC5, which seem to be an important basis for future stud-
ies on the diagnosis and prognosis of LUAD.
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