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 Background: Non-small cell lung cancer (NSCLC) is the main histologic form of lung cancer that affects human health, but 
biomarkers for therapeutic diagnosis and prognosis of the disease are currently lacking.

 Material/Methods: The gene expression profile GSE18842 was downloaded from the Gene Expression Omnibus database in this 
prospective study, which consisted of 46 tumors and 45 controls. After screening differentially expressed 
genes (DEGs), we conducted functional enrichment analysis and KEGG analysis with upregulated differentially 
expressed genes (uDEGs) and downregulated differentially expressed genes (dDEGs), respectively. Protein–protein 
interaction (PPI) networks among DEGs and corresponding coding protein complexes, constructed using the 
STRING database, were analyzed using Cytoscape. Kaplan-Meier method was used to verify survival associ-
ated with hub genes. The GEPIA webserver was used to plot the gene expression level heat map of hub genes 
between NSCLC and adjacent lung tissues in the TCGA database.

 Results: We identified 368 DEGs (168 uDEGs and 200 dDEGs) in NSCLC samples relative to control samples after gene 
integration. We established a PPI network for the DEGs, which had 249 nodes and 1472 edges protein pairs. 
Ten undefined hub genes with the highest connectivity degree (CDK1, UBE2C, AURKA, CCNA2, CDC20, CCNB1, 
TOP2A, ASPM, MAD2L1, and KIF11) were verified by survival analysis, and 9 of them were associated with poor-
er overall survival in NSCLC. The expression reliability of hub genes was verified by use of the GEPIA web tool.

 Conclusions: The results suggested that UBE2C, AURKA, CCNA2, CDC20, CCNB1, TOP2A, ASPM, MAD2L1, and KIF11 are in-
herent key biomarkers for diagnosis and prognosis, while KEGG analysis results showed the mitotic cell cycle 
pathway is a probable signaling pathway contributing to NSCLC progression. These genes could be promising 
biomarkers for diagnosis and provide a new approach for developing targeted therapeutic NSCLC drugs.
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Background

Lung cancer is the deadliest malignant tumor in both develop-
ing and developed countries, with less than 20% 5-year sur-
vival rate; most patients are diagnosed at a point at which sur-
gery is not feasible [1]. Lung cancer is generally divided into 
non-small cell lung cancer (NSCLC) and small cell lung cancer 
(SCLC) according to WHO criteria for lung tumors classifica-
tion and diagnosis, and NSCLC is the main histological form of 
lung cancer [2]. At present, many patients are diagnosed at an 
advanced stage, when they are no longer suitable for surgical 
treatment and can only receive radiotherapy, chemotherapy, 
or targeted therapy; therefore, the survival of most patients 
with advanced lung cancer is short and quality of life is poor. 
Surgery is the ideal choice for early NSCLC patients, but there 
is high risk of metastasis or recurrence [3]. Nonetheless, it has 
been reported that survival benefits have been achieved in pa-
tients with NSCLC by using small-molecule tyrosine kinase in-
hibitors and immunotherapy [4]. With accumulating research 
on NSCLC treatment, we have deepened our understanding of 
the biology of the disease and the mechanism of tumor pro-
gression and promoted early detection and multimodal ther-
apy [5]. The overall cure rate and survival rate of NSCLC re-
main low, especially in underperforming and elderly patients, 
as these groups require special treatment and there are still 
no established standards for new targeted treatment [6]. It is 
therefore important to explore possible targets and targeted 
therapeutic drugs to expand the range of clinical benefits and 
improve the prognosis of patients with NSCLC.

With the continuous advancement of high-throughput se-
quencing technology and calculation methods, especially RNA 
sequencing, hundreds of thousands of RNA-seq have been 
identified. Growing evidence shows that the expression pro-
file in tumor tissues is different from that in adjacent non-tu-
mor tissues in many types of malignant tumors [7]. We ratio-
nally presume that differentially expressed genes (DEGs) can 
affect the promotion of a variety of diseases, including malig-
nant tumors. Some RNA-seq are insensitive to ribonuclease 
due to its unique structure, but different genes can exist in 
tissues and serum, making it a biomarker of cancer. Lung can-
cer is a molecularly heterogeneous disease, and understand-
ing its biological characteristics is important in improving clini-
cal treatment outcomes.

In the present study, we downloaded the gene expression pro-
file GSE18842 from the Gene Expression Omnibus database 
and conducted a bioinformatics analysis to study the differen-
tially expressed genes (DEGs) between non-small cell carci-
noma tumor tissues and normal lung tissues. We performed 
function and pathways analyses, as well as protein–protein in-
teraction (PPI) network analysis, and overall survival associ-
ated with hub genes was also assessed with the Kaplan-Meier 

method. The expression reliability of hub genes was verified 
after visualization in the TCGA database using the GEPIA web 
tool. We attempted to identify the biomarkers as diagnostic 
and prognostic indicators, or as potential targets for precision 
biotherapy and find pathways involved in the progression of 
NSCLC and to reveal the underlying molecular mechanisms.

Material and Methods

Microarray data

The gene expression profile GSE18842 based on GPL570 
(HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 
Array was downloaded from the NCBI GEO database (http://
www.ncbi.nlm.nih.gov/geo/, National Center for Biotechnology 
Information, Gene Expression Omnibus), a public depository da-
tabase of gene expression data [8]. GSE18842 consisted of 91 
NSCLC samples to establish the gene markers of primary ade-
nocarcinoma and squamous cell carcinoma, to determine the 
differentially expressed genes at different stages of the disease, 
and to determine the sequences that are of biological signifi-
cance to the progression of the tumor. Sanchez-Palencia et al. 
deposited GSE18842 [9]; their study was performed accord-
ing to the protocol approved by the Ethics Committee of the 
University of Granada School of Medicine.

Data preprocessing and identification of differentially 
expressed genes by GEO2R

GEO2R (www.ncbi.nlm.nih.gov/geo/geo2r/), a web tool perform-
ing comparisons based on limma and GEOquery R packages 
of the Bioconductor project, was used to identify the DEGs in 
postoperative NSCLC samples and normal lung tissues sam-
ples. The cutoff criteria were set as P value <0.001 and |log FC| 
(|log2Fold Change|) >2.8.

Gene ontology (GO) terms and Kyoto encyclopedia of 
genes and genomes (KEGG) pathway analyses of DEGs

Gene ontology (GO), which provides comprehensive informa-
tion about the gene function of individual genome products 
through ontology, is a frequently used bioinformatics tool. 
The functional enrichment analysis of upregulated differentially 
expressed genes (uDEGs) and downregulated differentially ex-
pressed genes (dDEGs) identified in GSE18842 was performed 
using the Database for Annotation, Visualization, and Integrated 
Discovery (https://david.ncifcrf.gov/, DAVID) bioinformatics re-
sources online tool, including molecular functional (MF), bio-
logical process (BP), and cellular component (CC) [10]. The cut-
off criterion was set as p<0.05.
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PPI network construction and analysis of modules

The STRING (http://string-db.org/, the Search Tool for the 
Retrieval of Interacting Genes) database provides crucial infor-
mation on the correlation of protein–protein interactions [11]. 
We used Cytoscape to visualize the PPI network [12]. The PPI 
network formed by DEGs was analyzed through the STRING 
database, and then Cytoscape was applied for visualization of 
the network. CytoHubba, a Cytoscape plug-in, was used to dis-
cover the key targets, subnetworks of complex networks, and 
the central elements in the network. According to the stan-
dard of combined score >0.9, the top 10 genes were selected 
using the 12 topological analysis methods. Subsequently, 
the molecular complex was obtained by using Molecular 
Complex Detection (MCODE), a Cytoscape plug-in, to detect 
the global PPI network module with Cutoff degree=2, Cutoff 
Node Score=0.2, Haircut=true, Fluff=false, K-Core=2, Max, and 
Depth from Seed=100. The functional annotation of DEGs in 
the identified module was investigated with the DAVID bio-
informatics resources. P <0.05 was set as the cutoff criterion.

Survival analysis validation of hub genes

The Kaplan-Meier plotter (http://kmplot.com/analysis/index.
php?p=service&cancer=lung) for lung cancer was applied to 
assess the survival rate of more than 50 000 genes in patients 
with breast, ovarian, lung, and gastric cancer [13]. We inves-
tigated whether hub gene was associated with overall sur-
vival using Kaplan-Meier method and log-rank test. The cri-
teria we selected were HR with 95% CI and log-rank P value 
<0.05 as a threshold.

TCGA verification of hub genes

GEPIA (http://gepia.cancer-pku.cn/index.html) is a customiz-
able functionalities website for interactive analysis and visu-
alization based on The Cancer Genome Atlas database [14]. 
To further verify the 9 hub genes identified from the PPI net-
work, the GEPIA web server was used to plot a gene expres-
sion level heat map between lung adenocarcinoma (LUAD), lung 
squamous cell carcinoma (LUCS), and adjacent lung tissues in 
the TCGA database. The patient data were grouped according 
to the transcripts per million (TPM) value. Log2 (TPM+1) was 
used for log-scale, and four-way analysis of variance (ANOVA) 
was applied.

Results

Differentially expressed genes (DEGs) in NSCLC

Though filtering, analyzing, and sorting out the raw data by 
using GEO2R, 368 DEGs were extracted from GSE18842 as 

unique genes in NSCLC samples compared with control sam-
ples. The volcano plot of DEGs (Figure 1) consisted of 168 
uDEGs and 200 dDEGs in NSCLC tissues compared with nor-
mal lung tissues.

Functional and pathway terms enrichment analysis

DAVID was utilized for gene ontology and Kyoto encyclopedia of 
genes and genomes analysis to investigate the functional and 
biological pathways of 168 uDEGs and 200 dDEGs. GO analy-
sis showed that in the Biological process category, the uDEGs 
were considerably associated with keratinocyte differentia-
tion, while the dDEGs were mainly involved in cell adhesion. 
Furthermore, CC analysis indicated that most of the uDEGs 
were located in the cytoplasm, and the dDEGs were mainly dis-
tributed in the plasma membrane. Additionally, according to 
the results of MF analysis, the uDEGs were significantly asso-
ciated with structural molecule activity, while the dDEGs were 
associated with heparin binding (Table 1). Also, KEGG path-
way analysis illustrated that the majority the uDEGs were in-
volved in the Cell cycle, while the dDEGs were mainly involved 
in Malaria (Table 2).

Protein–protein interaction (PPI) network construction and 
module analysis

The identified DEGs PPI network (Figure 2) consists of 249 
nodes and 1472 edges, including 168 uDEGs and 200 dDEGs. 
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Figure 1.  The volcano plot showing upregulated differentially 
expressed genes (uDEGs) and downregulated 
differentially expressed genes (dDEGs). The horizontal 
axis shows log10 (p value), the vertical axis indicates 
log2 (FC), red dots represent uDEGs, and green dots 
represent dDEGs.
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Category Term Involved in Count % PValue

uDEGs

GOTERM_BP_DIRECT GO: 0030216 Keratinocyte differentiation 6 0.034227039 1.02E-04

GOTERM_BP_DIRECT GO: 0043066
Negative regulation of apoptotic 
process

6 0.034227039 0.029216325

GOTERM_BP_DIRECT GO: 0000281 Mitotic cytokinesis 5 0.028522533 3.52E-05

GOTERM_BP_DIRECT GO: 0018149 Peptide cross-linking 5 0.028522533 2.75E-04

GOTERM_BP_DIRECT GO: 0007267 Cell-cell signaling 5 0.028522533 0.001218331

GOTERM_CC_DIRECT GO: 0005737 Cytoplasm 38 0.216771249 1.22E-05

GOTERM_CC_DIRECT GO: 0005634 Nucleus 30 0.171135197 0.00966858

GOTERM_CC_DIRECT GO: 0016020 Membrane 15 0.085567598 0.002997772

GOTERM_CC_DIRECT GO: 0030496 Midbody 9 0.051340559 2.37E-07

GOTERM_CC_DIRECT GO: 0001533 Cornified envelope 5 0.028522533 9.17E-05

GOTERM_MF_DIRECT GO: 0005198 Structural molecule activity 11 0.062749572 4.91E-07

GOTERM_MF_DIRECT GO: 0005509 Calcium ion binding 13 0.074158585 0.001208322

GOTERM_MF_DIRECT GO: 0005524 ATP binding 18 0.102681118 0.005172406

GOTERM_MF_DIRECT GO: 0003777 Microtubule motor activity 4 0.022818026 0.006725855

GOTERM_MF_DIRECT GO: 0008201 Heparin binding 4 0.022818026 0.030940109

dDEGs

GOTERM_BP_DIRECT GO: 0007155 Cell adhesion 10 7.633587786 0.00455356

GOTERM_BP_DIRECT GO: 0006898 Receptor-mediated endocytosis 9 6.870229008 4.47E-05

GOTERM_BP_DIRECT GO: 0006954 Inflammatory response 8 6.106870229 0.016151235

GOTERM_BP_DIRECT GO: 0001525 Angiogenesis 6 4.580152672 0.019308307

GOTERM_BP_DIRECT GO: 0007166
Cell surface receptor signaling 
pathway

6 4.580152672 0.041524321

GOTERM_CC_DIRECT GO: 0005886 Plasma membrane 45 34.35114504 0.001297306

GOTERM_CC_DIRECT GO: 0070062 Extracellular exosome 35 26.71755725 6.84E-04

GOTERM_CC_DIRECT GO: 0005576 Extracellular region 31 23.66412214 4.61E-07

GOTERM_CC_DIRECT GO: 0005615 Extracellular space 30 22.90076336 3.52E-08

GOTERM_CC_DIRECT GO: 0005887
Integral component of plasma 
membrane

23 17.55725191 2.95E-04

GOTERM_MF_DIRECT GO: 0008201 Heparin binding 6 4.580152672 0.003804314

GOTERM_MF_DIRECT GO: 0030246 Carbohydrate binding 5 3.816793893 0.038241324

GOTERM_MF_DIRECT GO: 0004888
Transmembrane signaling receptor 
activity

5 3.816793893 0.04997596

GOTERM_MF_DIRECT GO: 0044325 Ion channel binding 4 3.053435115 0.036771904

GOTERM_MF_DIRECT GO: 0005044 Scavenger receptor activity 3 2.290076336 0.038434779

Table 1. GO function annotation of uDEGs and dDEGs associated with NSCLC (TOP 5).

Top 5 terms were selected depending on count and P-value. BP – biological process; CC – cellular component; GO – gene ontology; 
MF – molecular function.

9283
Indexed in: [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]  
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]  
[Chemical Abstracts/CAS]

Liu X. et al.: 
Identification and integrated analysis of key biomarkers…
© Med Sci Monit, 2019; 25: 9280-9289

SPECIAL REPORTS

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)



The top 10 highest-scoring nodes, including CDK1, UBE2C, 
AURKA, CCNA2, CDC20, CCNB1, TOP2A, ASPM, MAD2L1, 
KIF11 (Table 3), were selected from 12 algorithms in descending 
order according to the value of degree using the Cytohubba 
plug-in. Meanwhile, a significant module with 44 nodes and 
913 edges, cluster score=42.465, was generated from the pro-
tein–protein interaction network calculated by the MCODE plug-
in (Figure 3A). KEGG enrichment analysis demonstrated that 
the DEGs in the identified module were substantially associ-
ated with Cell cycle and Mitotic (Figure 3B). Other than the 10 
genes mentioned above, the other nodes in the module were 
NUF2, CEP55, KIF4A, UHRF1, TPX2, KIF20A, UBE2T, PBK, TK1, 
FAM83D, ECT2, FOXM1, TRIP13, DLGAP5, KIAA0101, NUSAP1, 
ZWINT, CCNB2, PRC1, CDKN3, CENPF, BUB1, KIF2C, BUB1B, TTK, 
MELK, NEK2, CDCA7, GINS1, MCM2, ANLN, NDC80, BIRC5, and 
RRM2 (Figure 3A). All genes in the module were upregulated.

Survival analysis of Hub genes

Eventually, the overall survival of 9 verified hub genes (Figure 4) 
was obtained by using the Kaplan-Meier plotter tool. The over-
all survival results demonstrated that overexpressed UBE2C 
[HR=1.77 (1.55–2.01), log-rank P=1e-16] was related to un-
satisfactory overall survival for NSCLC patients, as were 
AURKA [HR=1.52 (1.33–1.72), log-rank P=1.2e-10]; CCNA2 
[HR=1.57 (1.39–1.79), log-rank P=2.2×10e-12]; CDC20 [HR=1.82 
(1.6–2.07), log-rank P=1e-16]; CCNB1 [HR=1. 63(1.38–1.92), 
log-rank P=7.3e-09]; TOP2A [HR=1.65 (1.45–1.87), log-rank 
P=1.9e-14]; ASPM [HR=1.76 (1.55–2.01), log-rank P=1e-16]; 
MAD2L1 [HR=1.55 (1.37–1.77), log-rank P=1.3e-11], and KIF11 
[HR=1.52 (1.34–1.73), log-rank P=9e-11].

Hub genes verified using GEPIA

To determine the reliability of DEGs identified from GSE18842, 
GEPIA was employed to evaluate the expression level of hub 
genes in the TCGA database in LUAD, LUCS, and normal lung 
tissues. Consistent with bioinformatics analysis results of GEO 
profiling, the expression level of each of the 9 genes identi-
fied in NSCLC tissues was significantly higher than that in nor-
mal tissues (Figure 5).

Discussion

Due to the high malignant degree of NSCLC and the low annual 
survival rate of patients, the exploration of effectual treatment 
has become the focus of attention in recent years. Although 
many unrealized pathogenic factors of NSCLC have been in-
vestigated, there are still many uncertainties regarding patho-
genesis. A comprehensive understanding of acknowledged 
biomarkers and intrinsic molecular mechanism of NSCLC is ele-
mental to diagnosis and therapy. In the present study, bioin-
formatics methods, especially gene expression analysis, were 
applied to reveal the possible dysregulated genes and path-
ways of NSCLC. A total of 368 DEGs were screened, including 
205 uDEGs and 200 dDEGs. GO and KEGG pathway analyses 
of uDEGs and dDEGs were separately enriched. GO analysis 
revealed that the uDEGs were commonly involved in keratino-
cyte differentiation, and the dDEGs were mainly involved in cell 
adhesion. The uDEGs were substantially involved in Cell cycle, 
Oocyte meiosis, Progesterone-mediated oocyte maturation, and 
p53 signaling pathway, ECM-receptor interaction, and dDEGs 
were chiefly associated with Malaria, PPAR signaling pathway, 

Category Term Involved in Count % P value

uDEGs

KEGG_PATHWAY hsa04110 Cell cycle 10 0.057045 5.05E-08

KEGG_PATHWAY hsa04114 Oocyte meiosis 8 0.045636 4.70E-06

KEGG_PATHWAY hsa04914 Progesterone-mediated oocyte maturation 6 0.034227 1.90E-04

KEGG_PATHWAY hsa04115 p53 signaling pathway 5 0.028523 7.62E-04

KEGG_PATHWAY hsa04512 ECM-receptor interaction 4 0.022818 0.016755

dDEGs

KEGG_PATHWAY hsa05144 Malaria 5 3.816794 8.27E-04

KEGG_PATHWAY hsa03320 PPAR signaling pathway 5 3.816794 0.002661

KEGG_PATHWAY hsa04610 Complement and coagulation cascades 4 3.053435 0.022

KEGG_PATHWAY hsa05410 Hypertrophic cardiomyopathy (HCM) 4 3.053435 0.030239

KEGG_PATHWAY hsa05143 African trypanosomiasis 3 2.290076 0.033223

Table 2. KEGG pathway analysis of differentially expressed genes associated with NSCLC..

Top 5 terms were selected depending on count and P-value. KEGG – Kyoto Encyclopedia of Genes and Genomes.
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Complement and coagulation cascades, Hypertrophic cardio-
myopathy (HCM), and African trypanosomiasis. DEGs func-
tional enrichment analysis provides major signaling pathways 
in the occurrence and development of NSCLC. Although it is 
unclear which is the pivotal culprit in the course of aggrava-
tion of the disease, these signaling pathways are closely as-
sociated with NSCLC [15–18]. After the PPI network was con-
structed, a critical network module was identified. The top 10 
hub genes and 1 significant module extracted from the PPI 

network are all upregulated. In addition, survival analysis of 
hub genes demonstrated that 9 of these genes were markedly 
associated with the overall survival of patients with NSCLC. 
The module was sorted by KEGG analysis to be involved in 
Cell cycle and Mitotic.

UBE2C (Ubiquitin Conjugating Enzyme E2C) is an activated 
proto-oncogene in lung cancer, and its abnormal activation 
is associated with poor prognosis. UBE2C selectively inhibits 
autophagy in NSCLC, and the interruption of UBE2C-mediated 
autophagy inhibition can weaken the cell proliferation and in-
vasive growth of NSCLC [19]. Guo J et al. reported that UBE2C 
was highly expressed in cisplatin-resistant NSCLC cells, which 
is involved in the induction of proliferation and invasion of 
cisplatin-resistant NSCLC cells [20]. UBE2C promotes the pro-
gression and metastasis of NSCLC by affecting the cell cycle 
and inhibiting apoptosis [21].

Previous studies of AURKA (Aurora Kinase A) have identified 
the relationship between the expression of AURKA and the 
progression of lung cancer. Katsha et al. reported that AURKA 
contributes to the activity of STAT3 by regulating the expres-
sion and phosphorylation of JAK2, and showed the importance 
of AURKA as a target in the treatment of gastric and esoph-
ageal cancer [22]. AURKA limits the ubiquitin degradation of 
survivin to promote drug resistance in gastric cancer, so the 

Figure 2.  PPI network construction for identified DEGs. Using the Search Tool for the Retrieval of Interacting Genes (STRING) online 
database, 368 differentially expressed genes (DEGs) were filtered into a PPI network complex. Yellow highlighted nodes 
represent the DEGs of degree>30 and the black line represents interaction among nodes.

Rank Name Score

1 CDK1 49

2 UBE2C 48

3 AURKA 47

3 CCNA2 47

5 CDC20 46

5 CCNB1 46

5 TOP2A 46

5 ASPM 46

9 MAD2L1 45

9 KIF11 45

Table 3. Top 10 in network ranked by degree method.
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AURKA-Survivin axis can be used as a target to promote the 
curative effect [23]. Furthermore, Goos et al. revealed that the 
expression of AURKA in liver metastasis of colorectal cancer 
was positively correlated with its overexpression in the corre-
sponding primary tumor. The expression of AURKA protein is 
not linked to the clinic pathological factors of colorectal can-
cer with liver metastasis, and it is a molecular biomarker with 
prognostic value [24].

Overexpression of CCNA2 (cyclin A) is associated with low re-
currence-free survival in stage I NSCLC CCNA2 (cyclin A) [25]. 
There was a significant positive correlation between the ex-
pression of LINC00968, miR-9-3p, and CCNA2 in lung adeno-
carcinoma. The LINC00968/miR-9-3p/CCNA2 regulatory axis 
was a newly discovered regulatory mechanism in lung adeno-
carcinoma [26]. A previous study has shown that the expres-
sion of Cyclins A and B1 in thyroid papillary carcinoma may 
have specific immunostaining [27].

Cell Division Cycle 20 (CDC20) overexpression can be used as 
an independent predictor of biochemical recurrence in patients 
with clinically localized prostate cancer after laparoscopic radi-
cal prostatectomy without neoadjuvant therapy [28]. Studies 
have shown that CDC20 is an independent marker for predict-
ing the clinical prognosis of patients with gastric and colon can-
cer, and its upregulation is associated with invasive progres-
sion and poor prognosis of gastric and colon cancer [29,30].

CCNB1 (cyclin B1) belongs to the highly conservative cyclin fam-
ily and is significantly overexpressed in various types of cancer. 
Ding et al. reported that CCNB1 is a biomarker to prevent or 

even reverse hormone therapy resistance in ER+ breast cancer 
prognosis. The expression of CCNB1 may help to monitor hor-
mone therapy and guide personalized treatment [31]. In addi-
tion, Cyniak-Magierska et al. revealed that the expression of 
cyclin B1 in papillary thyroid carcinoma may have a specific im-
munostaining pattern. If the results are confirmed in a larger 
patient population, the diagnostic panel constructed with an-
tibodies to these proteins can improve diagnostic accuracy in 
papillary thyroid carcinoma cases [27]. Sabbaghi et al. report-
ed that single-agent trastuzumab emtansine therapy induced 
by cyclin B1 was used as a pharmacodynamics predictive in-
dex for HER2-positive breast cancer [32].

TOP2A (DNA Topoisomerase II Alpha) amplification was associ-
ated with the characteristics of biologically invasive epithelial 
carcinoma of the urinary tract. Overexpression and/or amplifi-
cation of TOP2A can help identify whether patients will bene-
fit from targeted therapy [33]. de Resende et al. demonstrated 
that the evaluation of TOP2A protein is of prognostic impor-
tance, and because of its relationship with inferior prognosis, 
the evaluation of TOP2A immunohistochemistry in biopsies can 
be an meaningful tool for selecting the most appropriate sur-
gical and clinical approaches for prostate cancer patients [34]. 
In addition, some studies have shown that TOP2A amplifica-
tion is associated with the neoadjuvant chemotherapeutic sen-
sitivity of anthracyclines, and TOP2A should be included as 
a predictive indicator in future studies of breast cancer [35].

ASPM (Abnormal Spindle Microtubule Assembly) is necessary for 
effective non-homologous terminal connections in mammalian 
cells. It can be used as a new target for combined radiotherapy 
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or a functional biomarker for tumor prognosis [36]. Lin et al. 
showed that ASPM overexpression is a molecular marker for 
predicting the enhancement of invasion and metastasis risk 
of hepatic cell carcinoma; regardless of p53 mutation status 
and tumor stage, the risk of early tumor recurrence was higher 
and the prognosis was inferior [37]. Xie et al. indicated that 
the proportion of highly expressed ASPM cells in tumors was 
negatively correlated with the recurrence-free survival of pros-
tate cancer patients [38].

MAD2L1 (Mitotic Arrest Deficient 2 Like 1) maintains spindle 
checkpoint function, and the genetic variation caused by the 

decrease of spindle checkpoint function due to the weaken-
ing of MAD2L1 function increases the susceptibility to lung 
cancer [39]. Wang et al. reported that reduction of MAD2L1 
expression by siRNAs can reduce the growth of breast can-
cer cell lines MDA-MB-231 and MDA-MB-468, and inhibit cell 
migration and invasion [40]. Li et al. found that, as a promis-
ing therapeutic target and prognostic indicator of hepatocel-
lular carcinoma, miR-200C-5p could inhibit the proliferation, 
migration, and invasion of hepatocellular carcinoma cells and 
induce apoptosis and cell cycle arrest by inhibiting MAD2L1 
targets [41].
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KIF11 (Kinesin Family Member 11) is a latent oncogene; its high 
expression may be a criterion for tumor invasiveness, and it 
can be used as a potential prognostic biomarker and thera-
peutic target in patients with prostate and oral cancer [42,43]. 
As a prevalent molecular regulator of heterogeneous cell growth 
and movement in tumors, KIF11 is an attractive therapeutic 
target for glioblastomas [44].

The diagnostic value and robustness of hub genes for predict-
ing NSCLC was evaluated using the GEPIA web server based on 
the TCGA database. The function of these hub genes in NSCLC 
needed to be verified in vitro and in vivo by biological experi-
ments in future research.
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Figure 5.  Heat map showing the expression 
level of 9 key genes (UBE2C, AURKA, 
CCNA2, CDC20, CCNB1, TOP2A, ASPM, 
MAD2L1, and KIF11) in LUAD, LUCS, 
and normal lung tissue based on 
TCGA database analyzed by GEPIA 
web server. The T represents LUAD 
or LUCS tumor tissues and the 
N represents normal lung tissue. 
LUAD – lung adenocarcinoma; 
LUCS – lung squamous cell carcinoma; 
TCGA – The Cancer Genome Atlas; 
GEIPA – gene expression profiling 
interactive analysis.

Conclusions

We attempted to identify DEGs through bioinformatics and to 
discover the regulatory mechanism of genes that can be actu-
ated in clinical molecularly pathological diagnosis decision or 
antineoplastic protocols of NSCLC. However, in-depth research 
is needed to determine the exact mechanisms by which these 
genes are involved in NSCLC. We screened 372 DEGs. GO en-
richment analysis indicated that in the Biological process (BP) 
category, the uDEGs were commonly enriched in keratinocyte 
differentiation, while the dDEGs were mainly involved in cell 
adhesion. These hub genes, with differential expression veri-
fied by GEPIA, significantly affect the survival rate of patients 
with lung cancer, and related research may improve our un-
derstanding of the etiology and pathogenesis, as well as im-
proving diagnosis, treatment, and even prognostic assessment 
of NSCLC in years to come. We intend to verify the predicted 
results from bioinformatics analysis in further in vivo or in vi-
tro experimental studies of these genes.
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