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Introduction

Despite the recent progress in the targeted therapies 
of advanced lung cancer, lung cancer remains the most 
common cancer with the highest mortality worldwide 
(1,2). Among all types of lung cancer, non-small cell lung 
cancer (NSCLC) accounts for approximately 80–85% and 
is mainly adenocarcinoma and squamous cell carcinoma (3). 

The treatment of NSCLC has significantly improved over 
the past decades with the development and progress of new 
technologies, especially the next-generation sequencing. 
A large number of genes involved in the receptor tyrosine 
kinase (RTK) pathway have been identified, and the 
alterations in a number of genes, including EGFR, ALK, 
ROS1, BRAF, KRAS, have been demonstrated to be closely 
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related to the carcinogenesis and poor prognosis of lung 
cancer (4-8).

One of the reasons for the poor prognosis of advanced 
NSCLC is the low diagnosis rate. In one study, results 
show that early screening of NSCLC by low-dose spiral 
computed tomography (CT) in high-risk individuals causes 
a 20% reduction in the mortality (9). The 5-year survival 
is closely related to the tumor stage at the initial diagnosis. 
Tremendous efforts have been put in the investigation 
and development of biomarkers for the early diagnosis of 
NSCLC. Several biomarkers have emerged as predictive and 
prognostic markers for NSCLC, especially in the targeted 
therapies. For instance, ALK fusion oncogenes and ROS1 
rearrangements are identified as predictive markers and 
can benefit NSCLC patients from crizotinib therapy; while 
patients with KRAS mutations appear to have a shorter 
survival than those with wild-type KRAS, which serves as 
a negative prognostic marker (10-12). Currently, serum 
biomarkers (such as CEA, SCC and TPA) have been widely 
used to assist the diagnosis of NSCLC (13-15). The clinical 
application of these serum biomarkers, however, is limited 
due to their low sensitivity and specificity. For example, CEA 
is non-specific for NSCLC and also detectable in other types 
of cancer or even in case of non-cancer related diseases (16). 
Thus, further studies are required for the development and 
identification of more specific and sensitive biomarkers for 

the early diagnosis of NSCLC.
The bioinformatics analysis has emerged as a promising 

strategy to comprehensively analyze large quantities of data, 
including the complicated gene information. In our study, 
the well-established bioinformatic tools were employed 
to screen potential biomarkers for the early diagnosis of 
NSCLC. The Gene Expression Omnibus (GEO) database, 
an open-access database, was used in which appropriate 
mRNA profiles were selected. The online analysis tools 
assisted in analyzing differentially expressed genes (DEGs) 
between tumor group and normal group. In our study, three 
mRNA microarray datasets, namely GSE19188, GSE33532, 
and GSE44077, were downloaded from GEO. DEGs 
were obtained using GEO2R. Functional and pathway 
enrichment analysis was performed for DEGs using 
the DAVID database. Protein-protein interaction (PPI) 
network was established by using STRING and visualized 
with Cytoscape. Module analysis of the PPI network was 
done by using MCODE. Subsequently, overall survival (OS) 
analysis of genes from MCODE was performed with the 
online Kaplan Meier-plotter. Eventually, several NSCLC-
related modules were screened out for further development 
of early NSCLC diagnosis system.

Methods

Subjects and gene information

The GEO is a national center for genetic information 
database, including microarray and next-generation 
sequencing data, and is freely open to researchers (17). 
In this study, three gene expression profiles (GSE19188, 
GSE33532 and GSE44077) were searched and selected 
from the GEO database. In brief, there were 91 early 
NSCLC samples and 65 non-cancerous samples from  
156 patients in the GSE19188. GSE33532 was composed 
of 80 early NSCLC samples and 20 non-cancerous samples 
from 20 patients. GSE44077 consisted of 55 early NSCLC 
samples and 66 non-cancerous samples from 20 patients. 
The characteristics of these patients are shown in Table 1. 
The ethics approval from the ethics committee was waived.

Data analysis

Large quantities of high-throughput functional genomic 
researches have been collected in the GEO database. Various 
methods can be applied to process and normalize all these 
data. GEO2R is one of the powerful tools to screen the 

Table 1 Summary of patient characteristics of three GEO datasets

GEO accession GSE19188 GSE33532 GSE44077

No. of patients

Health 65 0

Tumor 91 20

Mean age (years) 62.9 63 NA

Gender

Male 109 16 11

Female 47 4 9

Histological type

ADC 32 11 14

SCC 27 4 5

LCC 13 0 0

Other 19 5 1

Stage

I 57 14 14

II 29 6 4

III 5 0 2

GEO, Gene Expression Omnibus.
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Figure 1 Identification of differentially expressed genes in mRNA expression profiling datasets (GSE19188, GSE33532, and GSE44077). (A) 
Venn diagram of DEGs (P<0.05 and |logFC| >1.5); (B) heatmap of top DEGs (P<0.05 and |logFC| >2.5). DEG, differentially expressed gene.
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differentially expressed mRNAs between NSCLC samples 
and non-cancerous samples. Almost any GEO profile can 
be analyzed with GEO2R to compare two groups under the 
same experimental condition (18). The P value <0.05 and 
|logFC| >1.5 were used as the selection criteria.

Gene ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analysis

GO and KEGG pathway enrichment analysis were 
performed for the identified DEGs using the Database 
for Annotation, Visualization and Integrated Discovery 
(DAVID) database, aiming to provide a comprehensive 
set of functional annotation tools for the classification of 
different genes into several groups with distinct annotations, 
which thereby leads to a better understanding of the 
biological functions of genes (19). P value <0.05 was used to 
distinguish significant enriched genes.

PPI network visualization

PPI network of DEGs was simulated to evaluate the 
functional interactions among proteins. The Search Tool 
for the Retrieval of Interacting Genes (STRING) database 
and Cytoscape were utilized for the visualization of PPI 
network (20,21). In the following, the Molecular Complex 
Detection (MCODE) was conducted to select appropriate 

modules of PPI network. In detail, cutoff value was 2 for the 
degree and 0.2 for the node score, the k-score was 2, and 
the maximum depth was 100 (22).

Kaplan-Meier survival analysis of DEGs

The influence of selected DEGs on the survival can be 
analyzed with an online tool, namely Kaplan Meier-
plotter (KM plotter) that contains the information of a 
large number of patients with different cancers, including 
breast cancer, gastric cancer and ovarian cancer (23). The 
NSCLC patients were divided into two groups based on 
the individual expression of a particular gene (high versus 
low expression). The OS of NSCLC patients was obtained 
and plotted on this website. The hazard ratio (HR) with 
95% confidence interval (CI) and log rank P value were 
calculated and displayed on the plot.

Results

Screening of DEGs

A total of 1,104, 1,266 and 351 DEGs were identified 
from the GSE19188, GSE33532, and GSE44077 datasets, 
respectively. A total of 221 genes were found in all three 
datasets (Figure 1A). Interestingly, the trends of these gene 
expressions were similar in three datasets. Among them,  
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Figure 2 Histogram of gene ontology analysis including biological process, cellular component, and molecular function with up-regulated 
and down-regulated DEGs. DEG, differentially expressed gene.

60 genes showed up-regulated expression and 161 had 
down-regulated expression in the NSCLC as compared 
to non-cancerous samples. 22 genes were shown on the 
heatmap as the top regulated genes which were defined by 
|logFC| >2.5 and P<0.05 in all three datasets (Figure 1B).

GO and KEGG pathway enrichment analysis

GO analysis of individual DEGs and KEGG pathway 
enrichment analysis were performed on the DAVID 
platform to obtain more insightful details into the diverse 
functions of particular DEGs. The up-regulated genes 
were mainly related to the mitotic nuclear division, cell 

division, and cell proliferation; the down-regulated genes 
were mainly involved in signal transduction, angiogenesis, 
and cell adhesion (Figure 2). In addition, the up-regulated 
DEGs were related to four KEGG pathways, including cell 
cycle, p53 signaling pathway, ECM-receptor interaction, 
and progesterone-mediated oocyte maturation, while six 
KEGG pathways including PPAR signaling pathway and 
cell adhesion molecule were enriched in the down-regulated 
genes (Figure 3). Surprisingly, the enriched pathways were 
observed in both up-regulated and down-regulated genes, 
such as ECM-receptor interaction, which results in a direct 
or indirect control of cellular activities, including adhesion, 
proliferation and migration.
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PPI network construction and module selection

A total of 221 nodes and 739 edges were selected to plot 
the PPI network, which consisted of 60 up-regulated genes 
and 161 down-regulated genes (Figure 4A). Subsequently, 
a pivotal module of 27 genes (TOP2A, ANLN, DLGAP5, 
TPX2 and ASPM) was identified with the degree ≥10 as the 
cut-off value by using MCODE (Figure 4B). Moreover, it is 
worth noting that, in the PPI network, cyclin B2 (CCNB2) 
could interact with kinesin family member 11 (KIF11) and 
centromere protein F (CENPF). Functional and KEGG 
pathway enrichment analysis revealed that genes in this 
module were mainly associated with protein binding, ATP 
binding, cell cycle, and p53 signaling pathway (Table 2).

Survival analysis

Twenty-seven genes in PPI network were evaluated for 
their prognostic value on the Kaplan-Meier plotter. 
Nevertheless, the expression of most genes failed to display 
a dramatic difference based on the prognosis. Only six 
genes exhibited their potential in the prediction of survival 
based on their expression. The OS for NSCLC patients 
was determined based on the expression level of each gene 
(low vs. high). As shown in Figure 5, high mRNA expression 
of UBE2T (HR 2.23, 95% CI: 1.87–2.65, P<1E−16) was 
associated with a poorer OS for NSCLC patients, and this 
association was also noted in UNF2 (HR 2.02, 95% CI: 
1.7–2.4, P=2.2e−16), CDKN3 (HR 2.44, 95% CI: 2.04–2.91, 
P<1E−16), ANLN (HR 2.02, 95% CI: 1.7–2.4, P=2.2e−16), 
CCNB2 (HR 1.99, 95% CI: 1.75–2.27, P<1E−16), CKAP2L 
(HR 2.22, 95% CI: 1.87–2.64, P<1E−16). It should be 
noted that the data on KM plotter summarized the survival 
of all lung cancer patients, not just for NSCLC. Besides, the 
histological features and combined diseases were not clearly 
clarified. However, these results still shed light on the 
importance of these genes to a certain extent, since NSCLC 
accounts for over 80% lung cancer (3).

Discussion

Regardless of the progression in the treatment of NSCLC, 
NSCLC remains to be the most common cause of cancer-
related death in the past few years. The high mortality of 
NSCLC is partially due to the lack of sufficient screening 
methods for early stage NSCLC with high sensitivity 
and specificity. Therefore, it is imperative to identify the 
potential biomarkers for the early screening of NSCLC. 

Fortunately, microarray technology and next-generation 
sequencing have emerged as pivotal tools to provide 
comprehensive genetic information of NSCLC samples 
and to reveal the detailed alterations in the progression 
of diseases. In this study, the well-established online 
bioinformatic approaches were employed to investigate the 
biomarkers for the early NSCLC diagnosis. Three GEO 
datasets were downloaded from the website and a total of 
221 DEGs were identified, including 60 up-regulated genes 
and 161 down-regulated genes. These up-regulated genes 
were mainly involved in 4 pathways, among which cell cycle, 
P53 signaling pathway and ECM-receptor interaction had 
close relationships with cancer, while the down-regulated 
genes were mainly enriched in another 6 pathways, among 
which PPAR signaling pathway, cell adhesion molecules, 
complement and coagulation cascades, transcriptional 
misregulation in cancer, and ECM-receptor interaction. In 
addition, among these DEGs, 27 genes showed the highest 
degrees in the PPI network. Further survival analysis 
revealed that 6 DEGs of these 27 modules were closely 
related to a shorter survival time of NSCLC patients, 
including UBE2T, UNF2, CDKN3, ANLN, CCNB2, and 
CKAP2L.

Studies have shown that ubiquitin-conjugating enzyme 
E2T (UBE2T) overexpression was observed in various 
types of cancer, including gastric cancer, prostate cancer, 
hepatocellular cancer, bladder cancer, breast cancer as well 
as lung cancer (24-29). In a study, UBE2T was suggested to 
activate the PI3K/Akt signaling pathway, playing a crucial 
role in the tumor progression, invasion and metastasis. 
The down-regulation of UBE2T led to the inactivation of 
PI3K/Akt signaling pathway, which implied UBE2T might 
be a potential therapeutic target for cancers (30). Another 
study demonstrates that UBE2T suppresses the progression 
of hepatocellular carcinoma via ubiquitinating p53. Apart 
from the investigation of molecular mechanism of UBE2T, 
high UBE2T expression has also been found to be related 
to higher pathological grade, advanced TNM stage, tumor 
vascular invasion, poor OS and poor disease-free survival in 
two independent cohorts containing 827 patients with HCC 
(24). Collectively, UBE2T can not only serve as a potential 
therapeutic target, but also may be used as a promising 
prognostic marker. In the breast cancer and lung cancer, the 
UBE2T expression is elevated in around 7% of patients and 
related to the disease recurrence after surgical resection (26).

Cyclin-dependent kinase inhibitor 3 (CDKN3) has 
been shown to dephosphorylate CDK2 kinase, thereby 
preventing the activation of CDK2 kinase. The deletion, 
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Figure 4 Protein-protein interaction network and a significant module. (A) Protein-protein interaction network of DEGs. (B) A significant module 
selected from protein-protein interaction network. Red nodes are up-regulated genes, green nodes are down-regulated genes, while blue nodes are 
genes from STRING database. The lines represent the interaction relationship between nodes. DEG, differentially expressed gene.
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mutation, or over-expression of CDKN3 is relevant to the 
oncogenesis and metastasis (31,32). It has been reported 
that silencing of CDKN3 gene inhibits the proliferation of 
epithelial ovarian cancer cells by arresting cell cycle in G1 
phase to lower expression of DNA replication and cell cycle 
related proteins, decreases cell invasion and promotes cells 
apoptosis. These findings suggest that CDKN3 may serve as 
a useful potential target for the treatment of ovarian cancer 
(33,34). Similar results are also reported in the prostate 
cancer, gastric cancer, hepatocellular cancer, colorectal 
cancer, and renal cancer (35-37). In addition, there is 
evidence showing that the CDKN3 mRNA expression 
also emerges as a biomarker for the survival and prognosis 
of cervical cancer patients. In a study, CDKN3 mRNA 
expression was measured in 134 cervical cancer patients 
and 25 controls by quantitative PCR. Results showed the 
CDKN3 mRNA expression was on average 6.4-fold higher 

in cervical cancer than in normal tissues, and patients with 
higher CDKN3 expression had a shorter OS as compared 
to those with lower CDKN3 expression (38). A meta-
analysis reveals CDKN3 is a prognostic biomarker of lung 
adenocarcinoma. Higher CDKN3 expression is associated 
with poorer survival of patients with adenocarcinoma, but 
not squamous cell carcinoma. In addition, CDKN3 may also 
be a promising candidate as early diagnostic marker (39).

ANLN, a homologue of anillin (an actin-binding protein 
in Drosophila), seems to play a significant role in the 
carcinogenesis. It has been reported that the expression of 
ANLN as a transcript was significantly up-regulated in the 
BLCA as compared to normal tissues (40). Bladder cancer 
patients with elevated ANLN expression have poorer cancer-
specific, progression-free and recurrence-free survivals 
as compared to those with low ANLN expression (41). In 
addition, ANLN expression is also associated with the survival 
of breast cancer patients as well as the clinical outcome 
of patients receiving anthracycline-based chemotherapy. 
Breast cancer patients with high ANLN expression will 
experience a poor clinical outcome to anthracycline-based 
chemotherapy and have shorter survival time (42). In another 
study, transfection of siRNAs against ANLN in NSCLC 
cells suppresses ANLN expression, thereby inhibiting cell 
proliferation. Interestingly, the inhibition of PI3K/AKT 
pathway in NSCLC cells reduces the ANLN expression in 
the nuclei. Immunohistochemistry shows that high ANLN 
expression is associated with a poor survival of NSCLC 
patients, indicating that ANLN may serve as a prognostic 
marker (43). ANLN is over-expressed in the colorectal cancer 
and ANLN expression is positively associated with tumor 
invasion and enlarged tumor size. Furthermore, Kaplan-
Meier survival analysis reveals patients with higher expression 
of ANLN have a shorter OS (44).

CCNB2 acts as an important mediator during the G2/
M transition of cell cycle and is a regulatory subunit in the 
mitosis-promoting factor (MPF). The cyclin B conjugates 
with cyclin-dependent kinase (CDK) to form MPF (45). 
It has been shown that CCNB2 expression is higher in the 
bladder urothelial carcinoma than in the normal bladder 
mucosa, especially in the invasive bladder cancer. The 
down-regulation of CCNB2 expression in the bladder cancer 
greatly inhibits the cell invasion and metastatic abilities. In 
vivo study also reveals that blocking CCNB2 expression is 
able to prolong survival time (46). In addition to the tissue 
CCNB2 expression, Mo et al. detected circulating CCNB2 
mRNA expression in 103 cancer patients, 19 healthy 
controls, and 40 benign disease patients by real-time 

Table 2 Function and pathway enrichment analysis of genes in 
module

Term Term description Count P value

GO:0005515 Protein binding 21 0.001470438

GO:0005524 ATP binding 14 1.93E−08

GO:0004674 Protein serine/threonine 
kinase activity

6 1.60E−04

GO:0003682 Chromatin binding 5 0.002085892

GO:0004672 Protein kinase activity 5 0.001526096

GO:0019901 Protein kinase binding 5 0.001808275

GO:0008017 Microtubule binding 4 0.003083292

GO:0016301 Kinase activity 3 0.045588858

GO:0003777 Microtubule motor activity 3 0.00572113

GO:0008022 Protein C-terminus 
binding

3 0.027310961

GO:0008574 ATP-dependent 
microtubule motor activity, 
plus-end-directed

2 0.023907438

GO:0004693 Cyclin-dependent protein 
serine/threonine kinase 
activity

2 0.047266579

hsa04110 Cell cycle 6 1.02E−08

hsa04115 p53 signaling pathway 3 0.001354866

hsa04914 Progesterone-mediated 
oocyte maturation

3 0.002274714
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Number at risk
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Number at risk
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high 572 236 85 35 4
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Figure 5 Prognostic estimation of genes including UBE2T, UNF2, CDKN3, ANLN, CCNB2, and CKAP2L in NSCLC patients. 
NSCLC, non-small cell lung cancer.

quantitative PCR. Their results showed circulating CCNB2 
mRNA expression in cancer patients was significantly 
higher than that in healthy controls and benign disease 
subjects and related to the cancer stage and metastasis 
status. The receiver operating characteristic (ROC) analysis 
showed the area under the curve (AUC) was 0.87 and 
0.83 in diagnosis of lung metastasis and gastric metastasis, 
respectively. These findings suggest that circulating CCNB2 
mRNA expression has potential clinical application in 
screening and monitoring the progression and metastasis 
of cancers (47). Qian et al. detected the CCNB2 mRNA and 
protein expressions by RT-PCR and immunohistochemistry 
in NSCLC and normal lung tissues. Both mRNA and 
protein expressions of CCNB2 increased in the NSCLC 
tissues, which was positively related to the clinical stage 
and metastasis status. In addition, CCNB2 protein over-
expression was an independent unfavorable prognostic 
factor for the OS of NSCLC patients. In summary, CCNB2 

overexpression is associated with cancer progression and 
poor prognosis in NSCLC patients (48). In our study, 
CCNB2 was also found as a diagnostic marker and may be 
used as in the early screening of NSCLC.

Currently, little is known about the role of UNF2 
and CKAP2L in the cancers. Our study showed UNF2 
and CKAP2L could serve as specific targets for the early 
NSCLC screening. However, there is still discrepancy 
between the predicted data and the clinical outcomes. 
Further investigations are needed to confirm the clinical 
application of both UNF2 and CKAP2L in cancers. 
Moreover, the simulated survival data from KM plotter is 
only for reference because it includes both NSCLC and 
SCLC data. More attention should be paid to the NSCLC 
alone in future studies. Sub-category analysis is required 
for clarifying the features of biomarkers in each group. In 
our future studies, a cohort of NSCLC patients will be 
recruited to investigate the sensitivity and specificity of 
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these biomarkers in the early screening of NSCLC patients, 
which may promotes the clinical application of markers.

Conclusions

In summary, a total of 221 DEGs are identified by 
comparing three GEO profiles, and UBE2T, UNF2, 
CDKN3, ANLN, CCNB2, and CKAP2L may be the key 
genes relevant to NSCLC. Comprehensive bioinformatics 
analysis is a powerful tool for the biomarker screening. The 
interaction among selected proteins provides important 
information on the progression of NSCLC, and mechanism 
underlying the occurrence, development, metastasis and 
drug resistance of cancers. However, the predictive values of 
these markers should be confirmed in more studies before 
their clinical application. The mechanism underlying the 
activities of these genes is also needed to be elucidated, 
which is helpful for the delineation of the predicted 
network of these genes. We optimize the parameters of 
integrated bioinformatics analysis to screen the potential 
biomarkers for the early NSCLC diagnosis and we hope 
our study provides new approaches for the early diagnosis 
and prediction of NSCLC.
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