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Abstract. Lung adenocarcinoma (LUAD) is the predomi‑
nant pathological subtype of lung cancer, which is the most 
prevalent and lethal malignancy worldwide. Cyclins have 
been reported to regulate the physiology of various types of 
tumors by controlling cell cycle progression. However, the key 
roles and regulatory networks associated with the majority 
of the cyclin family members in LUAD remain unclear. In 
total, 556 differentially expressed genes were screened from 
the GSE33532, GSE40791 and GSE19188 mRNA microarray 
datasets by R software. Subsequently, protein‑protein interac‑
tion network containing 499 nodes and 4,311 edges, in addition 
to a significant module containing 76 nodes and 2,631 edges, 
were extracted through the MCODE plug‑in of Cytoscape. 
A total of four cyclin family genes [cyclin (CCNA2, CCNB1, 
CCNB2 and CCNE2] were then found in this module. Further 
co‑expression analysis and associated gene prediction revealed 
forkhead box M1 (FOXM1), the common transcription factor 
of CCNB2, CCNB1 and CCNA2. In addition, using GEPIA 
database, it was found that the high expression of these four 
genes were simultaneously associated with poorer prognosis 
in patients with LUAD. Experimentally, it was proved that 
these four hub genes were highly expressed in LUAD cell 
lines (Beas‑2B and H1299) and LUAD tissues through qPCR, 
western blot analysis and immunohistochemical studies. The 

diagnostic value of these 4 hub genes in LUAD was analyzed 
by logistic regression, CCNA2 was deleted, following which 
a nomogram diagnostic model was constructed accordingly. 
The area under the curve values of CCNB1, CCNB2 and 
FOXM1 diagnostic models were calculated to be 0.92, 0.91 
and 0.96 in the training set (Combined dataset of GSE33532, 
GSE40791 and GSE19188) and two validation sets (GSE10072 
and GSE75037), respectively. To conclude, data from the 
present study suggested that the FOXM1/cyclin (CCNA2, 
CCNB1 and/or CCNB2) axis may serve a regulatory role in the 
development and prognosis of LUAD. Specifically, CCNB1, 
CCNB2 and FOXM1 have potential as diagnostic markers 
and/or therapeutic targets for LUAD treatment.

Introduction

Lung cancer is the most prevalent and lethal malignancy 
in the world, with lung adenocarcinoma (LUAD) being the 
predominant pathological subtype  (1). Despite significant 
advances in early diagnostic and therapeutic approaches, 
the 5‑year overall survival (OS) rate remains <20%  (2). 
Platinum‑based chemotherapy is currently the most important 
adjuvant therapy for patients with advanced lung cancer (3). 
However, adverse reactions and drug resistance limit the 
ultimate efficacy of chemotherapy  (4). Therefore, novel 
strategies are in demand to supplement conventional thera‑
peutic strategies (5). Over the past decade, knowledge on the 
molecular features of cancer has been steadily accumulating 
thanks to advances in genomic technology (6). Consequently, 
the preferred treatment strategy for advanced non‑small cell 
lung cancer is shifting from traditional histopathology‑based 
chemotherapy to individualized and precise treatment regi‑
mens based on oncogenic factors (7). Although the biomarkers 
and therapeutic targets previously identified have contributed 
to the diagnosis and treatment of LUAD, a demand remains 
for novel genetic data for optimizing treatment protocols 
due to its biological complexity and poor prognosis (8). To 
explore common biomarkers associated with cancer that can 
be used for treatment, diagnosis and assessment of prognosis, 
large quantities of cancer microarray and high‑throughput 
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sequence data has been reported and become available over 
recent years (8,9). In addition, to overcome the limitations 
caused by small sample sizes, differential platform data and 
standards, bioinformatics are becoming increasingly popular 
in the field of cancer biology, which have yielded valuable 
information (8).

Cyclins are a class of proteins that control cell cycle 
progression by activating CDK enzymes (10). The cyclin gene 
family is comprised of 31 members according to the HUGO 
Gene Nomenclature Committee (https://www.genenames.
org/data/genegroup/#!/group/473). Through bioinformatics 
technology, it was found that certain genes in certain cyclin 
families are significantly overexpressed in LUAD, but there 
is a lack of further experiments to verify their expression 
and specific molecular mechanisms (11). Although numerous 
studies have previously reported that cyclins serve important 
roles in the development of a variety of tumors (12,13), the 
specific genes in the cyclin family that are associated with the 
development of LUAD remain largely unexplored.

Based on the RNA microarray data of GSE33532, GSE40791 
and GSE19188, the present study used bioinformatics methods 
to search for differentially expressed genes (DEGs) between 
LUAD and adjacent normal lung tissue. A protein‑protein 
interaction (PPI) network was then established to screen for 
key genes enriched in the cyclin gene family. Online databases 
were implemented to validate the expression, PPI and clinical 
relevance of the hub genes. The purpose of the present study 
was to search for genes in the cyclin family that are associated 
with LUAD in addition to their potential upstream regulators. 
It is anticipated that this information could reveal potential 
targets for subsequent experimental validation.

Materials and methods

Microarray data source. In the present study, the microarray 
datasets were searched and downloaded from Gene Expression 
Omnibus (GEO) using the following criteria: i)  Choose 
Affymetrix array under GPL570 platform; ii)  the tissue 
source was from human LUAD samples and adjacent normal 
samples; and iii) study containing ≥20 LUAD and 20 normal 
samples. Finally, three datasets based on the GPL570 platform 
were selected, namely GSE19188, GSE33532 and GSE40791. 
Specifically, GSE19188 included 40 LUAD samples and 65 
adjacent normal lung tissue samples (14), whereas GSE33532 
included 40 LUAD samples and 20 adjacent normal lung tissue 
samples (15). GSE40791 included 94 LUAD samples and 100 
adjacent normal lung tissue samples (16).

Microarray data analysis. The gene expression matrix and 
associated annotation files of the three aforementioned data‑
sets were downloaded from the GEO database before the 
probe matrix in the expression profiling following the array 
was converted into a gene matrix through ‘affy’ package of 
R  software  (17). Under the R environment (version 4.0.3; 
https://www.r‑project.org/), using the ‘affy’ package (17), the 
raw gene expression matrix was background corrected and 
normalized and the ‘limma’ package (18) was used to screen 
out the DEGs between the LUAD and normal samples |log2 
fold change|>1 and P<0.05 were applied as the threshold for 
this screen.

Screening DEGs using robust rank aggregation (RRA) 
analysis. The RRA method is a tool that can be used for inte‑
grating data from multiple microarray studies with minimal 
inconsistencies to robustly identify DEGs (19,20). First, a list 
of the upregulated DEGs and downregulated DEGs by fold 
change in expression between the LUAD and normal samples 
was obtained from each dataset. Using the ‘RRA’ package (19), 
all lists of ranked genes from each dataset were integrated. 
Genes with an adjusted score <0.05 were significant DEGs.

Gene ontology (GO) and Kyoto encyclopedia of genes and 
genomes (KEGG) enrichment analysis. Enrichment analysis 
of GO and KEGG has been extensively utilized for deci‑
phering microarray data to further understanding into the 
biological functions of each gene (21). In the present study, 
the ‘ClusterProfiler’ package (22) was used to analyze the GO 
and KEGG enrichment of the DEGs under the R environment 
(version 4.0.3).

PPI network establishment and module identification. Using 
the Search Tool for the Retrieval of Interacting Genes/Proteins 
(STRING; https://cn.string‑db.org/, version 11.5) (23), a PPI 
network of DEGs was constructed to predict interactions 
among the proteins. A comprehensive score threshold ≥0.4 was 
considered to indicate a statistically significant interaction. In 
addition, the Cytoscape software (version 6.3; http://www.cyto‑
scape.org/) (24) was used to further analyze and visualize the 
PPI network. Within Cytoscape, the ‘NetworkAnalyzer’ plugin 
was used to analyze the PPI network, whereas the ‘MCODE’ 
plugin was used to screen the functional module  (25,26). 
The parameters set for screening the function module were 
as follows: MCODE score >5; degree cut‑off=2; node score 
cut‑off=0.2; Max depth=100; and k‑score=2.

Screening for hub genes through co‑expression and external 
databases. The enriched gene family was selected according 
to the gene module screened by Cytoscape. An expression 
correlation matrix was then made for the family genes in the 
three datasets, before genes with high positive correlation 
(R>0.6; P<0.05) were selected to be key genes according to 
Pearson's methods.

Subsequently, three datasets (GSE33532, GSE40791 
and GSE19188) and the Gene Set Cancer Analysis (GSCA; 
http://bioinfo.life.hust.edu.cn/GSCA/#/) database were 
utilized to verify the expression of the key genes. The Gene 
Expression Profiling Interactive Analysis (GEPIA; http://gepia.
cancer‑pku.cn/index.html) database was used to assess the 
correlation in the expression of key genes, which genes that 
sufficiently correlate with each other (R>0.7; P<0.001) were 
selected as hub genes (27). The BioCarta (https://maayanlab.
cloud/Harmonizome/) database was used to screen for the 
commonly predicted upstream transcription factors of the hub 
genes (28). Key genes in the cyclin family and their predicted 
upstream transcription factors were the ultimate hub genes of 
the present study.

Identifying and analyzing the hub genes. In the present study, 
the UALCAN database (http://ualcan.path.uab.edu/)  (29) 
was used to compare the expression of hub genes in LUAD 
samples and normal samples, in addition to assessing the 
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association between the expression of hub genes and tumor 
stage and prognosis of patients with LUAD. In addition, the 
GEPIA database was used for the OS analysis of hub genes to 
explore their prognostic values (27).

Cells and cell culture. The LUAD cell line Beas‑2B was cultured 
in high‑glucose DMEM medium (cat.  no.  23‑10‑013‑CV; 
Corning, Inc.), the LUAD cell line A549 was cultured in 
high‑glucose F12K medium (cat. no. 21127022; Thermo Fisher 
Scientific, Inc.), and the human bronchial epithelial cell line 
16‑HBE and LUAD cell line H1299 cell line were cultured 
in high‑glucose RPMI‑1640 medium (cat. no. 10‑040‑CV; 
Corning, Inc.). All mediums contained 10%  FBS 
(cat. no. 10091148; Gibco; Thermo Fisher Scientific, Inc.), 
100 U/ml penicillin and 100 µg/ml streptomycin and cells were 
incubated routinely in a cell incubator containing 5% CO2 at 
37˚C. The three cell lines were purchased from FuHeng Cell 
Center (https://www.fudancell.com/). Cells at logarithmic 
growth phrases were used for subsequent experiments.

Reverse transcription‑quantitative PCR (RT‑qPCR). 
According to the manufacturer's protocol, the TRIzol® reagent 
(cat. no.  15596026; Invitrogen; Thermo Fisher Scientific, 
Inc.) to isolate total RNA from the 16‑HBE, A549, Beas‑2B 
and H1299 cells. Reverse transcription was performed using 
super script first strand synthesis system cat. no. 18080051; 
Invitrogen; Thermo Fisher Scientific, Inc.) with oligo (DT) 
20 primer and 5.0 µg RNA to synthesize the first strand of 
cDNA. Using GAPDH as the endogenous control, the primers 
were synthesized by Beijing Tsingke Biotechnology Co., Ltd. 
Primer sequences are provided in Table SI. Master qPCR mix 
(2X TSINGKE® SYBR Green I; cat. no. 4367659; Invitrogen; 
Thermo Fisher Scientific, Inc.) was used to detect mRNAs 
level according to the manufacturer's protocol (initial denatur‑
ation: 95˚C for 3 min; followed by 40 cycles of denaturation at 
95˚C for 10 sec, annealing at 55˚C for 10 sec and extension at 
72˚C for 30 sec.). Application of the 2‑ΔΔCq method was used to 
calculate the relative expression level of mRNA (30).

Western blot analysis. The protein samples lysate for western 
blot were collected from 16‑HBE, Beas‑2B, A549 and H1299 
cell lines with RIPA lysis buffer (cat. no. P0013B; Beyotime 
Institute of Biotechnology) containing protease inhibitor 
cocktail. Concentrations of protein samples were detected 
using the BCA Protein Assay Kit (cat. no. A53225; Thermo 
Fisher Scientific, Inc.) and 20 µg protein lysate was loaded 
in 10% SDS‑PAGE gel respectively and transferred to PVDF 
membrane (Bio‑Rad Laboratories, Inc.). After blocking in 5% 
non‑fat milk dissolved in TBST buffer for 60 min at room 
temperature, the membranes were washed 3 times by TBST 
containing 1% Tween 20 (cat. no.  P1379; Sigma‑Aldrich; 
Merck KGaA) and then incubated with the following 
5% BSA‑diluted (cat. no.  ST2254; Beyotime Institute of 
Biotechnology) primary antibodies: CCNA2 (1:1,000; 
cat.  no.  18202‑1‑AP), CCNB1 (1:1,000; cat. 28603‑1‑AP), 
CCNB2 (1:1,000; cat. no. 21644‑1‑AP; all from ProteinTech 
Group, Inc.) and ACTB (1:10,000; cat. no. AC026; Abclonal 
Biotech Co., Ltd.) for 6‑8 h at 4˚C; the HRP‑linked secondary 
antibodies (1:20,000; cat. no. SA00001‑2; ProteinTech Group, 
Inc.) were used to probe the primary antibodies for 1 h at 

room temperature. Finally, the immunoreactive protein 
bands were visualized by ECL kit (cat. no. WBKLS0500; 
MilliporeSigma), and the images were obtained by scanning 
using a fluorescence imager (Typhoon FLA 7000; Cytiva). 
The quantification of blot bands was calculated using ImageJ 
(Version. 1.52; National Institutes of Health).

Immunohistochemistry of hub genes. In total, 10 pairs of 
LUAD and adjacent normal tissues were collected from the 
Second Hospital of Shandong University (Jinan, China) 
from 2021/01/01 to 2021/12/31, with complete pathological 
data. The age of the patients was 61.2±6.3 years, including 4 
women and 6 men. The present study was approved [approval 
no. KYLL‑2020(KJ)P‑0099] by the Medical Ethics Committee 
of the Second Hospital of Shandong University (Jinan, China). 
Written informed consent was obtained from all participants. 
The human LUAD specimens were formalin‑fixed and 
paraffin‑embedded for 24 h at 4˚C and cut into 4‑µm thin 
slices. The IHC staining kit (cat. no. PV‑6000; ZSGB‑BIO) 
was used for the experiment according to the manufacturer's 
instructions. DAB (cat. no. ZLI‑9017; ZSGB‑BIO) was used for 
staining (37˚C for 90 sec). The final immunostaining images 
were obtained using a NanoZoomer Digital Pathology scanner 
(NanoZoomer S60; Hamamatsu Photonics K.K.). Protein 
expression was analyzed by calculating the integrated optical 
density (IOD/area) of each stained region using Image‑Pro 
Plus version 6.0 (Media Cybernetics, Inc.).

Diagnostic model and evaluation of hub genes. To evaluate 
the diagnostic efficacy of the hub genes for LUAD, the 
three data sets GSE33532, GSE40791 and GSE19188 were 
combined. The raw expression data were then normalized by 
Affy package (17) using robust multi‑array average (RMA), 
before the inter‑batch differences were removed and the data 
were integrated into a large expression matrix. The percentage 
of normal tissue in all samples was calculated, and the cut‑off 
value was selected according to the percentage of normal 
tissue in the sample. Those whose expression value was 
higher than the cut‑off value were regarded as high expression 
samples, and those whose expression value was lower than the 
cut‑off value were regarded as low expression samples. The 
expression of samples was converted from numerical variables 
to factor variables for subsequent analysis. This integrated 
expression matrix was used as the training set. To verify the 
diagnostic efficacy, two external datasets were also selected, 
namely GSE10072 (31) and GSE75037 (32) for external data 
validation. GSE10072 belongs to the same GPL570 platform 
as the three datasets used for the training set. The raw data 
of GSE10072 were analyzed after RMA normalization. By 
contrast, the GSE75037 dataset belongs to the GPL6884 
platform. To verify the applicability of the data from other 
platforms, the matrix expression data from this dataset were 
chosen for analysis. The training set contains 179 LUAD 
samples and 185 normal tissue samples in total. The external 
validation set GSE10072 contains 58 LUAD samples and 49 
normal tissue samples. The external validation set GSE75037 
contains 83 LUAD samples and 83 normal tissue samples.

MASS package (33) and glm function (34) were used for 
forward stepwise logistic regression analysis of hub gene, 
and the appropriate genes were selected and included into 
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the effect variables. Then glm function was used to conduct 
logistic regression analysis on the key genes included in 
the effect variables. Finally, rms package (35) was used to 
construct nomograph of regression analysis results.

A ROC curve for this model was constructed using the 
‘pROC package’  (36). ROC curves were generated for the 
training set and two validation sets to distinguish patients with 
LUAD from healthy individuals. Area under the ROC curve 
(AUC) and confidence intervals were calculated to assess the 
predictive values of the selected hub genes for LUAD diag‑
nosis. Finally, the diagnostic efficacy of the nomograms was 
evaluated further and validated using calibration plots and 
decision curve analysis (DCA) plots through rms package (35).

Statistical analysis. Statistical comparisons were performed 
using SPSS 25.0 (IBM Corp.). The Pearson correlation coef‑
ficient between cyclin family genes was calculated using 
R (https://www.R‑project.org/). In the GEPIA database, 
Pearson's method was used to analyze the expression correla‑
tion between hub genes in TCGA datasets. GEPIA used the 
Kaplan‑Meier method to estimate the OS associated with gene 
expression levels. GEPIA uses the Mantel‑Cox test for hypoth‑
esis testing. The cox proportional hazard ratio and the 95% 
confidence interval information are shown in the survival plot. 
One‑way ANOVA was used to analyze whether the results of 
western blotting and RT‑qPCR were statistically different. In 
the multiple comparisons post hoc test, Dunnett's test was used 
to compare the non‑small cell lung cancer cell lines A549, 
Beas‑2B and H1299 with the control cell line 16‑HBE, respec‑
tively. In the results of immunohistochemical study, paired 
t‑test was used to analyze whether the staining results of hub 
gene in normal adjacent tissues and tumor tissues were statis‑
tically different. The significance of the difference between 
the two groups was estimated by UALCAN using the t‑test, 
but the statistical analysis method used for the comparison of 
multiple groups was not described. P<0.05 was considered to 
indicate a statistically significant difference.

Results

Analysis of LUAD microarray data. In the present study, 
GSE19188, GSE33532 and GSE40791 were included for anal‑
ysis, with a total of 179 LUAD samples and 185 normal samples. 
These three microarray datasets were first standardized by quan‑
tiles to mitigate individual differences among samples. A total of 
1,883, 3,079 and 2,258 DEGs were screened from the GSE19188, 
GSE33532 and GSE40791 datasets, respectively (Fig. 1A‑C).

RRA‑integrated analysis and identification of DEGs. The 
RRA method assumes that the number of ranked each gene 
is known (19). The smaller the RRA score, the higher the 
gene ranks in term of the credibility of differential expression. 
Finally, 556 significant DEGs were screened by the integrated 
analysis, including 203 significantly upregulated genes and 
353 significantly downregulated genes. A heatmap containing 
the top 10 up‑ and downregulated genes is shown in Fig. 1D.

Functional and pathway enrichment analysis of the DEGs. 
GO analysis revealed that biological processes of the signifi‑
cant DEGs were associated with the cell cycle, including 

‘mitotic nuclear division’, ‘extracellular matrix organiza‑
tion’, ‘extracellular structure organization’, ‘mitotic sister 
chromatid segregation’ and ‘chromosome segregation’ 
(Fig. 2A). Significantly enriched cellular components included 
‘collagen‑containing extracellular matrix’, ‘condensed chro‑
mosome’ and ‘centromeric region’ (Fig. 2B). In addition, the 
molecular functions that were significantly enriched include 
‘extracellular matrix structural constituent’, ‘glycosamino‑
glycan binding’ and ‘growth factor binding’ (Fig. 2C). KEGG 
analysis revealed that DEGs were significantly enriched in 
‘ECM‑receptor interaction’, ‘protein digestion and absorption’, 
‘cell cycle’ and ‘cell adhesion molecules’ (Fig. 2D).

PPI network of DEGs and module identification. A total of 499 
nodes and 4,311 edges were found in the PPI network (Fig. 3A). 
Using the ‘Networkanalyzer’ plugin, the basic parameters of the 
PPI network were obtained, where the clustering coefficient was 
0.342, the network density was 0.035 and the network central‑
ization was 0.147. Using the Cytoscape plugin ‘MCODE’, the 
most critical module was acquired from the PPI network, which 
contains 76 nodes and 2631 edges (Fig. 3B). The most signifi‑
cantly enriched pathway for module 1 is cell cycle (Fig. 3C).

Screening for key genes in the cyclin family. A total of four 
cyclin family genes (CCNA2, CCNB1, CCNB2 and CCNE2) 
were clustered in module 1. To analyze the cyclin family 
genes, a cyclin family gene expression correlation matrix was 
made for the three datasets. The results revealed that CCNE1, 
CCNE2, CCNB1, CCNB2, CCNA2 and CCNF correlated with 
each other (Fig. 4A‑C). The expression of six cyclin family 
genes was then analyzed in the three datasets: CCNE1, 
CCNE2, CCNB1, CCNB2 and CCNA2 were all highly 
expressed in the three data sets, while CCNF was only highly 
expressed in GSE33532, while there was no significant differ‑
ence in the other two data sets (Fig. 4D). The expression profile 
of CCNE1, CCNE2, CCNB1, CCNB2, CCNA2 and CCNF was 
subsequently analyzed in various tumors using the GSCA 
database. It was found that the expression of most if not all the 
genes examined were upregulated in multiple human tumors, 
including LUAD, breast and colon cancer (Fig. 4E).

Analysis of hub gene co‑expression. To investigate the 
correlation in the expression of the six cyclin family genes, 
the GEPIA online tool was used to obtain the Pearson's rank 
coefficient results among these genes. According to the pair‑
wise gene expression correlation analysis, GEPIA revealed 
significant positive correlation among CCNB1, CCNB2 and 
CCNA2 expression (Fig. 5A‑C). The BioCarta database was 
next used to screen for possible upstream transcription factors 
of CCNB2, CCNB1 and CCNA2. FOXM1 was predicted to 
be their common upstream transcription factor. In addition, 
FOXM1 was also found to be an upregulated gene clustered in 
module 1 (Fig. 3B). According to the GEPIA database, FOXM1 
also appeared to be a co‑expressed gene with the three cyclins 
(Fig. 5D‑F). Therefore, these four genes were chosen to be hub 
genes for further verification.

Expression of hub genes and their prognostic value. The 
UALCAN database is based on The Cancer Genome Atlas 
data (29). Therefore, this online tool was used to assess the 
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expression profile of the hub genes. The expression of these 
hub genes was found to be higher in the LUAD samples 
compared with that in the normal samples (Fig. 6A‑D). The 
association between hub gene expression and tumor stage 
was next assessed (Fig.  6E‑H). All four hub genes were 
revealed to be expressed in tumors of different stages, but 
the levels were higher in advanced LUAD compared with 
those in their early‑stage counterparts. The GEPIA website 
was next used to assess the prognostic value of these hub 
genes in the clinical setting, where a total of 240 patients 
with LUAD were included from the database available for 
overall survival (OS) analysis. Higher expression of all these 
hub genes was associated with more unfavorable OS among 
patients with LUAD (Fig. 6I‑L).

Validation of hub gene expression in vitro. RT‑qPCR was used 
to verify the mRNA expression levels of these genes in the cell 
lines. The results showed that the mRNA expression of the hub 
genes was significantly higher in the two non‑small cell lung 
cancer cell lines Beas‑2B and H1299 compared with human 
bronchial epithelial cell line 16‑HBE, and the expression of four 
hub genes was upregulated in A549 cell line, in which there was a 
significantly high expression in CCNB1 and CCNB2 (Fig. 7A‑D, 
Tables SII‑V). Subsequently, western blotting revealed that the 
CCNA2, CCNB1 and CCNB2 were also highly expressed in 
the three non‑small cell lung cancer cell lines A549, Beas‑2B 
and H1299 compared with human bronchial epithelial cell line 
16‑HBE (Fig. 7E, Tables SVI‑VIII). According to the immuno‑
histochemistry staining images of the hub genes in 10 pairs of 

Figure 1. Volcano plots of the three microarray datasets. Differentially expressed genes of LUAD and normal samples in (A) GSE19188, (B) GSE33532 and 
(C) GSE40791. Red points represent upregulated genes, whilst green points represent downregulated genes. Black points represent genes with no significant 
difference in expression. (D) Heatmap of the top 10 up‑ and downregulated genes according to robust rank aggregation analysis. Red and blue represent genes 
with higher and lower expression levels in patients with LUAD, respectively. LUAD, lung adenocarcinoma. 
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human LUAD tissues and adjacent normal tissues, their expres‑
sion in tumors was found to be significantly higher compared 
with that in the adjacent normal tissues (Fig. 7F‑G).

Diagnostic model and evaluation of hub genes. The diag‑
nostic efficacy of all hub genes was assessed by constructing 
multi‑factorial logistic regression models from the training set, 
where CCNB1, CCNB2 and FOXM1 were statistically significant 
(Table SIX). CCNB1, CCNB2 and FOXM1 were analyzed further 
after their inclusion as possible effect variables (Table SX). All 
hub genes were found to be statistically significant.

Since the expression levels of CCNB1, CCNB2 and FOXM1 
appeared to be predictors of LUAD, the nomogram plots were 
constructed to assess their diagnostic efficacy (Fig. 8A). ROC 
analysis was subsequently applied to evaluate the potential diag‑
nostic value of these hub genes in LUAD. The results showed 

that CCNB1, CCNB2 and FOXM1 had AUC values of 0.92 
(95% confidence interval=0.89‑0.95) in the training set, 0.91 
(95% confidence interval=0.86‑0.97) in the GSE10072 valida‑
tion set for the diagnosis of LUAD and 0.96 (95% confidence 
interval=0.93‑0.99) in the GSE75037 validation set (Fig. 8B). 
This suggested that CCNB1, CCNB2 and FOXM1 are viable 
biomarkers for LUAD diagnosis (Fig. 8B). The calibration plot 
also revealed consistent predictive accuracy for the diagnosis of 
LUAD using the hub genes (Fig. 8C). DCA plot results revealed 
that clinical benefit could be obtained by developing clinical 
strategies based on this nomogram (Fig. 8D).

Discussion

Dysregulation in cell cycle control can lead to tumor progres‑
sion. Cyclins are cell cycle regulators that are associated with 

Figure 2. GO and pathway enrichment analysis of differentially expressed genes in lung adenocarcinoma. Top 10 GO terms in (A) biological processes, 
(B) cellular components, (C) molecular function and (D) Kyoto Encyclopedia of Genes and Genomes pathways. GO, gene ontology. 
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numerous types of cancer (12,13). However, it remains unclear 
the role and possible regulatory mechanism of cyclins in 
LUAD.

In the present study, expression profiling and functional 
enrichment analysis revealed that four significant DEGs, 
namely CCNA2, CCNB1, CCNB2 and CCNE2, were highly 

Figure 3. PPI network and the most significant module formed by the DEGs in lung adenocarcinoma. (A) PPI network of DEGs. (B) The most significant 
module from the PPI network, containing 76 differentially expressed genes. (C) The most significantly enriched pathway for module 1. Red represents genes 
with higher expression levels, whilst blue represents genes with lower expression levels. Yellow representσ the pathway of the cell circle. PPI, protein‑protein 
interaction; DEGs, differentially expressed genes.
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Figure 4. Cyclin family gene expression profile. Correlation matrix of the expression levels of all genes in the cyclin family in the (A) GSE19188, 
(B) GSE33532 and (C) GSE40791 datasets. (D) Expression of sex cyclin family genes (CCNE1, CCNE2, CCNB1, CCNB2, CCNA2 and CCNF) in the three 
datasets. (E) Expression of sex cyclin family genes in various tumors according to the Gene Set Cancer Analysis database. BRCA, breast invasive carcinoma; 
COAD, colon adenocarcinoma; HNSC, head and neck squamous cell carcinoma; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal papillary cell 
carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma. 

Figure 5. Correlation in the expression of the hub genes. Correlations between (A) CCNB2‑CCNA2, (B) CCNB1‑CCNA2 and (C) CCNB1‑CCNB2 are 
significant (R>0.75; P<0.001). Correlation between Forkhead box M1 and (D) CCNA2, (E) CCNB1 and (F) CCNB2 in lung adenocarcinoma was revealed by 
GEPIA (R=0.76, 0.74 and 0.73 respectively). CCN, cyclin.
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expressed in module 1. An expression correlation matrix 
containing 31 cyclin family genes in three datasets also 
showed that six genes (CCNE1, CCNE2, CCNB1, CCNB2, 
CCNA2 and CCNF) are significantly co‑expressed. Further 
analysis of their expression in the datasets and pan‑tumor data 
demonstrated that they were significantly overexpressed in 
a variety of tumors, such as breast cancer and colon cancer. 
Further co‑expression analysis also revealed that the correla‑
tion among the expression levels of CCNA2, CCNB1 and 
CCNB2 was particularly striking. In addition, FOXM1 was 
predicted to be their upstream transcription factor according 
to the BioCarta database, where the co‑expression results 
reported significant co‑expression between FOXM1 and the 
three cyclin family genes. Since further study revealed that 
FOXM1 was also enriched in module 1, it was included as one 
of the hub genes for further analysis and validation.

Using online databases, the high expression of hub genes 
was found in LUAD. Furthermore, the expression of CCNA2, 
CCNB1, CCNB2 and FOXM1 was found to be higher in patients 
with advanced LUAD compared with that with early‑stage 
LUAD. Kaplan‑Meier analysis revealed that patients with 
higher levels of hub gene expression had poorer prognoses, 
suggesting that they are viable prognostic indicators of LUAD. 
In terms of biological function, the hub genes were enriched 
in the cell cycle, DNA damage, DNA repair, invasion and 
proliferation according to the single‑cell pan‑tumor function 
enrichment study. These results may provide phenotypic direc‑
tions for further experimental verification. On protein level, 

results from immunohistochemical analysis also confirmed 
the higher protein expression levels of hub genes in LUAD 
compared with those in normal tissues. To validate the results 
on a cellular level, the mRNA and protein expression of these 
hub genes were found to be upregulated in the cancer cell lines 
Beas‑2B and H1299 compared with those in the control cell 
line 16‑HBE. Immunohistochemistry results also showed that 
the hub genes are expressed highly in LUAD tissues.

The protein encoded by CCNB1 is a mitosis‑associated 
regulatory protein (37). It functions as a controller of mitosis 
entry  (38). CCNB1 recombines with Cdk1, which divides 
the nuclear envelope to allow the mitotic spindle to enter the 
chromosome. The role of CCNB1 is to facilitate entry from 
the G2 phase to the M phase (39). CCNB1 overexpression can 
lead to uncontrolled cell proliferation by binding Cdk1 (40). 
Previous studies have shown that the expression level of 
CCNB1 was increased in a variety of solid tumors, including 
breast and colorectal, where the survival rate of patients with 
cancer with higher CCNB1 expression was lower  (41). In 
pituitary adenomas, the upregulated CCNB1 expression has 
been reported to serve an important role in the pathological 
development of the disease, suggesting that it can be used as a 
marker to evaluate tumor invasiveness (42). In another study, 
Chen et al (43) previously revealed that higher expression levels 
of CCNB1 promoted the proliferation, migration and invasion 
of gastric cancer cells (43). In terms of the mechanism, inhib‑
iting the expression of CCNB1 can inhibit the proliferation of 
pancreatic cancer cells through the p53 signaling pathway (44).

Figure 6. Expression levels of hub genes and patient prognosis. (A‑D) Identifying the expression levels of the hub genes in LUAD using UALCAN. 
(E‑H) Association between hub gene expression and adenocarcinoma tumor stage. (I‑L) Survival curves comparing the prognosis of patients with high and 
low expression levels of hub genes in LUAD according to the GEPIA database. *P<0.05, **P<0.01 and ***P<0.001. LUAD, lung adenocarcinoma. 



YANG et al:  CYCLIN FAMILY GENES IN LUAD10

CCNB2 is a B‑type cyclin (45). Qian et al (46) previously 
found that the higher expression of CCNB2 is associated with 
the progression and poor prognosis of non‑small‑cell lung 
cancer  (46). In addition, CCNB2 has been reported to be 
expressed highly in bladder cancer, where inhibiting CCNB2 
expression can inhibit tumor invasion and metastasis  (47). 
CCNB2 was also revealed to affect the CCNB2/polo‑like 
kinase pathway to promote cell proliferation and migration 
in hepatocellular carcinoma  (48). In another recent study, 

Wang et al (49) found that microRNA‑335‑5p may be a nega‑
tive upstream regulator of CCNB2 to inhibit the proliferation 
of LUAD cells.

CCNA2 belongs to a highly conserved cyclin family (50). 
CCNA2 has been found to be expressed highly in pancreatic 
cancer, where its expression levels were positively associated 
with tumor stage and poorer prognosis (51). In non‑small‑cell 
lung cancer, higher expression levels of CCNA2 have 
been proposed to be a biomarker of poor prognosis (52). In 

Figure 7. Expression of hub genes in LUAD cells and tissues. The expression levels of (A) CCNA2, (B) CCNB1, (C) CCNB2 and (D) FOXM1 mRNA in the 
non‑small cell lung cancer cell lines A549, Beas‑2B and H1299 and the control cell line 16‑HBE were validated by reverse transcription‑quantitative PCR. 
(E) Western blot analysis was used to detect the expression of CCNA2, CCNB1 and CCNB2 in LUAD cell lines; ACTB was used as loading control. Each 
column represents the mean ± SD from independent experiment. (F) Immunohistochemistry was used to analyze the expression of hub genes in LUAD and 
adjacent normal tissues (magnification, x200; scale bar, 100 µm). (G) Image‑Pro Plus version 6.0 was used to calculate the integral optical density/area and 
analyze the hub gene protein expression level. Statistical analysis of results in panels A‑E was performed using one‑way ANOVA, and comparisons between 
groups were performed using Dunnett's test. Statistical analysis of results in panel F was performed using t‑test. *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001 
compared with 16‑HBE. LUAD, lung adenocarcinoma; CCN, cyclin.
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addition, higher expression of CCNA2 in patients with stage 
I non‑small‑cell lung cancer may indicate a worse prognosis 
and higher recurrence rates (53). Mechanistically, tanshinone 
has been shown to inhibit the progression of LUAD by regu‑
lating the expression of CCNA2 (54). Several bioinformatics 
studies also previously revealed that CCNA2 is a potential 
therapeutic target and prognostic marker of breast and gastric 
tumors (55,56).

FOXM1 is a member of the FOX transcription factor family 
that serves an important role in cell proliferation, differentia‑
tion and survival (57,58). Several studies have shown that higher 

expression levels of FOXM1 are closely associated with poorer 
prognosis in small cell lung cancer (58,59). In terms of mecha‑
nism, FOXM1 can regulate cell cycle progression and improve 
the invasiveness of bladder cancer (60). Furthermore, FOXM1 
can be indirectly recruited to the homologous region element 
of the cell cycle gene through the Myb‑MuvB complex, which 
enables it to specifically control the expression of CCNB1 and 
CCNB2 during the G2/M phase of the cell cycle (61). A previous 
study showed that higher expression of FOXM1 can increase 
the expression of CCNB1, where FOXM1 mainly mediates its 
biological function through inhibiting the activation of the p53 

Figure 8. Nomogram construction and evaluation. (A) Nomogram constructed using CCNB1, CCNB2 and FOXM1 expression. Red dots represent the outcome 
values of one of the samples and the predicted results in the Nomogram. (B) Receiver operating characteristic curves and area under the curve values of the 
diagnostic model in the training set (yellow line), validation set GSE10072 (green line) and the validation set GSE75037 (red line). (C) Calibration curves for 
the nomogram, where the prediction curves were close to the ideal curve and the Hosmer‑Lemeshow test was ~1, suggesting consistency for the detection of 
lung adenocarcinoma for the hub genes used. (D) Decision curve analysis graph. The gray line represents the hypothesis that all lesions are malignant (full 
treatment option). The solid black line represents the hypothesis that all lesions are benign (no treatment option). The black dashed line represents the decision 
to treat benign or malignant based on the fitted model. The results show that using the nomogram designed to predict malignancy increases the benefit of 
developing a treatment plan over treating all (gray solid line) or no treatment (black solid line).
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pathway by recruiting CBP/P300 (62). Chai et al (63) previ‑
ously found that the FOXM1/CCNB1 axis can promote the 
proliferation of liver cancer cells, which can be reversed by 
blocking this axis.

Nomograms have been widely applied for predicting prog‑
nosis and outcome in a clinical setting by combining multiple 
risk factors (35). In the present study, CCNB1, CCNB2 and 
FOXM1 were found to be predictors of LUAD. By combining 
the variables, a nomogram was then plotted. This nomogram 
appeared to be effective for in malignancy prediction with 
an AUC of 0.92, where it yielded superior findings in both 
external validation datasets, with AUCs of 0.91 and 0.96 for 
GSE10072 and GSE75037, respectively.

In the training set and validation set, all the AUC values 
of the present diagnostic model were >0.9. Therefore, 
according to this nomogram, the diagnostic evaluation of 
LUAD based on the expression levels of CCNB1, CCNB2 
and FOXM1 yielded high accuracy and specificity. These 
three genes therefore have potential as biomarkers for the 
diagnosis of LUAD.

However, many limitations remain associated with the 
present study. Although the present study found that the 
higher expression of CCNB1, CCNB2 and CCNA2 is asso‑
ciated with poorer prognosis in LUAD, high expression of 
other cyclin family genes (CCNA2, CCNB1, CCNE1, CCNF 
and CCNJL) was associated with superior prognosis in colon 
cancer (64). Therefore, the prognostic impact of using the 
expression of genes in the cyclin family will likely be depen‑
dent on the type of tumors, which remains a topic of further 
study. In addition, the specific mechanistic role of these four 
hub genes on LUAD remain to be verified by in vitro or 
in vivo experiments.

In conclusion, in the present study bioinformatics analysis 
identified that FOXM1, CCNB1, CCNB2 and CCNA2 have 
hub genes that may the important for the development and 
prognosis of LUAD. In addition, the expression of these hub 
genes was found to be increased in Beas‑2B and H1299 cell 
lines compared with those in the control cell line 16‑HBE. 
Therefore, CCNB1, CCNB2 and FOXM1 may have potential 
diagnostic and prognostic value for LUAD in the future.
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