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Abstract 

Background and aim: Adenocarcinoma is a very common pathological subtype for lung cancer. 
We aimed to identify the gene signature associated with the prognosis of smoking related lung 
adenocarcinoma using bioinformatics analysis. 
Methods: A total of five gene expression profiles (GSE31210, GSE32863, GSE40791, GSE43458 
and GSE75037) have been identified from the Gene Expression Omnibus (GEO) database. 
Differentially expressed genes (DEGs) were analyzed using GEO2R software and functional and 
pathway enrichment analysis. Furthermore, the overall survival (OS) and recurrence-free survival 
(RFS) have been validated using an independent cohort from the Cancer Genome Atlas (TCGA) 
database.  
Results: We identified a total of 58 DEGs which mainly enriched in ECM-receptor interaction, 
platelet activation and PPAR signaling pathway. Then according to the enrichment analysis results, 
we selected three genes (AURKA, CDC20 and TPX2) for their roles in regulating tumor cell cycle and 
cell division. The results showed that the hazard ratio (HR) of the mRNA expression of AURKA for 
OS was 1.588 with (1.127-2.237) 95% confidence interval (CI) (P=0.009). The mRNA levels of 
CDC20 (HR 1.530, 95% CI 1.086-2.115, P=0.016) and TPX2 (HR 1.777, 95%CI 1.262-2.503, P=0.001) 
were also significantly associated with the OS. Expression of these three genes were not associated 
with RFS, suggesting that there might be many factors affect RFS.  
Conclusion: The mRNA signature of AURKA, CDC20 and TPX2 were potential biomarkers for 
predicting poor prognosis of smoking related lung adenocarcinoma. 

Key words: lung adenocarcinoma; differentially expressed genes; gene ontology; Kaplan-Meier analysis; 
biomarkers 

Introduction 
Lung cancer is the most common cause of cancer 

death worldwide, which account for 27% of all cancer 
death [1]. Being different from the stable increasing 
survival rates in most of the other cancers, the 5-year 
survival rate of lung cancer is less than 18% at present 
[2]. Lung adenocarcinoma is the most common type of 
lung cancer comprising around 40% of all lung cancer 
[3]. Smoking is a main risk factor for lung cancer, and 
continuing smokers after diagnosis have worse 

prognosis than those who abstain from smoking [4]. It 
is demonstrated that smokers have higher frequencies 
of genomic alteration compared with non-smokers in 
lung cancer [5,6]. Therefore, it is essential to manage 
the patients according to the status of smoking in the 
diagnosis and treatment of lung cancer. However, the 
exact profiles of gene alternations in lung 
adencarcinoma with smokers and non-smokers have 
not been well understood.  
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Currently, considerable studies and tools have 
been reported to characterize gene expression profiles 
in lung cancer [7-9]. Liu et al have reported that 
mRNA levels of EPHA4, FGFR2 and EGFR might play 
important roles in the progression and development 
of smoking related lung adenocarcinoma [10]. Hu et al 
have demonstrated that smoking could induced the 
up-regulation of CDK1, CCNB1 and CDC20 in 
smoking related lung adenocarcinoma than 
non-smokers [11]. Furthermore, the elevated mRNA 
levels of NEK2 and TTK have been reported to 
increase the risk of mortality of smoking related lung 
adenocarcinoma [12]. Nowadays, accelerating public 
databases using the high-throughput microarray and 
sequencing technology have been established. 
Bioinformatics analysis basing on the public 
databases are believed to provide valuable 
information in disease prediction.  

Therefore, our present study was aimed to 
identify the gene signature associated with the 
prognosis of smoking related lung adenocarcinoma 
using bioinformatics analysis. In this present study, 
we identified 58 DEGs in smoking related lung 
adenocarcinoma from five GEO datasets, and verified 
them using an independent cohort from TCGA 
database.  

Materials and methods  
Data collection 

Gene expression profiles (GSE31210, GSE32863, 
GSE40791, GSE43458 and GSE75037) were retrieved 
from the Gene Expression Omnibus (GEO) database 
(http://www.ncbi.nlm.nih.gov/geo/). In detail, 
GSE31210 included a total of 226 lung 
adenocarcinoma tissues which were comprised of 111 
smokers and 115 non-smokers [9]. GSE32863 included 
58 lung adenocarcinoma tissues and 58 matched 
normal lung tissues [13]. GSE40791 included 94 lung 
adenocarcinoma tissues and 100 adjacent normal lung 
tissues [14]. GSE43458 contained 80 lung 
adenocarcinoma tissues including 40 smokers and 40 
non-smokers [15]. GSE75037 included 83 lung 
adenocarcinoma tissues and 83 matched normal lung 
tissues [16].  

Identification of DEGs 
GEO2R (https://www.ncbi.nlm.nih.gov/geo/ 

geo2r/) is a web tool for screening DEGs by 
comparing two groups of samples. The procedure of 
GEO2R is the following: firstly, enter a series 
accession number in the box. Then, click “Define 
groups” and enter names for the groups of samples 
you plan to compare. After samples have been 
assigned to groups, click “Top 250” to run the test 
with default parameters. To see more than the top 250 

results, or if you want to save the results, the complete 
results table may be downloaded using the “Save all 
results” button. The cut-off criterion was set as the P < 
0.05 and absolute fold change > 1.5. In addition, the R 
package ggplot2 package (version 2.2.1, 
https://cran.r-project.org/web/packages/ggplot2) 
was used to perform the volcano plots of all the genes 
among five GEO datasets; Venn Diagram package 
(version 1.6.17, https://cran.r-project.org/web/ 
packages/VennDiagram/) was applied to identify the 
overlapping up regulated genes among these five 
GEO datasets. Moreover, heat maps for the 
overlapping genes was generated using the pheatmap 
package (version 1.0.8, https://cran.r-project.org/ 
web/packages/pheatmap). 
Pathway and functional enrichment analysis 

Kyoto Encyclopedia of Genes and Genomes 
(KEGG) is a knowledge base for systematic analysis of 
gene functions. Gene ontology (GO) enrichment 
analysis predicts the function of the target genes in 
three aspects, including biological processes, cellular 
components and molecular function. In our study, we 
performed GO and KEGG pathway enrichment 
analysis using the Database for Annotation, 
Visualization, and Integrated Discovery (DAVID) 
online tool (version 6.8, https://david.ncifcrf.gov/). P 
< 0.05 was the threshold for the identification of 
significant GO terms and KEGG pathways. 

Data validation  
The validation datasets were download from the 

Cancer Genome Atlas (TCGA) tools cancer browser 
(https://genome-cancer.ucsc.edu/). The procedure of 
select validation datasets is the following: firstly, 
select a cohort and dataset to explore. Then click 
HTSeq-Counts to choose gene expression RNAseq, it 
will jump to another interface and you can download 
the dataset according to the download link. Finally, 
we selected 497 smoking related lung 
adenocarcinoma tissues, which included 75 
non-smokers and 422 smokers. Detailed clinical 
information of patients was showed in Table 1.  

Statistical analyses 
Statistical analyses were performing using SPSS 

IBM for windows version 23.0 (IBM Corporation, 
Armonk, NY, USA) and GraphPad Prism 7.0 
(GraphPad Software, Inc., La Jolla, CA, USA). Single 
comparison of the expression rates between two 
groups were determined by Student’s t-test. The 
comparison of clinical characteristic were determined 
by Chi-square test or Fisher’s exact probability tests. 
The level of gene expression is bounded by the 
median, lower than the median was defined as low 
expression group, on the contrary, higher than the 
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median is high expression group. Kaplan-Meier 
analysis was performed using validation datasets and 
examined by Log-rank test. We performed two types 
of survival outcomes including overall survival (OS) 
and recurrence-free survival (RFS). OS was defined as 
the time between the date of surgery and the date of 
death or last followup, RFS was defined as period 
from surgery to recurrence or last followup. All P 
values were two-sides and less than 0.05 were 
considered statistically significant. 

Results 
Identification of DEGs 

In our study, gene expression profiles from three 
datasets (including lung adenocarcinoma tissues and 
non-tumor lung tissues) in lung adenocarcinoma and 
two datasets (including smokers and non-smokers) in 
smoking related lung adenocarcinoma were selected 
to compare gene expression. Genes with P < 0.05 and 
absolute fold change > 1.5 were considered as DEGs. 
The results showed that 3564 genes (1682 
up-regulated and 1882 down-regulated genes) 

differentially expressed in GSE32863, 10896 genes 
(5064 up-regulated and 5832 down-regulated genes) 
differentially expressed in GSE40791, 7726 genes (3771 
up-regulated and 3955 down-regulated genes) 
differentially expressed in GSE75037, 829 genes (274 
up-regulated and 555 down-regulated genes) 
differentially expressed in GSE31210 and 831 genes 
(195 up-regulated and 636 down-regulated genes) 
differentially expressed in GSE43458 (Figure 1A-E). 
Then, we performed an overlapping analysis of the 
DEGs in lung adenocarcinoma and smoking related 
lung adenocarcinoma to identify genes which were 
specifically over expressed in smoking related lung 
adenocarcinoma. As showed in Fig. 1F, a total of 2226 
genes were significantly differentially expressed in 
the three lung adenocarcinoma datasets. 140 genes 
were overlapped in the two smoking related lung 
adenocarcinoma datasets as showed in Figure 1G. 
After further screening by overlapping these two 
subsets of genes, 58 DEGs were identified to be closely 
related to the smoking related lung adenocarcinoma 
(Figure 1H, Supplementary Figure S1). 

 

 
Figure 1. Identification of DEGs. A-E. Volcano plots of the different mRNA expression analysis. X-axis: log 2 fold change; Y-axis: -log10 p-value for each 
probes; A: There were 829 genes identified to be differentially expressed in GSE31210, including 274 up-regulated and 555 down-regulated genes. B: 3564 genes 
(1682 up-regulated and 1882 down-regulated genes) identified to be differentially expressed in GSE32863. C: 10896 genes (5064 up-regulated and 5832 
down-regulated genes) differentially expressed in GSE40791. D: 831 genes (195 up-regulated and 636 down-regulated genes) in GSE43458. E: 7726 genes (3771 
up-regulated and 3955 down-regulated genes) in GSE75037. F-H. Overlap analysis between different datasets. F: A total of 2226 genes were significantly 
differentially expressed in three lung adenocarcinoma GEO datasets. G: 140 genes were overlapped in two smoking related lung adenocarcinoma GEO datasets. H: 
There were 58 overlapping genes significantly differentially expressed between smokers and non-smoers of lung adenocarcinoma in five GEO datasets. 
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Table 1: Clinical characteristics and correlations with mRNA expression of AURKA, TPX2 and CDC20. 

Characteristic n=497 AURKA TPX2 CDC20 
Low 
n=248 

High 
n=249 

P value Low 
n=248 

High 
n=249 

P value Low 
n=248 

High 
n=249 

P value 

Age (years)    0.043   0.029   <0.001 
 <65 214 96 118   96 118  86 128  
 >=65  264 143 121  145 119  156 108  
 Not given 19 9 10  7 12  6 13  
Gender    <0.001   0.005   0.005 
 Female 230 95 135  99 131  99 131  
 Male 267 153 114  149 118  149 118  
Smoking history    0.002   0.008   0.004 
Smoker 422 198 224  200 222  199 223  
 Non-smoker 75 50 25  48 27  49 26  
New tumor event    0.114   0.008   0.013 
 YES 118 53 65  47 71  48 70  
 NO 257 138 119  140 117  140 117  
 Not given 122 57 65  61 61  60 62  
Pathological T stage    0.062   0.001   0.001 
 T1 164 94 70  102 64  100 64  
 T2 267 122 145  115 152  115 152  
 T3 + T4 64 31 33  30 34  32 32  
 unknown 2 1 1  1 1  1 1  
Therapy outcome    0.002   <0.001   0.014 
 *CR+PR 232 128 104  131 101  127 105  
 *SD+PD 71 24 47  23 48  27 44  
 unknown 194 96 98  94 100  94 100  

*CR+PR:Complete Remission+Partial Remission. 
*SD+PD:Stable Disease+Progressive Disease. 

 

Functional enrichment of DEGs 
To determine biological functions of the 58 DEGs 

(Supplementary Table S1), we implemented GO 
analysis. The results showed that the identified genes 
were mainly involved in induction of bacterial 
agglutination and regulation of fibroblast growth 
factor receptor signaling pathway. The most 
significantly enriched molecular function 
concentrated on platelet-derived growth factor 
binding and polysaccharide binding while axon 
hillock and endocytic vesicle lumen were the most 
enriched cellular components (Figure 2A, 
Supplementary Table S2). Further KEGG analysis was 
performed to investigate the significance of DEGs in 
the development of smoking related lung 
adenocarcinoma. The result showed that 58 DEGs 
were enriched in four KEGG pathways. Among the 
four KEGG pathways, ECM-receptor interaction was 
the most significant one (P=4.06× 10-3), followed by 
platelet activation (P=1.23 × 10-2) and PPAR signaling 
pathway (P=2.59 × 10-2) (Figure 2B, Supplementary 
Table S3). According to the functional enrichment of 
DEGs, we found that cell cycle were extremely related 
to the incidence and development of smoking related 
lung cancer. Thus in our study, we focused on 
AURKA, CDC20 and TPX2, three critical mitotic 
checkpoint genes in the mitotic process, which also 
repeatedly involved in the enriched GO and KEGG 
pathways for the further study. 

AURKA, CDC20 and TPX2 were over expressed 
in lung adenocarcinoma and smoking related 
lung adenocarcinoma 

AURKA, CDC20 and TPX2 were selected for 
further study due to their roles in regulating tumor 
cell cycle and cell division. The increased expressions 
of AURKA, CDC20 and TPX2 were identified in all the 
five GEO datasets (Figure 3). We validated their over 
expression using an independent cohort with a total 
of 497 lung adenocarcinoma tissues (75 non-smokers 
and 422 smokers) retrieved from TCGA database. The 
mRNA expression levels of AURKA, CDC20 and TPX2 
were significant higher in smoker lung 
adenocarcinoma compared with non-smoker lung 
adenocarcinoma (P=0.003, 0.002 and 0.011 
respectively) (Figure 4A-C). In addition, we found 
that the mRNA expression levels of these three genes 
have no significant relationship with clinical stage 
(Figure 4D-F). 

Associations of AURKA, CDC20 and TPX2 
expression levels with clinicopathological 
variables 

Clinicopathological characteristics of the 
smoking related lung adenocarcinoma patients are 
listed in Table 1. As Table 1 showed, AURKA 
expression was remarkably positively associated with 
age (P=0.043), gender (P<0.001), smoking history 
(P=0.002) and treatment outcome (P=0.002). No 
significant difference of AURKA mRNA levels was 
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found in patients with pathological T stage (P=0.062) 
and new tumor event (P=0.114); the elevated CDC20 
expression was closely related with age (P<0.001), 
gender (P=0.005), smoking history (P=0.004), new 
tumor event (P=0.013), pathological T stage (P=0.001) 
and therapy outcome (P=0.014); a high expression 
level of TPX2 was significantly correlated with age 
(P=0.029), gender (P=0.005), smoking history 
(P=0.008), new tumor event (P=0.008), pathological T 
stage (P=0.001) and treatment outcome (P<0.001).  

Association of AURKA, CDC20 and TPX2 
expression levels with smoking history 

We found that the expression levels of AURKA, 
CDC20 and TPX2 were related to smoking history, so 

we further analyzed the smoking history (Figure 
4G-I). According to smoking history, we divided the 
lung adenocarcinoma patients into four groups. 
Group 1 was set as non-smokers, and group 2 as 
current smokers, group 3 as short reformed smokers (≤ 
15 years), as well as group 4 as long reformed smokers 
(> 15 years). We found that patients with highest 
expression of AURKA was group 2 (P<0.001 vs group 
1; P=0.022 vs group 3; P<0.001 vs group 4), as well as 
CDC20 (P<0.001 vs group 1; P=0.002 vs group 3; 
P<0.001 vs group 4), the highest expression level was 
group 2, while patients with the highest expression of 
TPX2 was group 3 (P<0.001 vs group 1, 2 and 4). 

 

 
Figure 2. Functional enrichment analysis of 58 DEGs. A: The significantly enriched GO categories were calculated. Blue: Molecular function; Green: Cellular 
component; Red: Biological process. B: Gene networks identified through KEGG analysis of the DEGs. 
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Figure 3. Validation of the gene expression in five GEO datasets. A: Validation of mRNA expression of AURKA in five GEO datasets. B: Validation of 
mRNA expression of CDC20 in five GEO datasets. C: Validation of mRNA expression of TPX2 in five GEO datasets. 

 
Figure 4. A-C. Validation of the gene expression between non-smoker lung adenocarcinoma and smoker lung adenocarcinoma. A: Validation of 
mRNA expression of AURKA in TCGA database. B: Validation of mRNA expression of CDC20 in TCGA database. C: Validation of mRNA expression of TPX2 in 
TCGA database. D-F. Gene expression of smoking related lung adenocarcinoma according to clinical stage in TCGA database. D: AURKA mRNA expression of 
smoking related lung adenocarcinoma according to clinical stage of TCGA database. E: CDC20 mRNA expression of smoking related lung adenocarcinoma according 
to clinical stage in TCGA database. F: TPX2 mRNA expression of smoking related lung adenocarcinoma according to clinical stage in TCGA database. G-I. Gene 
expression of smoking related lung adenocarcinoma according to smoking history in TCGA database. G: AURKA mRNA expression of smoking related lung 
adenocarcinoma according to smoking history in TCGA database. H: CDC20 mRNA expression of smoking related lung adenocarcinoma according to smoking 
history in TCGA database. I: TPX2 mRNA expression of smoking related lung adenocarcinoma according to smoking history in TCGA database. 
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Association of AURKA, CDC20 and TPX2 
expression levels with OS and RFS 

To explore whether AURKA, CDC20 and TPX2 
expression levels will affect the clinical outcomes, we 
constructed a prognostic classifier using Kaplan- 
Meier analysis in the TCGA database. As shown in the 
Figure 5A-F, AURKA expression was significantly 
associated with OS (P=0.009) among the smoking 
related lung adenocarcinoma patients. The median OS 
in AURKA low expression group was 53.33 months 
whereas in high expression group was 39.80 months.  

Similarly, higher expression of CDC20 is 
associated with a shorter overall survival time 
(P=0.027) among the smoking related lung 
adenocarcinoma patients. The median OS was 54.07 
months in low expression group and 39.03 months in 
high expression group. As for TPX2, its high 
expression was remarkably related to both decreased 
overall survival time (P=0.001). The median OS in low 
expression group was 53.10 months, while in high 
expression group was 39.03 months. As for RFS, the 
expression levels of all these three genes have no 
significance with RFS statistically. The median RFS in 
AURKA low expression group was 50.00 months, in 
CDC20 and TPX2 low expression groups were both 
68.17 months. With respect to RFS, it was showed that 
maybe there are many factors affect RFS in addition to 
the level of gene expression in statistically. While the 

median RFS in high expression groups of AURKA, 
CDC20 and TPX2 were 28.30 months, 25.73 months 
and 25.73 months respectively, were much shorter 
than the median RFS in low expression group. 

Furthermore, to assess the integrated effects of 
the three genes expression on the prognosis, we 
divided all these 497 patients (from the TCGA 
database) into three groups according to the numbers 
of positive biomarkers among the high expression of 
AURKA, TPX2 and CDC20. Group 1 have any one 
positive biomarker of three genes, group 2 have any 
two positive biomarkers of three genes and group 3 
have all these three biomarkers. According to the 
divided groups, we performed Kaplan-Meier analysis 
(Figure 6). Finally, the results showed that the 
numbers of biomarkers have no direct relations with 
both OS and RFS for all of the P values > 0.05. While 
we still could grab that the median OS of group 3 
(36.03) was shorter than group 1 (50.03) and group 2 
(39.80). It was interesting that the median RFS of 
group 3 (68.17) was longer than group 1 (23.07) and 
group 2 (36.70), which maybe indicated that united of 
these three genes could forecast the RFS of smoking 
related lung adenocarcinoma to some extent. In 
conclusion, the elevated expression of AURKA, 
CDC20 and TPX2 can be used as potential predictive 
biomarkers in prognostic and recurrence among 
smoking related lung adenocarcinoma patients. 

 

 
Figure 5. Kaplan-Meier survival curves by different mRNA expression levels of AURKA, CDC20 and TPX2 of 497 smoking related lung 
adenocarcinoma in TCGA database. A: OS between low and high AURKA mRNA expression. B: OS between low and high CDC20 mRNA expression. C: OS 
between low and high TPX2 mRNA expression. D: RFS between low and high AURKA mRNA expression. E: RFS between low and high CDC20 mRNA expression. 
F: RFS between low and high TPX2 mRNA expression. 
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Figure 6. Kaplan-Meier survival curves by different groups of 497 smoking related lung adenocarcinoma in TCGA database. A: OS among three 
different groups. B: RFS among three different groups. 

 

Discussion 
In the current study, we integrated expression 

profiles of 782 lung adenocarcinoma patients in five 
datasets from the GEO database and identified a 
panel of 58 DEGs. Functional enrichment analysis 
stressed that these genes were closely related to the 
carcinogenesis of smoking related lung 
adenocarcinoma, such as cell cycle, ECM-receptor 
interaction and cell division. Elevated expression of 
AURKA, CDC20 and TPX2 were validated via an 
independent smoking related lung adenocarcinoma 
cohort from TCGA database. The results showed that 
the high expression levels of AURKA, CDC20 and 
TPX2 were related with age, gender, smoking history 
and therapy outcome. For smoking history, we found 
current smokers have the highest expression of 
AURKA and CDC20, while those short reformed 
smokers (<= 15 years) have the highest expression of 
TPX2. Kaplan-Meier analysis indicated that AURKA, 
CDC20 and TPX2 were correlated with OS. As regard 
to RFS, the results showed that it was affected by 
many factors in addition to the amount of gene 
expression. 

Cell cycle is controlled by numerous 
mechanisms and the deregulation of cell cycle is a 
common feature of human cancer [17]. AURKA, 
CDC20 and TPX2 were related to the process of cell 
cycle. AURKA is a putative low-penetrance tumor 
susceptibility gene in cell cycle regulation and 
centrosomal function [18]. It have been reported that 
AURKA was associated with mitosis and related to 
the development and progression of cancer [19]. 
CDC20 appears to act as a regulatory protein 
interacting with several other proteins at multiple 
points in the cell cycle and it is required for two 
microtubule-dependent processes, nuclear movement 
prior to anaphase and chromosome separation as it 
was annotated in gene database (https://www. 
ncbi.nlm.nih.gov/gene/). TPX2 has been extensively 

studied as a mitotic factor critical for organization of 
microtubule, spindle formation, and Aurora A kinase 
regulation [20], which plays a critical role in multiple 
steps of mitotic progression, including microtubule 
stability during the G1 phase of the cell cycle, 
chromosome alignment and segregation, and 
cytokinesis and is aberrantly expressed in various 
types of human cancers [21]. Recently, many 
researches have explored the biomarkers in smoking 
related lung cancer patients; such as Kang et al 
reported that the three SNPs may contribute to lung 
cancer susceptibility in never-smoking females [22]. 
Another study found that high level of cytoplasmic 
CXCR2 expression is associated with a poor outcome 
in smoking lung lung adenocarcinoma patients [23]. 
Xie et al found that cigarette smoking and p53/p21 
over-expression are associated with the poor 
prognosis of non-small cell lung cancer patients [24]. 
These results suggested that people between smokers 
and non-smokers have different cancer possibility. So 
we were concentrated on the smoking related lung 
adenocarcinoma and identified a total of 58 DEGs 
between smokers and non-smokers. 

With the development of high throughput 
technology, there are plenty of studies about lung 
cancer. In our study, we identified 58 DEGs and 
selected three genes (AURKA, CDC20 and TPX2). We 
validated their high expression were related to the 
worse prognosis of smoking related lung 
adenocarcinoma. There also have many researchers 
suggested that AURKA, CDC20 and TPX2 were 
related to lung cancers. For example, Ma et al have 
reported that non-small cell lung cancer can be 
inhibited by suppressing AURKA [25]. The interplay 
between epidermal growth factor receptor (EGFR) 
and AURKA maybe could provide a new treatment 
target for lung cancer patients carrying EGFR 
mutations [26]. The inhibitor of AURKA can suppress 
the cell proliferation in lung cancer cells [27] and the 
elevated expression of CDC20 can predict the poor 
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prognosis in lung cancer patients, or even in lung 
adenocarcinoma patients [28,29]. High level of CDC20 
expression was associated with poor prognosis in 
many cancers in addition to lung cancer [30-32], and it 
was correlated with tumor grade and stage [33]. 
Another study suggested that TPX2, the mitosis- 
associated genes, its high expression was related to a 
poor prognostic in non-small cell lung cancer [34]. 
There also have one study according to RNA-seq to 
found specific dysregulated genes in lung 
adenocarcinoma [35]. These three genes are not only 
related to lung cancer but also to other cancers, such 
as the expression of glioma pathogenesis-related 
protein 1 (GLIPR1) can regulated AURKA and TPX2 
to induced the prostate cancer cell death [36]. The 
increased level of CDC20 expression could predict 
poor prognosis of urothelial bladder cancer [37]. Pan 
et al found the high level of TPX2 expression in 
prostate cancer [38]. 

With the development of epigenetic, there are a 
lot of studies to identify the biomarkers in many 
cancers. For example, there were many biomarkers 
can be used in colorectal cancer and bladder cancer 
[39,40]. Based on the relationships between AURKA, 
CDC20 and TPX2 and variety of cancers, we have 
already queried other biomarkers in smoking related 
lung adenocarcinoma and found that AURKA, CDC20 
and TPX2 were closely related to the carcinogenesis of 
lung adenocarcinoma. In our study, we found that 
those have high expression levels of these three genes 
have a worse OS than low expression group. As for 
RFS, it seemed the high expression group indeed have 
a worse RFS than low expression group, but there are 
still many other factors affecting RFS. It suggested 
that elevated expression of these three genes were 
associated with poor OS among the smoking related 
lung adenocarcinoma patients. However, there is a 
puzzle that the identified genes in training cohorts 
could not easily be validated in external cohorts [41]. 
One reason might be the effects of genes have broad 
confidence intervals so that it is difficult to identified 
using a single validation database. Another reason is 
the fact that most of the studies are from single cohort 
with relative small number, rather than large sample 
cohorts. To address these issues, validation of the 
signature genes in several independent cohorts or 
larger sample cohorts is necessary. 

In conclusion, our study indicated that AURKA, 
CDC20 and TPX2 are over-expressed in smoking 
related lung adenocarcinoma tissues and their higher 
mRNA expression levels have a worse prognosis. 
However, it is vital to conduct more in-depth studies 
to explore the molecular mechanisms of AURKA, 
CDC20 and TPX2 contributing to smoking related 
lung adenocarcinoma in the future. 

Supplementary Material  
Supplementary figures and tables. 
http://www.medsci.org/v15p1676s1.pdf 
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