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Introduction

Abstract

Background: The diagnosis of early phase lung adenocarcinoma (LADC) is
associated with therapeutic strategy, effect, and survival time. However, the sensi-
tive biomarkers of early phase LADC are still unclear. This study aimed to iden-
tify protein-coding genes that can be used as biomarkers of early stage LADC.
Methods: Gene microarray analysis was performed to identify key hub genes
that show different expression in lung adenocarcinoma compared to normal tis-
sues. The microarray data of lung adenocarcinoma in stages IA, IB, IIA, IIB, and
normal tissues (GSE10072) were downloaded from a free online database, Gene
Expression Omnibus (GEO).

Results: A total of 572 differentially expressed genes (DEGs) were identified
between early phase lung adenocarcinoma and normal tissues using R software.
Database for Annotation, Visualization and Integrated Discovery online tools
were used to obtain Gene Ontology analysis and the Kyoto Encyclopedia of Genes
and Genomes was used to analyze DEGs. Cytoscape software was used to express
the protein-protein interaction network. We found that some cancer-related Gene
Ontology terms and pathways (e.g. cell adhesion, cell surface receptor signaling
pathway, PI3K-Akt signaling pathway) were significantly enriched in DEGs.
Conclusion: Protein-coding genes JUN, FYN, CAVI, and SFN may play vital
roles in the progress of early-stage lung adenocarcinoma. Consequently, through
bioinformatics analysis, the key genes could be established to provide more
potential references for the therapeutic targets of lung adenocarcinoma.

LADC is important for the development of efficacious

Lung cancer is the most common cancer in the world,
associated with significant morbidity and mortality." The
incidence of lung cancers continues to rise in China. Like
other cancers, lung cancer is a heterogeneous disease that
carries high rates of genetic somatic mutations, copy
number alterations, and chromosomal rearrangement.’
Lung adenocarcinoma (LADC) is a familiar histological
type that accounts for 40% of all lung cancers and is one
of the best genetically characterized human epithelial
malignancies.” Although treatment methods, including
surgery, chemotherapy, radiotherapy, and targeting ther-
apy are improving, the five-year overall survival rate
remains lower than 15%.' Consequently, elucidating the
molecular mechanism involved in the proliferation of
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diagnosis and treatment strategies.

Gene expression analysis based on high-throughput
techniques, such as microarrays, is widely used. This useful
research method is increasingly being utilized as a promis-
ing tool to improve the molecular diagnosis and classifica-
tion of cancers, as well as to determine new drug targets.
Meanwhile, microarray technology can simultaneously
detect thousands of genes to locate the differentially
expressed genes (DEGs) involved in different pathways,
molecular functions, or biological characteristics. Many
DEGs play an important role in lung adenocarcinoma pro-
liferation and progression, and could be valued as potential
molecular targets or efficacious diagnosis markers. A recent
study analyzed data with expression array analysis, Gene
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Ontology (GO), and pathway analyses to selected genes,
and after a series of trials, finally found that TRIM58 over-
expression suppresses LADC cell proliferation and onco-
genesis in vitro and in vivo, suggesting that this gene acts
as a tumor suppressor gene (TSG) during the initiation
and/or early progression stages of LADC.* Using microar-
ray technology combining bioinformatics analysis, Griesing
et al. demonstrated that miR-532-5p is directly regulated
by TTF-1 and plays a vital role in tumor suppression by
targeting KRAS and MKL2 in LADC.® To date, microarray
screening has been utilized to identify DEGs in various
types of cancer to better understand the mechanisms
underlying cancer progression.

Original data (GSE10072) for our study was downloaded
from the Gene Expression Omnibus (GEO, http://www.ncbi.
nlm.nih.gov/geo/). We compared DEGs between LADC and
normal samples, and performed function and pathway
enrichment analysis. Additionally, a protein—protein interac-
tion (PPI) network of all of the DEGs was constructed.
Genes that showed higher degrees in the PPI networks were
selected as key genes in LADC. Further, several transcription
factors and their binding sites were studied.

Methods

Microarray data

The microarray data obtained for this study were available
in the GEO database under the expression dataset profile
of GSE10072, based on the GPL96 platform. The
GSE10072 dataset consists of 107 ADC and non-tumor tis-
sue samples, and includes tumor node metastasis (TNM)
stages and survival data.

Identification of differentially expressed
genes (DEGSs)

Analysis of the GSE10072 dataset was carried out using
Affymetrix Human Genome U133A Array (ThermoFisher
Scientific, Waltham, MA, USA). A processed series matrix
file was then downloaded for microarray data analysis.
After the series matrix data was background normalized
using the Robust Multichip Averaging (RMA) method, the
data was subjected to DEG selection. The DEGs were
defined by the Limma algorithm (R software, R Foundation
for Statistical Computing, Vienna, Austria). A P value
of < 0.05 and [logFC| > 2 were considered as significant.

Bioinformatic analysis
The GO (http://www.geneontology.org) is a widely used bio-

informatics resource that supplies information about the
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annotation of genes, molecular functions, and cellular com-
ponents.*” The Kyoto Encyclopedia of Genes and Genomes
(KEGG, http://www.genome.jp/) is an integrated database
that provides the molecular functions of genes and proteins,
genome sequences, and high-throughput data.® The Data-
base for Annotation, Visualization and Integrated Discovery
(DAVID, https://david.ncifcrf.gov/) is an essential founda-
tion for visualization, annotation, and integrated findings.’
We performed GO enrichment analysis and KEGG pathway
enrichment for DEGs using the DAVID online tool. The
Retrieval of Interacting Genes (STRING) database, was then
used to evaluate protein—protein interaction (PPI) informa-
tion to identify the interaction relationships between DEGs.
Cytoscape software (National Institute of General Medical
Sciences, Bethesda, MD, USA) was used to construct PPI
networks for the identified hub genes between DEGs.

Survival analysis

Kaplan-Meier plots and Cox regression were employed to
visualize the association between the genes under investiga-
tion and survival to explore the prognostic value of differ-
entially expressed coding genes. Before analysis, the
samples were classified into two groups: high expression or
low expression. Survival analysis was then compared

-log10 (corrected P value)

log2 (Fold change)

Select pair :[turnor] Vs [normal] v

Figure 1 A volcano map using log2 as a standard to demonstrate the
expression of differentially expressed genes (DEGs).
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Figure 2 Gene Ontology analysis results showed that differentially expressed genes (DEGs) were significantly enriched in (a) biological processes
(BP), (b) molecular functions (MF), and (c) cell components (CC). (d) Some cancer-related pathways were enriched in the DEGs, such as Betal integrin
cell surface interactions, glypican pathways, and the ErbB receptor signaling network.

between the groups.'” We conducted statistical analysis
using ONCOMINE and the Kaplan-Meier Plotter data-
base. Statistical significance was examined using the Stu-
dent’s t-test. P <0.05 or P<0.01 were considered
statistically significant.

Results

DEGs in lung adenocarcinoma

A total of 13 987 gene expression values were obtained
from 107 samples after raw data pretreatment using the
RMA method. R statistical analysis software was used to
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define the DEGs. A total of 572 DEGs were revealed by
comparing 31 gene expression profiles from normal tissues
and 33 profiles from LADC, of which 420 were upregulated
and 152 were downregulated in LADC. A volcano map of
DEG expression in the samples is shown in Figure 1.

Functional enrichment analysis

GO or KEGG pathway enrichment analysis could reveal
molecular functions or biological pathways and were per-
formed for the DEGs (Fig 2). GO analysis showed that
DEGs were significantly enriched in biological processes
(BP), molecular functions (MF), and cell components
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Figure 3 (a) The protein—protein network, which consisted of 423 nodes interacting at 3217 edges; and (b) the hub proteins and the number of

interactions.

(CC), including cell communication, cell adhesion mole-
cule activity, and plasma membrane. Some cancer-related
pathways were enriched in the DEGs, such as Betal integ-
rin cell surface interactions, glypican pathways, and the
ErbB receptor signaling network (Fig 2).

Protein-protein interaction network
construction and identification of hub
genes

The STRING database and Cytoscape software were used
to obtain further insight into the interaction between
DEGs. The PPI network consisted of 423 nodes interacting
at 3217 edges, while the remaining 149 DEGs did not
match the PPI pairs. Meanwhile, the top four hub nodes
with higher degrees were screened. These hub genes, JUN,
FYN, CAV1 and SFN, could code relative proteins, consid-
ered the hub proteins, which are more likely to play a vital
role in the genesis and growth of cancer. The hub proteins
and their interactions are depicted in Figure 3.

Survival analysis of hub genes

To test the potential prognostic roles of these hub genes,
we analyzed whether there was any association to survival
in lung cancer patients. Kaplan—Meier survival and univar-
iate Cox proportional hazards regression analyses were
performed for the hub genes, and results showed that
expression levels of three genes, JUN, CAV1 and FYN, were
significantly associated with survival in lung cancer
patients. High expression of these three genes led to
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prolonged survival (Fig 4). To further confirm our findings,
we consulted ONCOMINE. The results showed that SFN
was significantly highly expressed in lung cancer tissues,
thus high expression of SFN was associated with shorter
survival (Fig 4).

Discussion

Lung cancer is a heterogeneous disease, a product of
genetic somatic mutation, copy number alteration, and
chromosomal rearrangement. LADC incidence is the most
common among different pathological types. Therefore,
understanding the molecular mechanism of LADC is vital
for accurate diagnosis, treatment, and prognosis. Microar-
ray and high-throughput analysis could provide expression
levels of thousands of human genes and thus has been
widely used to determine potential diagnosis biomarkers
and therapeutic targets for LADC. In our study, we ana-
lyzed the microarray data from GSE10072 and identified
420 upregulated and 152 downregulated DEGs between
LADC and normal tissue profiles. Using DAVID, bioinfor-
mation analysis showed that these DEGs were mainly
involved in enzyme inhibitor activity, chemokine signaling
pathways, and cytokine-cytokine receptor interaction. A
PPI network was used to obtain further insight into the
association between DEGs. The top four hub nodes with
higher degrees were screened. These hub genes, JUN, FYN,
CAVI, and SFN, may represent potential biomarkers or
provide new ideas for therapeutic studies.

In the present study, gene expression of 107 samples
was retrieved from the GEO dataset under the accession
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Figure 4 A patient with high (a) JUN, (b) CAV1, and (c) FYN expression can achieve longer survival. (d) A patient with high SFN expression would

experience shorter survival. HR, hazard ratio.

GSE10072, including TNM stage and survival data. Using
an RMA method, a total of 13 987 genes were obtained
from these samples. After comparing the gene expression
profiles of 31 normal tissues and 33 LADC, 572 DEGs were
revealed, among which 420 were upregulated and
152 downregulated. Cumulative evidence has demonstrated
that a group of genes with similar expression were made
up of co-expression genes, which also take part in the bio-
logical process.'" In order to gain deeper insight into the
interaction of DEGs, we performed GO and KEGG path-
way analyses.

The results of GO analysis showed that upregulated
DEGs were significantly enriched in BP, including cellular
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component organization or biogenesis, biological regula-
tion, and the developmental process; downregulated DEGs
were significantly enriched in BP, including the metabolic
process, cell communication, and cell cycle. This finding
proved that cell component organization or biogenesis, the
cell metabolic process and cell cycle is associated with
tumorigenesis and prognosis. The cell cycle is a tightly
integrated process that is frequently aberrant in non-small
cell lung cancer (NSCLC)."” It has been reported that for
rapid cell growth and proliferation, tumors have high ener-
getic and anabolic needs. Therefore, cell metabolic compo-
nent organization and biogenesis is an important source of
metabolic intermediates. Furthermore, KEGG analysis
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showed that upregulated DEGs were significantly enriched
in ECM-receptor interaction, PI3K-AKT signaling, and
other cancer-related pathways. Previous studies have
shown that EMC plays a vital role in maintaining stem cell
properties and regulating stem cell differentiation. Dysre-
gulation of EMC regulates the development and
progression of tumors by promoting the tumor
microenvironment.”™'> Moreover, a disturbance in the
PI3K-AKT signaling pathway is associated with resistance
to EGFR-TKI therapy and lower survival in NSCLC
patients.'® Downregulated DEGs were associated with focal
adhesion, the p53 signaling pathway, and other functions.
Dy et al. reported that focal adhesion kinase is expressed
in more than 50% of stage I NSCLC patients.'” In addition,
other articles have demonstrated that focal adhesion kinase
is a promising factor to predict aggressive behavior and
prognosis in NSCLC patients, particularly with the ADC
subtype.”® It has been reported that cisplatin causes p53
overexpression, which may represent a predictive marker
for chemotherapy efficacy in LADC." p53 is also involved
in the immune response by regulating PD-L1.° Therefore,
monitoring these singling pathways may improve the mea-
sure of diagnosis and the prediction of therapy.

After functional enrichment analysis, we constructed a
PPI network with DEGs, and then determined the top
degree hub genes: JUN, FYN, CAVI, and SFY. The first
hub gene, JUN, plays an important role in cell prolifera-
tion, the suppression of apoptosis, and increased angiogen-
esis. ¢-JUN integrates signals of several developmental
pathways, including EGFR-TKI and activin B-MAP3K1-
JNK for cell proliferation and differentiation.”’ The second
hub gene, FYN, belongs to the Src family kinase (SFKs),
which is involved in signal transduction or the susceptibil-
ity of cancer cells to some anti-cancer treatments. In
tamoxifen-resist breast cancer cell lines, FYN regulates and
plays a key role in resistant mechanisms.”” Recent studies
have demonstrated that FYN together with other SFK
members is a mediator of growth-factor induced anti-
apoptotic activity of Akt/PKB. Several cancers, including
breast, ovarian, and oral carcinomas are associated with
FYN, as such FYN inhibitors are being investigated.”> The
last hub gene, SEN, a potent anti-cancer compound,
inhibits cancer stem-like cell properties and enhances the
therapeutic efficacy of cisplatin in human NSCLC.** Some
articles have reported that SFN can induce apoptosis in a
variety of cancers via multiple mechanisms. SEN-Cys has
been used to inhibit invasion in human prostate cancer
cells. Other trials have found that SFN-Cys triggers ERK1/2
activation to mediate the mitochondria signaling pathway
with upregulation and a-tubulin downregulation leading to
NSCLC cell apoptosis.>®

In conclusion, our data identified four key genes and
some pathways related to LADC proliferation, progression,
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and apoptosis using a series of bioinformation analyses on
DEGs between LADC and normal tissues. Previous studies
have indicated that early-stage LADC corrects the CAM
pathway.?® The results of this study provide a series of use-
ful targets for future investigation into the molecular mech-
anisms and biomarkers of LADC. Previous studies that
used the complementary DNA microarray system found
that numerous alterations of gene expression were present
in early-stage cancer.”” However, some of functions of those
genes are still unclear, therefore, further molecular biologi-
cal experiments are required to determine the biomarkers
and potential therapeutic targets of early stage LADC.
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