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Abstract. Lung adenocarcinoma is an imminent principal cancer that causes a
huge number of mortality for both men and women because of the respiratory
epithelium. The survival rate analysis of patients improved year by year by using
bioinformatics tools. The purpose of this research aimed to investigate the PPI net-
work of lung cancer and identify the three gene ontology (GO) of gene expression.
The discovery of hub gene biomarkers, on the other hand, aids in the investigation
of overall survival and the occurrence of lung cancer expression. The GSE176348
and GSE85841 were obtained from GEO Databank, and by analyzing GEO2R,
both data classify to the upregulated and downregulated.The regulated data was
analyzed by DAVID server. By using server STRING, Cytoscape and CytoHubba,
PPI network and hub genes of the upregulated and downregulated were con-
structed. The OS and expression level were identified by entering both genes to
the KM plotter server and GEPIA2. 2 DEGs dataset was get from analyzed logFC
value using GEO2R. Results obtained 2 DEGs dataset by GEO2R based on logFC
value and the DEGs will present pathway enrichment analysis. The PPI network
and hub genes identification results shows by cut-off > 0.9 value of ADH1B,
CAV1, GSTA1, ADH1C ADH1A, CXCL12, FGF1, PPARG, FGF2, and IL1A.
The analyzed result from OS showed hazard ratio but expression level presented
the different gene of both LUSC or LUAD and normal tissues. Useful for under-
standing biomarker hub genes of the disease and providing bioinformatics tools
for prognosis prediction analysis.

Keywords: Lung Cancer · PPI network · DEGs · Hub genes · STRING ·
Cytoscape · GEPIA2

1 Introduction

Since 1998 in both men and women, lung cancer is the leading cause of cancer death
worldwide, and its prevalence has increased in recent decades [1]. In 2020, an estimated
19.3 million new cancer cases will indeed be diagnosed worldwide, with over 10.0
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million cancer deaths [2]. Breast cancer in women has overtaken lung cancer as the
most often diagnosed cancer in women [3]. Lung cancer, with an estimated 1.8 million
fatalities, remained the largest cause of cancer death (18 percent) [4]. The cells of the
respiratory epithelium are the cause of lung cancer [5]. There are two types of small
cell lung cancers (SCLC) and non-small cell lung cancers (NSCLC). SCLC accounts
for roughly 10% to 15% of all lung malignancies. This form of lung cancer is the most
aggressive and fastest-growing of all [6]. Cigarette smoking is highly linked to SCLC.
SCLCs spread quickly throughout the body, and they are usually detected after they
have spread widely. The most common type of lung cancer is non-small cell lung cancer
(NSCLC), which accounts for roughly 85% of all occurrences [7]. NSCLC is divided
into three categories based on the cells detected in the tumour. Furthermore, NSCLC
patients are divided into three pathologic groups based on their histological subtypes:
lung adenocarcinoma (LUAD), large cell carcinoma, and lung squamous cell carcinoma
(LUSC) [8].When it comes to lung squamous cell carcinoma (LUSC) and small cell lung
cancer (SCLC), it has a more positive connotation than lung adenocarcinoma (LUAD).
Adenocarcinoma is most commonly detected in the outer parts of the lung layers, and it
is more likely to be discovered before it has spread. People with adenocarcinoma in situ
(formerly known as bronchioloalveolar carcinoma), a kind of adenocarcinoma, have a
better prognosis than those with other types of lung cancer.

There are defined grading standards for most epithelial neoplasms that have prog-
nostic relevance. Grading of lung adenocarcinoma is described by the World Health
Organization (WHO) as a qualitative assessment of tumour differentiation based on
both the extent to which the tumour’s architectural pattern reflects normal lung tissue
and cytologic atypia [9]. When compared to other types of cancer patients, lung car-
cinoma patients have significant symptomatology. Because lung cancer patients have
a low survival rate in the first year after diagnosis, concerns like palliation, death, and
dying are frequently discussed at the time of diagnosis [10]. Patients with Stage I (T1 or
T2, N0, M0) illness have a 5-year survival rate of less than 70%. It’s possible that earlier
identification of peripheral lung cancer will lead to a lower mortality rate [11].

The purpose of this research aimed to investigate the PPI network of lung cancer and
to identify the biological component that contains in the gene of the cancer disease. The
discovery of hub gene biomarkers, on the other hand, aids in the investigation of overall
survival and the occurrence of cancer expression. As a result, bioinformatics tools show
a function that contributes to the lung cancer disease analysis of the prognosis, early
diagnosis and survival rates.

2 Methodology

Retrieval of data from NCBI website
To carry out this study, extracted the data from the NCBIwebsite (https://www.ncbi.nlm.
nih.gov/gds). The data extracted was about lung carcinoma under GEO Datasets from
the study type of expression profiling by array and specified as homo sapiens. From 808
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search results, chosen two different studies which are GEO accession GSE176348 and
GSE85841 where each studies contains 24 samples and 16 samples respectively.

Data Processing and DEGs Selection
The GEO2R tool, which is integrated with GEOquery, Bioconductor/R, and the Limma
package, was performed and result of analysis GEO data expression that already per-
formed was written by using a table ordering gene using GEO Profiles graphic visual-
ization [12]. Both the chosen studies were run in GEO2R analysis which was available
in NCBI. The DEGs screened correspondingly principal standard p< 0.05 and logFC>

1 from the datasets. The value of logFC was used to classify the data to upregulated and
downregulated DEGs which are negative value is downregulated, while positive value
is upregulated.

Identification of common genes via Venn diagram tool
To find out the common genes among the datasets retrieved using Venn diagram website
(http://bioinformatics.psb.ugent.be/webtools/Venn/) [14]. Venn allows input of gene lists
(up to 2 lists, about 88 genes in upregulated and 183 genes in downregulated respectively)
and create a Venn diagram to compare the genes. Here, the upregulated genes were input
in List 1. The gene sets of downregulated was input into List 2. The overlapping sections
of the Venn diagram represent the common genes among the lists and was recorded for
analysis.

Functional Enrichment Analysis
DAVID servers (https://david.ncifcrf.gov/tools.jsp) affiliated Gene Ontology function
and KEGG pathway enrichment with functional annotation. GO examines the function
in large amount of genomic or transcription data, where as KEGG pathways examine
data related to the integration of molecules or genes [15]. DAVID v6.8 analysed and spot
a biological datasets and analysis tool to extracting biological events from the gene lists.
DEGs of the enrichment pathway, molecular, and biological function GO with adjusted
significant value (p-values 0.05 and FDR0.05) were investigated.

PPI Network Analysis using STRING
The PPI network is used by the STRING online database (https://string-db.org/) to com-
pare DEGs based on the dataset’s results. To avoid erroneous PPI network as strong
achieved for PPI network, cut off > 0.9 was fixated as a high confidence interaction
score. The PPI network was consistently removed by the cut-off.

Construction of PPI Network and Hub Genes Identification Using Cytoscape (V
3.9.0)
Cytoscape software v 3.9.0, which was obtained from the STRING database, was used
to visualize the PPI network. The high-level data was provided by the STRING database
with Cytoscape software to project data, which demonstrated the network of enrichment
network and functional detection [16]. The hub gene was generated using cytoHubba in
Cytoscape (v.3.9.0), which found the top five hub genes that were for upregulated and
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downregulated of DEGs respectively and extracted the sub network, where as the MCC
had the highest performance in constructing the PPI network.

The Validation of Survival Analysis Hub Genes
The Kaplan-Meier plotter (http://kmplot.com/analysis/index.php?p=service&cancer=
lung) was done to analyse the effect of 54 000 genes the mRNA, miRNA, and pro-
tein on survival based on 21 types of cancer counting breast cancer, ovarian cancer, lung
cancer, and gastric cancer [17]. As shown in the survival figure, the hazard ratio (HR)
with a 95 percent confidence interval and log-rank P were determined using the R and
Bioconductor package. The GEO database was used to identify overall survival (OS)
and relapse-free data using Affymetrix microarrays, EGA, and TCGA for integrating
clinical data and gene expression from PostgreSQL [18]. The standard p-vaue which is
< 0.05 used to perform an analysis that moderate to the false or positive rate. The 5 hub
genes for both up regulated and down regulated DEGs denoted with JetSet probe ID for
analysed KM survival curves with expression split to low and high for comparison the
expression value and recognized cut offs. KM plotter assessed between correlation and
OS lung cancer.

The Hub Genes Expression Level
TheGEPIA2 (http://gepia2.cancer-pku.cn/#analysis) was known analysis server ofGene
Expression Profiling Interactive Analysis. It is utilized to analyzing the 9 736 tumours
and 8 587 normal samples of RNA sequencing expression data [19]. The analyzing
obtained using a standard processing pipeline from TCGA and GTEx ventures, and a
box plot was used to determine the DEGs in various forms of tumor studies, which
about the abnormal tissues and normal tissue [20]. The expression of the hub gene lung
cancer for LUSC and LUAD was then confirmed. The data in visualisation connection
of signature score was provided by the box plot. The features of GEPIA2 evaluated the
huge data collection between the TCGA and GTEx samples and assessed the expression
data. It looked into a variety of cancer gene types and identified possible biomarkers for
therapeutic targets.

3 Results

Data Accumulation and Identification of DEGs
From808 search results, chosen twodifferent studies that areGSE176348 andGSE85841
datasets that contained a study involving profiles for gene expression analysis of lung
adenocarcinoma and adjacent non-tumour tissues. Two platforms used in theworkwhich
are GPL25759 platform (Agilent-085753 Arraystar Human Epitranscriptomic microar-
ray) in GSE176348 and GPL20115 platform (Agilent-067406 Human CBC lncRNA +
mRNA microarray) in GSE85841.

The differentially expressed genes were determined by the GEO2R tool between two
different of tissues using the log2FC| > 1.0 and p-values < 0.05 cut-off values as the
guided principal value. GEOquery, Bioconductor/R, and the Limma programme were
used to identify the top 250 DEGs. LogFC≥ 1.0 and logFC≤ 1.0 were used to calculate

http://kmplot.com/analysis/index.php?p=service&amp;cancer=lung
http://gepia2.cancer-pku.cn/#analysis
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Table 1. Patients’ information in GSE176348 and GSE85841 derived from the GEO database.

Sample Gross Sample Type

GSE176348 24 Non-small cell lung cancer and normal tissues

GSE85841 16 Non-small cell lung cancer and normal tissues

the identification DEGs for upregulated and downregulated genes, respectively. Among
GSE176348 andGSE85841obtained88genes upregulated and183genes downregulated
of non-small cell lung cancer and adjacent non-tumour tissues. The GSE176348 dataset
included 24 samples and dataset of GSE85841 with 16 samples of non-small cell lung
cancer and adjacent non-tumour tissues. The two datasets of expression profile present
the information of patients as displayed in Table 1. The retrieval of volcano plot of
tumour vs normal along with mean-difference plot tumour vs normal for both the GEO
accession has been showed in Fig. 1a, 1b, 2a and 2b. The number of common genes of
upregulated and respective down regulated were displayed at the overlapping of area of
the Venn diagram in Fig. 3.

Functional Enrichment Analysis
The DEGs were extracted using the functional annotation created by DAVID. The terms
and pathway ofGOenriched the suitable term for upregulated and downregulated biolog-
ical process (BP), molecular function (MF) and cellular component (CC). The dataset
generated a GO biological process. The modified Fisher precise EASE score of 0.05
with a p-value < 0.05 and an FDR value < 0.05 which was considered to be a strong
enrichment value.

The process GO biological of upregulated arrived to the negative regulation of tran-
scription from RNA polymerase II promoter and positive regulation of transcription
from RNA polymerase II promoter. For GO molecular function for upregulated attained
zinc ion binding and protein binding while cellular component presented nucleoplasm,
integral component of membrane, cytosol and extracellular exosome.

The DEGs of biological process downregulated included G-protein coupled receptor
signalling pathway and positive regulation of transcription from RNA polymerase II
promoter. Besides, the molecular function of GO gained zinc ion binding, calcium ion
binding and protein binding. Then, GO cellular component displayed plasmamembrane,
integral component of membrane, extracellular exosome and cytosol. These results are
shown in Table 2. The KEGG pathway upregulated is metabolic pathways. The KEGG
pathway of downregulated DEGs are metabolic pathways and pathways in cancer. The
pathways are represented in Table 3.
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Fig. 1. a. Volcano plot of GSE176348 tumour tissues vs normal. b. Mean-difference plot of
GSE176348 tumour tissues vs normal.
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Fig. 2. a. Volcano plot of GSE85841 tumour tissues vs normal. b. Mean-difference plot of
GSE85841 tumour tissues vs normal
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Fig. 3. Venn diagram of up regulated and down regulated genes.

Table 2. Gene Ontology (GO) terms such as biological process (BP), molecular functions (MF),
and cellular component (CC) of DEGs by using DAVID v6.8 online tools.

Expression Category Term count p-value FDR

Down -
regulated

GOTERM_BP_ DIRECT G-protein coupled
receptor signalling
pathway

12 1.6E-1 1.0E0

GOTERM_BP_ DIRECT Positive regulation of
transcription from RNA
polymerase II promoter

17 1.2E-2 1.0E0

GOTERM_MF_ DIRECT Zinc ion binding 16 6.7E-2 1.0E0

GOTERM_MF_ DIRECT Calcium ion binding 16 1.0E-3 6.9E-2

GOTERM_MF_ DIRECT Protein binding 87 2.5E-2 1.0E0

GOTERM_CC_ DIRECT Plasma membrane 51 4.7E-3 1.3E-1

GOTERM_CC_ DIRECT Integral component of
membrane

54 7.8E-2 1.0E0

GOTERM_CC_ DIRECT Extracellular exosome 36 1.4E-2 2.8E-1

GOTERM_CC_ DIRECT Cytosol 38 5.3E-2 8.0E-1

Up -
regulated

GOTERM_BP_ DIRECT Negative regulation of
transcription from RNA
polymerase II promoter

6 1.9E-1 1.0E0

GOTERM_BP_ DIRECT Positive regulation of
transcription from RNA
polymerase II promoter

7 2.3E-1 1.0E0

(continued)
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Table 2. (continued)

Expression Category Term count p-value FDR

GOTERM_MF_ DIRECT Zinc ion binding 8 2.2E-1 1.0E0

GOTERM_MF_ DIRECT Protein binding 50 2.7E-3 1.6E-1

GOTERM_CC_ DIRECT Nucleoplasm 13 5.0E-1 1.0E0

GOTERM_CC_ DIRECT Integral component of
membrane

14 9.9E-1 1.0E0

GOTERM_CC_ DIRECT Cytosol 27 6.2E-4 2.6E-2

GOTERM_CC_ DIRECT Extracellular exosome 20 2.0E-2 5.4E-1

Table 3. KEGG pathway analysis of differentially expressed genes associated with lung cancer
by using DAVID v6.8 online tools.

Expression Term count p-value FDR

Down-regulated Metabolic pathways 8 9.7E-1 1.0E0

Pathways in cancer 10 1.6E-2 9.5E-1

Up-regulated Metabolic pathways 7 6.3E-1 1.0E0

Protein-protein interaction (PPI) network and Hub genes identification
The PPI of DEGs downregulated and upregulated analyzed using the STRING serverl
as shown in Fig. 4 and Fig. 5. The confidence score was fixed at cut off > 0.9 for
nodes appoint the significance of the PPI network. The query protein constructed the
interaction through Cytoscape v 3.9.0 as PPI network visualization. The network of
upregulated was 82 nodes and 32 edges in Fig. 6 and downregulated, 169 nodes and 139
edges of protein-protein interaction network in Fig. 7. The nodes indicated the total of
proteins and edges as the interaction between nodes.

Both hub genes DEGs analyzed by the cytoHubba tool and the results shows the top-
ranked of protein by MCC method as shown in Table 4 and Table 5. For up regulated,
the top 5 hub genes network contains 5 nodes with 6 edges while for downregulated,
top 5 hub genes network contains 5 nodes with 10 edges. Figure 8 and 9 represents
the PPI network of the top 5 ranked for upregulated and downregulated DEGs. By
analysis PPI network, the top 5 hub genes upregulated were generated ADH1B, CAV1,
GSTA1, ADH1C, and ADH1A. The genes were referred as alcohol dehydrogenase 1B
(class I) (ADH1B), Caveolin 1 (CAV1), Glutathione S-Transferase Alpha 1 (GSTA1),
Alcohol Dehydrogenase 1C (Class I) (ADH1C), and Alcohol Dehydrogenase 1A (Class
I) (ADH1A). The downregulated DEGs of the top 5 hub genes obtained CXCL12,
FGF1, PPARG, FGF2 and IL1A. The genes represent C-X-C motif chemokine ligand
12 (CXCL12), Fibroblast growth factor 1 (FGF1), Peroxisome proliferator activated
receptor gamma (PPARG), Fibroblast growth factor 2 (FGF2) and Interleukin 1 alpha
(IL1A).
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Fig. 4. Protein-protein interaction network of up regulated lung cancer with 82 nodes and 32
edges. Diagram retrieved from STRING database.

The Validation of Survival Analysis Hub Genes
The data of prognostic for both 5 hub genes generated the KM plotter online server to
shows the prognostic value. The curves of results analyzed 40patients lung cancer sample
within a selected parameter. The upregulated DEGs of prognostic values presented the
valid Affymetric ID 215766_at (GSTA1) was high expression that correlated with worse
of overall survival in all patient’s lung cancer with HR = 1.08, CI: 0.95–1.22, P = 0.24.
The significantly high expression of worse OC was Affymetric ID 207820_at (ADH1A)
with HR = 1.02, CI: 0.9–1.15, P = 0.8, Affymetric ID 212097_at (CAV1) with HR =
0.74, CI:0.65–0.84, P = 2.1e-06 and Affymetric ID 206262_at (ADH1C) with HR =
0.68, CI: 0.6–0.77, P = 2.7e-09 but not in Affymetric ID 209613_at (ADH1B) with HR
= 0.67, CI:0.59–0.76, P = 5.3e-10. Figure 10 displayed the expression level hub genes.

The downregulated hub genes are displayed the expression survival of Affymetrix
ID 210118_s_at (IL1A) with HR = 1.41, CI: 1.24–1.6, P = 9.4e-0.8 where the high
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Fig. 5. Protein-protein interaction network of down regulated lung cancer with 169 nodes and
139. Diagram retrieved from STRING database

expression mRNA associated the worse overall survival for lung cancer. Affymetrix ID
208510_s_at (PPARG) with HR= 0.94, CI: 0.83–1.07, P= 0.37 is significant correlated
shows the possibility survival lung cancer is worse. But it is not correlated to all OS lung
cancer patients such as Affymetrix ID 203666_at (CXCL12) with HR = 0.93, CI: 0.82–
1.06, P= 0.3 and Affymetrix ID of 204422_s_at (FGF2) with HR= 0.77, CI: 0.68–0.87,
P = 3.9e-05. Affymetrix ID 205117_at (FGF1) mRNA expression potrayed the good
OS with HR = 0.75, CI: 0.66–0.85 P = 8.4e-06. These were displayed in Fig. 11.

Expression Level of Hub Genes
In comparison to normal tissue samples, the expression level was evaluated box plot
diagram by GEPIA2 tool verified both hub genes: downregulated and upregulated con-
siderably over expressed in two tissue samples. The LUAD and LUSC of lung cancer
with normal tissue samples are represented with red and blue boxes. A median is the
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Fig. 6. Protein-protein interaction network of up regulated lung cancer with 82 nodes and 32
edges. Diagram retrieved from STRING in Cytoscape (V 3.9.0) software.

Fig. 7. Protein-protein interaction network of down regulated lung cancer with 169 nodes and
139. Diagram retrieved from STRING in Cytoscape (V 3.9.0) software.
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Fig. 8. Top 5 hub genes of up regulated of lung cancer. Diagram retrieved from cytoHubba plugin
Cytoscape v 3.9.0.

Fig. 9. Top 5 hub genes of down regulated of lung cancer. Diagram retrieved from cytoHubba
plugin Cytoscape v 3.9.0.

Table 4. Up regulated top 5 hub genes network ranked by MCC method

Top 5 hub genes network ranked by MCC method

Rank Shared Name Display Name Score

1 9606.ENSP00000339191 ADH1B 10

2 9606.ENSP00000209668 CAV1 6

2 9606.ENSP00000306606 GSTA1 6

2 9606.ENSP00000335620 ADH1C 6

2 9606.ENSP00000426083 ADH1A 6
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Table 5. Down regulated top 5 hub genes network ranked by MCC method

Top 10 in network STRING network ranked by MCC method

Rank Shared Name Display Name Score

1 9606.ENSP00000264498 CXCL12 144

2 9606.ENSP00000287820 FGF1 143

3 9606.ENSP00000379140 PPARG 141

4 9606.ENSP00000263339 FGF2 133

4 9606.ENSP00000480791 IL1A 133

middle-positioned thick straight line. Each box’s lower and upper boundaries repre-
sented by first and third quartile, respectively. Error bars in the bottom and top bars was
contains that shows the expression values of minimum and maximum data. Asterisk,
which is statistically significant with every dot, denotes the tumour or normal tissues,
respectively, for differential expression analysis using theANOVAapproach [21]. For up
regulated, the dot indicator displayed in both LUAD and LUSC for ADH1B, CAV1 and
GSTA1 while there is no dot indicator displayed in ADH1C and ADH1A as shown in
Fig. 12. Thus, for down regulated, the dot indicator displayed in both LUAD and LUSC
for CXCL12 and FGF2, while in PPARG the dot indicator only presents in LUSC and
absence of dot indicator in FGF1 and IL1A as shown in Fig. 13.

4 Discussion

Previous studies on hub genes identification on lung cancer that was done by Sangeetha
Subramaniam et al., provide a better understand that biomarker discovery for lung cancer
has made significant progress where exhaled breath testing and circulating miRNA tests
look to be particularly promising for early detection. Prognostic and therapeutic markers
have thus far relied on the isolation of malignant tissue, whether from the lungs or
circulating tumour cells [22]. Expression profiling and target genes of the lung cancer
are important the biomarkers studies with the lung cancer pathogenesis. 250 total of
DEGs was included further studies for gene expression profiles and attempted to predict
top 5 hub genes each in both up regulated and down regulated that plays a role in lung
carcinoma using bioinformatics approach.

We Furthermore, DEGs were identified in MF, BP, and CC lung cancers in order to
obtain functional annotation as a result of GO term up regulated and down regulated.
DEGs have the ability to produce extracellular vesicles from tumour cells as a result
of LUSC and LUAD. The biological processes involved in G-protein coupled receptor
signalling pathway, positive and negative regulation of transcription from RNA poly-
merase II promoter, while cellular component involved in plasma membrane, integral
component of membrane, extracellular exosome, cytosol, nucleoplasm. Thus, molecular
function involves in binding of zinc ion, calcium ion and protein. The both DEGs of
KEGG pathway resulted affiliated with metabolic pathways and pathways in cancer. The
PPI network was closely crossed by the top five (5) hub genes discovered distinguish
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Fig. 10. Prognostic value of five genes with desired valid Affymetrix IDs are ADH1B
(209613_at), CAV1 (212097_at), GSTA1 (215766_at), ADH1C (206262_at) and ADH1A
(207820_at) in up regulated of lung cancer. HR: hazard ratio, CI: confidence interval. Diagram
obtained from KM plotter online server.
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Fig. 11. Prognostic value of five genes with desired valid Affymetrix IDs are CXCL12
(203666_at), FGF1 (205117_at), PPARG (208510_s_at), FGF2 (204422_s_at) and IL1A
(210118_s_at) in down regulated of lung cancer.HR: hazard ratio,CI: confidence interval.Diagram
obtained from KM plotter online server.
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Fig. 12. Expression level of five hub genes of up regulated ADH1B, CAV1, GSTA1, ADH1C and
ADH1A in up regulated of lung cancer.
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Fig. 13. Expression level of five hub genes of up regulated CXCL12, FGF1, PPARG, FGF2 and
IL1A in down regulated of lung cancer.
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with a high confidence level. It also finds that gene and interaction play a role in the
development and progression of lung cancer, particularly in the diagnosis of NSCLC
and SCLC. PPI network recognised and identified the top 5 hub genes.

Based on the studies, three genes which are ADH1A, ADH1B and ADH1C of up
regulated are code for ADH enzymes that belongs to the alcohol dehydrogenase family.
The expression of alcohol dehydrogenase (ADH) enzymes is linked to the progno-
sis of NSCLC and adenocarcinoma patients. Ethanol, retinol, other aliphatic alcohols,
hydroxysteroids, and lipid peroxidation products are among the substrates metabolised
by members of this enzyme family [10]. Ethanol metabolic processes have been discov-
ered mostly in hepatic tissue, but also in the stomach, pancreas, lung, and brain [23].
Class 1 alcohol dehydrogenase has a high ethanol oxidation activity and is involved in
ethanol catabolism. It is made up of multiple homo- and heterodimers of alpha, beta,
and gamma subunits. A gene cluster is formed by the tandem organisation of three genes
encoding alpha, beta, and gamma subunits in a genomic tract [24]. Thus, in ADH1B
gene, it has two transcript variants that code for distinct isoforms that associate with
lung cancer [25].

Caveolin-1 (Cav-1) is a major component of the plasmamembrane’s�-shaped cave-
olae. Cav-1 expression abnormalities in lung cancer have been connected to cancer pro-
gression, including cell proliferation, migration, apoptosis, and treatment resistance. As
a result, a thorough understanding of the relationship between Cav-1 and lung cancer
is required [26]. Cav-1 plays a context-dependent impact in lung cancer as well. Cav-1
expression in lung cancer is significantly lower than in normal pulmonary tissue, and its
expression in cancer tissues of various histological kinds and stages also varies. Cav-1
expression in the parenchyma is higher in SCLC thanNSCLC, and it is lower in advanced
stages than early stages [27].

GlutathioneS-transferaseA1 (GSTA1) is aGST isoform that is involved in the detox-
ification of electrophilic chemicals through glutathione conjugation. Earlier studies have
shown that changing GST gene expression raises the risk of prostate cancer and hepato-
cellular carcinoma [28]. GSTA1 is a glutathione-binding enzyme that adds glutathione
to electrophilic substances such as carcinogens, medicinal medicines, environmental
pollutants, and oxidative stress products. This process is crucial in the detoxification of
these chemicals. This gene located in the cytoplasm or in membrane of cells. Pan et al.
have discovered GSTA1’s promise in the early detection and treatment of lung cancer
[29]. GSTA1 expression was shown to be higher in lung cancer tissues and cells than in
healthy tissues and cells, and GSTA1 inhibition inhibited lung cancer cell proliferation
[30].

CXCL12 is substantially expressed in primary lung cancer, as well as the bone mar-
row, liver, adrenal glands, and brain, all of which are potential locations for lung cancer
metastasis. CXCL12 enhances cancer cell local invasion, whereas CXCL12 deficiency
promotes tumour cell migration to tissues with high CXCL12 expression, such as the
liver, bone marrow, and lung [31]. CXCL12’s significance in NSCLC malignant prolif-
eration is revealed by two lines of data. The first comes from retrospective investigations
of humanmetastatic tumours, in which high CXCL12 expression is linked to a later stage
of disease and a worse prognosis. The second piece of evidence comes from in vitro and
in vivo studies that suggest CXCL12 interactions in the tumour microenvironment may
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promote local tumour growth and that tumour cells that express high levels of CXCR4
have a higher invasive and metastatic potential [32].

Two FGF1 and FGF2 in down regulated, produces a member of the fibroblast growth
factor (FGF) family of proteins. The oncogenic receptor tyrosine kinase (RTK) fibroblast
growth factor receptor 1 (FGFR1) plays critical roles in physiological processes and
cancer progression. Growth hormones, such as fibroblast growth factor 2 (FGF2), induce
FGFR1 signalling, which results in receptor dimerization and transphosphorylation of
FGFR1 [33]. FGF1 have a wide range of mitogenic and cell survival functions and FGF2
bind heparin and have a wide range of mitogenic and angiogenic properties. This protein
has been linked to a number of biological processes, including tumour growth. FGF2
has been identified as the primary cause of chemo-resistance. FGF2 inhibits etoposide-
induced cell apoptosis in SCLC cells via post-transcriptionally modulating inhibitor of
apoptosis protein (IAP) levels and lowering the release of second mitochondria-derived
activator of caspases (Smac) (progress caused cell death in response to cell stress) [34].

Followed by, PPARG gene The peroxisome proliferator-activated receptor (PPAR)
subfamily of nuclear receptors is encoded by this gene. PPARs and retinoid x recep-
tors (RXRs) form heterodimers, which regulate transcription of numerous genes [35].
Another class of nuclear hormone receptors, the peroxisome proliferator-activated recep-
tors (PPARs), has long been recognized for its function in lipid and glucose metabolic
control [1]. Other cellular functions, such as carcinogenesis-relevant cell differentiation,
proliferation, survival, and apoptosis, are now known to be regulated by PPARs, with
these effects mediated by transcriptional activation or repression of PPAR target genes
[36].

Lastly, IL1Aproduces a protein that belongs to the interleukin 1 cytokine family. This
cytokine is a pleiotropic cytokine that has a role in immunological responses, inflam-
matory processes, and hematopoiesis, among other things. Monocytes and macrophages
create this cytokine as a proprotein, which is proteolytically digested and released in
response to cell damage, causing apoptosis [37]. Lung cancer risk is linked to polymor-
phisms in the IL1A genes. When compared to their less metastatic counterparts, highly
metastatic human lung cancer cell lines were shown to express higher levels of IL1A
andwere able to generate tumorswith accelerated angiogenesis and lymph angiogenesis.
The activation of angiogenesis and lymph angiogenesis appears to be IL1A mediated,
as these effects can be reduced by an IL1R antagonist [38].

Researchers are analysing the relevance of gene biomarkers to improve the wors-
ening situation of cancer diseases, with the development of integrative systems biology
approaches. An analysis was carried out to create a PPI network comprising up-regulated
and genes in order to show their connections and functional activities, with the top 5
genes being reported as the most important genes in each category. The KM plotter
of lung cancer patient’s database was used to assess the predictive values of individual
genes, which revealed that chemokine ligand types are implicated in the relative receptor
for cancer progression [39].
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5 Conclusion

The top 250 DEGs in GSE176348, and GSE85841 of gene expression of lung cancer
which are 88 upregulated and 183 downregulated. The mentioned information are inte-
grated from the bioinformatics approach. The PPI network by Cytoscape and STRING
consolidated the top 5 hub genes in lung cancer using Cytohubba tool in Cytoscape.
The top 5 key genes upregulated were ADH1B, CAV1, GSTA1, ADH1C, and ADH1A
while, downregulated were CXCL12, FGF1, PPARG, FGF2 and IL1A. The worsen OS
of CAV1 and FGF2 part for prognostic of pathological with the inflammation process of
tumour growth of cancer in lung. CXCL12 mRNA contains an high expression because
of the good OS patients. These are useful for the understanding of biomarker hub genes
in molecular biology of lung cancer and providing appropriate tools for prognosis pre-
diction. It was also useful to gaining a deeper knowledge about the mechanism of lung
cancer in order to determine risk, develop drugs, and find treatments.
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