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Abstract
Purpose: Lung adenocarcinoma (LUAD) has high heterogeneity and poor prognosis, posing a major
challenge to human health worldwide. Therefore, it is necessary to improve our understanding of the
molecular mechanism of LUAD in order to be able to better predict its prognosis and develop new
therapeutic strategies for target genes.

Methods: The Cancer Genome Atlas and Gene Expression Omnibus, were selected to comprehensively
analyze and explore the differences between LUAD tumors and adjacent normal tissues. Critical gene
information was obtained through weighted gene co-expression network analysis (WGCNA), differential
gene expression analysis, and survival analysis.

Results: Using WGCNA and differential gene expression analysis, 29 differentially expressed genes were
screened. The functional annotation analysis showed these genes to be mainly concentrated in heart
trabecula formation, regulation of in�ammatory response, collagen-containing extracellular matrix, and
metalloendopeptidase inhibitor activity. Also, in the protein–protein interaction network analysis, 10
central genes were identi�ed using Cytoscape's CytoHubba plug-in. The expression of CDH5, TEK, TIMP3,
EDNRB, EPAS1, MYL9, SPARCL1, KLF4, and TGFBR3 in LUAD tissue was found to be lower than that in
the normal control group, while the expression of MMP1 in LUAD tissue was higher than that in the
normal control group. According to survival analysis, the low expression of MYL9 and SPARCL1 was
correlated with poor overall survival in patients with LUAD. Finally, through the veri�cation of the
Oncomine database, it was found that the expression levels of MYL9 and SPARCL1 were consistent with
the mRNA levels in LUAD samples, and both were downregulated.

Conclusion: Two survival-related genes, MYL9 and SPARCL1, were determined to be highly correlated with
the development of LUAD. Both may play an essential role in the development LUAD and may be
potential biomarkers for its diagnosis and treatment in the future.

Introduction
The extremely high morbidity and mortality of lung cancer has become a signi�cant health challenge of
global concern 1. It is estimated that lung cancer will account for 12% of the global cancers in 2020, and
approximately one-fourth of the cancer deaths are caused by lung cancer 2, among which 80% of the
cases exhibit the pathological type of non-small cell lung cancer (NSCLC) 3. Lung adenocarcinoma
(LUAD) is the most common tissue subtype of lung cancer 4. Although surgery, chemotherapy, and
radiotherapy have substantially improved patient prognosis, the patients' 5-year survival rate is only 15%
5. Continued extensive research has led to the identi�cation of biomarkers related to the prognosis of
LUAD, such as epidermal growth factor receptor (EGFR). Although there are many generations of targeted
drugs for lung cancer, such as ge�tinib and alphatinib in the EGFR pathway, the possibility of drug
resistance remains a challenge with important clinical implications 6. With the development of next-
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generation sequencing technology, rapid and advanced research can be undertaken to search for
valuable biomarkers for the diagnosis, prognosis, and treatment of LUAD.

With the development of big bioinformatics data and the progress of genome sequencing technology, it is
now possible to explore the mechanism of tumor occurrence and development in details. In systems
biology, Weighted gene co-expression network analysis(WGCNA) approach uses unsupervised
hierarchical clustering to effectively assign highly co-expressed genes into modules. Furthermore, it
analyzes the relationship between the modules and clinical features, and thus enables critical genes in a
module to be identi�ed. After identi�cation, the genes can be analyzed further based on their signi�cance,
as well as intra-modular connectivity 7. Analysis of differential gene expression (DGE) is an essential part
of transcriptomic analysis that offers an effective approach to the study of genomic regulation, as
molecular mechanism. It also aids in revealing quantitative variations in levels of expression between the
experimental and control groups. It plays an essential role in identifying potential biomarkers of speci�c
diseases 8. Therefore, to optimize the identi�cation of genes that are highly related as candidate
biomarkers, we combined WGCNA with DGE analysis.

We analyzed LUAD mRNA expression data in the Gene Expression Omnibus(GEO) as well as the The
Cancer Genome Atlas(TCGA) web data resources using WGCNA and DGE analysis to obtain DEGs. We
further explored the development mechanism of LUAD through Gene Ontology(GO) along with Kyoto
Encyclopedia of Genes and Genomes(KEGG) enrichment analyses, protein–protein interaction(PPI)
network analysis, and survival analysis, and veri�ed our results using the Oncomine database. Herein, we
aimed to analyze the differential co-expression of target genes in LUAD because it provides a potential
basis for clinical diagnosis or therapy and improves our understanding of the potential molecular events
underlying LUAD.

Material And Methods

Data processing and analysis of differential expression
We retrieved data on transcriptome RNA-seq of 551 LUAD cases, out of which 54 cases were non-tumor
samples and 497 cases were tumor cases from the TCGA web data resource
(https://portal.gdc.cancer.gov/) with level 3. Also, the normalized expression pro�les of GSE8569 and
GSE118370, the other two gene expression pro�les of LUAD from GEO, were obtained by R packet
GEOquery 9. GSE8569 consists of 69 tumor samples as well as 6 matched non-tumor tissues from LUAD
patients. GSE118370 consists of 6 tumor samples and 6 matched non-tumor tissues from LUAD patients.
To �nd the DEGs in tumor samples versus the non-tumor ones, we employed statistics to analyze the
TCGA-LUAD, GSE8569, and GSE118370 datasets with the Linear Models for Microarray Data (LIMMA) R
package 10. To adjust the P values for multiple tests, we used the Benjamini-Hochberg approach to
control the false discovery rate (FDR). DEGs were those with the cut-off criteria of |log fold change (FC)|
≥ 1.0, and adjusted(adj.) P < .05. Meanwhile, the ggplot2 package helped us generate volcano maps of
the DEGs.
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Analysis of weighted gene co-expression network
WGCNA is effective in identifying gene sets that are highly synergistically altered. Also, it can be
employed to select therapeutic targets and genes for candidate biomarker according to the how
phenotype is related to gene set connectivity. Herein, we utilized the WGCNA 7 in R package to construct
the pro�les of TCGA-LUAD, GSE118370, and GSE8569 into gene co-expression networks based on gene
expression data. To determine the key modules and establish a scale-free network, the soft-thresholding
power was set to 2, 5, and 7, and scale-free R2 as > 0.85.Subsequently, we conducted Pearson's
correlation test using the modules to analyze their relationship with the clinical features of LUAD.
Statistical signi�cance was set at adj. P < .05.

Identi�cation of potential prognostic genes
To identify potential prognostic genes, we used Sangerbox Tools http://www.sangerbox.com/tool).
Overlap the DEGs extracted from the co-expression network with TCGA-DEGs, GSE118370-DEGs, and
GSE8569-DEGs

GO and KEGG pathway enrichment analyses the genes of
interest
GO along with KEGG pathway enrichment analyses we conducted by utilizing the R package
clusterPro�ler 11, adj. p < .05 to further reveal the possible biological functions of intersecting DEGs.
Besides, the biological processes, cell components, molecular function, as well as the KEGG pathways
were visualized using the R package ggplot2 and GOplot.

Hub gene screening and PPI construction
Search Tool for the Retrieval of Interacting Genes(STRING ; https://string-db.org/) was utilized to generate
a PPI network composed of selected genes. The tool is designed to predict PPIs. We chose the genes that
had a score ≥ 0.15 to generate a network model visualized with Cytoscape (v3.8.0). We introduced the
PPI network into the Cytoscape software platform and used the maximal clique centrality (MCC) function
to comprehensively analyze the relationship between nodes, which was the most effective way to �nd
hub genes in the co-expression network 12.

Survival analysis
To understand the association of the overall survival (OS) with the hub genes, Kaplan-Meier (KM)
univariate survival assessment was conducted with the survival R package to analyze data on gene
expression and survival (retrieved from the TCGA data resource). The association of the disease-free
survival (DFS) with the expression of hub gene in LUAD patients was examined using the Gene
Expression Pro�ling Interactive Analysis web server platform (http://gepia.cancerpku.cn/index.html).
Herein, we only selected patients who did not dropout during follow-up for survival analysis. The patients
were grouped based on the hub genes' median expression. The log-ranking p < .05 of the survival-related
hub genes were considered statistically signi�cant.
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Veri�cation of hub gene expression related to survival in the
Oncomine database
The Oncomine web platform (https://www.oncomine.org/) was employed to explore the transcript levels
of hub genes in LUAD versus non-tumor tissues following hub gene selection. The present data on
Oncomine consists of 65 gene expression datasets containing about 48 million results on gene
expression coming from more than 4700 microarray studies 13. It has made a signi�cant contribution to
the in-depth analysis of differential genes.

Results

Generation of Weighted Gene Co-expression Modules
For each of the three datasets (TCGA-LUAD, GSE8569, GSE118370), we performed a series of steps for
constructing a gene co-expression network, as outlined in, using the WGCNA software package available
as an R package. With each module assigned a color, this study identi�ed 13 modules in TCGA-LUAD, six
modules in GSE8569 (excluding gray modules that are not assigned to any cluster), and 74 modules in
GSE118370(Fig. 1). Then, we drew a heat map of three module-feature relationships to evaluate the
association between each module and the two clinical features (normal and tumor). The turquoise
module in TCGA-LUAD, the turquoise module in GSE8569, and turquoise module in GSE118370 had the
highest correlation with normal tissues (TCGA-turquoise:r = 0.8,p = 9E − 122;GSE8569-turquoise:r = 0.62,p 
= 4E − 09;GSE118370-turquoise: r = 0.91,p = 4E − 05)(Fig. 2).

Identi�cation of potential prognostic genes
A total of 3582 DEGs, 367 DEGs, and 789 DEGs were misexpressed in tumor tissues in TCGA, GSE8569,
and GSE118370 datasets, respectively (|logFC|≥1.0, adj. P < 0.05). 7652, 450, and 1867 co-expressed
genes were found in TCGA-turquoise module, GSE8569-turquoise module and GSE118370-turquoise
module, respectively. Finally, 29 overlapping genes were extracted and used for follow-up analysis. (
Fig. 3)

GO, KEGG pathway enrichment analyses
To comprehend further the potential function of 29 overlapping genes, we conducted the GO as well as
the KEGG pathway enrichment assessment via the clusterPro�ler software package. GO analysis showed
that the biological process (BP) of 29 genes was primarily concentrated in heart trabecula formation,
regulation of in�ammatory response, and fat cell differentiation. The cellular component (CC) analysis
showed that these genes primarily participates in the collagen-containing extracellular matrix, cell-cell
junction, and stress �ber. Besides, metalloendopeptidase inhibitor activity and cytokine receptor binding
were found to be related to these 29 genes in the molecular function (MF) analysis (P < .05). A rich
analysis of the KEGG pathway with P < .05 showed that 29 overlapping genes were related to the complex
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biological behavior of LUAD, such as "Leukocyte transendothelial migration," "Relaxin signaling pathway,"
"Chemokine signaling pathway," and "PPAR signaling pathway." The most signi�cantly rich GO terms and
KEGG pathways indicate that 29 genes interact at the functional level. ( Fig. 4)

Development of the PPI network and assessment of hub
genes
The PPI network of the 29 overlapping target genes was constructed via the STRING web platform
(Fig. 5A). The selected hub genes from the PPI network using the MCC algorithm and cytoHubba plugin
are shown in Fig. 5B. Cadherin 5 (CDH5), tek receptor tyrosine kinase (TEK), timp metallopeptidase
inhibitor3 (TIMP3), endothelin receptor type B (EDNRB), endothelial pas domain protein 1 (EPAS1),
myosin light chain 9 (MYL9), matrix metallopeptidase 1 (MMP1), SPARC-like protein 1 (SPARCL1),
kruppel like factor 4 (KLF4), as well as the transforming growth factor-beta receptor 3 (TGFBR3), were
selected as hub genes. (Fig. 5)

Veri�cation of prognostic value of Hub gene
Based on the clinical information of TCGA-LUAD and GEPIA2 databases, 10 hub genes were analyzed by
OS and DFS to investigate the prognostic value of hub genes in patients with LUAD. Kaplan-Meier
analysis(Fig. 6) showed that among the 10 hub genes, the low expression of MYL9 and SPARCL1 was
signi�cantly correlated with OS in LUAD patients (P < 0.05), while in DFS (Fig. 7), the expression level of
hub genes was not signi�cantly different from that in LUAD patients (P < .05).

Veri�cation of Hub Gene expression pattern
Using the Oncomine database, we obtained 428 items and 349 items of differential expression of MYL9
and SPARCL1 in different tumor types, respectively. A total of 57 studies revealed that there was a
substantial difference in the expression of MYL9 between tumor tissues and non-tumor tissues, of which
MYL9 was upregulated in 19 items and downregulated in 38 items (Fig. 8A). It is worth noting that MYL9
expression is suppressed in lung cancer (n = 11). A total of 74 studies revealed a considerable difference
in the expression of SPARCL1 between tumor tissues and non-tumor tissues, including 23 upregulated
and 51 downregulated items (Fig. 8B). As shown in Fig. 8B, the expression of SPARCL1 is downregulated
in lung cancer (n = 11). There are 10 studies14–23 in Oncomine about the differential MYL9 expression in
lung cancer tissues and non-tumor tissues, including 1112 samples. The meta-analysis data revealed
that the expression of MYL9 in lung cancer tissues was downregulated in contrast with that in non-tumor
tissues (Median Rank = 333.0, P = 9.99E − 6) (Fig. 8C). Twelve studies 14–20, 22–26 analyzed expression
difference of SPARCL1 between lung cancer tissues and non-tumor tissues, including 1236 samples. The
meta-analysis data indicated that the expression of SPARCL1 in lung cancer tissues was downregulated
in contrast with that in non-tumor tissues (Median Rank = 227.5, P = 6.76E − 9) (Fig. 8D). (Fig. 8)
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Discussion
Among all categories of lung cancers, LUAD is one of the most common histological type. Determining
the molecular mechanism underlying the occurrence and development of LUAD and the development of
new therapeutic targets are essential means for improving its poor prognosis and low survival rate.
Therefore, there is an urgent need to obtain comprehensive knowledge about the underlying molecular
features of LUAD and identify more potential biomarkers for disease diagnosis and treatment.

In this study, we identi�ed 29 signi�cant genes that exhibited similar trend in their expression in TCGA,
GSE8569, and GSE118370 databases by comprehensive bioinformatic analysis. Functional annotation
assessment of the ClusterPro�ler software package showed that the genes were primarily involved in
heart trabecula formation and the regulation of in�ammatory response, which are closely related to
angiogenesis modulation, survival of endothelial cells, migration, proliferation, cell expansion and
adhesion, recombination of the actin cytoskeleton, and maintenance of vascular resting. According to the
MCC score of the CytoHubba plug-in, the �rst 10 genes related to LUAD were screened. It was found that
the expression patterns of CDH5, TEK, TIMP3, EDNRB, EPAS1, MYL9, SPARCL1, KLF4, and GFBR3 in LUAD
tissues were lower in contrast with those in the non-tumor control group, while the expression pattern of
MMP1 in LUAD tissues was higher relative to the non-tumor control group. Among them, the low
expression of MYL9 and SPARCL1 was found to be signi�cantly related to patients' poor OS in LUAD.
Lastly, the expression patterns of MYL9 and SPARCL1 were veri�ed using the Oncomine database.

MYL9 is a protein-encoding gene 27. The myosin regulatory subunit has an essential role in modulating
smooth muscle as well as non-muscle cell contractile activity through its phosphorylation. Re�ected in
cytokinesis, cell locomotion, receptor capping 28, 29. It is worth noting that myosin is also thought to
participate in tumor progression as well as metastasis. MYL9 facilitates airway smooth muscle cell
migration and contraction, migration of megakaryocyte and tip cell under pathological conditions such
as angiogenesis and tumor growth during development 30–32. MYL9 is modulated by the troponin-related
transcription factor-serum response factor (MRTF-SRF) cascade and is necessary for the migration of
tumor cells, megakaryocytes, and TIP cells in vivo. The upregulation of MYL9 can also promote the
invasive function of tumor-related �broblasts. Our research shows that the leukocyte transendothelial
migration signaling pathway is closely related to MYL9, an essential mechanism for transporting white
blood cells to the site of injury, immune response, or infection in the in�ammatory response 33. Many
researchers have found that MYL9 is expressed in a variety of tumors. Some studies have shown that
MYL9 upregulation is remarkably linked to the shorter survival time of patients with colorectal cancer 34–

36. Studies by Kruthika et al. have shown that the high expression of MYL9 in patients with glioblastoma
is related to poor prognosis and plays an essential role in improving tumor invasiveness 37. Huang et al.
found that the downregulation of MYL9 in stroma indicates progression of prostate cancer and poor
biochemical recurrence-free survival 38. Our results showed that a higher level of MYL9 in tumor tissue
was linked to good disease outcomes LUAD patients. We speculate that MYL9 may be a human tumor
suppressor gene.
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Glycoprotein SPARCL1 belongs to the SPARC family of matricellular proteins 39. GO analysis showed that
the biological process closely related to SPARCL1 was cell-cell adhesion through plasma-membrane
adhesion molecules. Cell adhesion molecules are at least partly embedded in the cell membrane. It is
related to the modulation of cell adhesion, proliferation, migration 39. Many studies have shown that
SPARCL1 has different expression patterns in different types of tumors and plays the tumor suppressor
and angiogenesis regulator 40–42. Nelson et al. 43 demonstrated for the �rst time that the transcriptional
level of SPARCL1 is lower in transformed prostate epithelial cell lines and metastatic prostate cancer
cells, strongly suggesting the hypothetical role of SPARCL1 in inhibiting the progression and metastasis
of prostate cancer. A comprehensive analysis by Wu et al. 44 showed that the downregulated expression
of SPARCL1 might be vital for the formation and pathogenesis of cervical cancer. It is also related to
precancerous lesions and migration in the occurrence of cervical cancer. Ma et al. 45 found that SPARCL1
protein expression in ovarian cancer tissues is lower in contrast with the neighboring non-tumor tissues,
which may suppress the migration along with the proliferative ability of ovarian cancer cells by
downregulating the MEK/ERK signaling pathway. The results of Han et al. 46 indicated that the
expression of SPARCL1 protein in colorectal tumors was substantially lower compared to corresponding
non-tumor tissues, which may be used as a potential tumor suppressor gene and associated with a good
prognosis. In our study, relative to non-tumor tissues, SPARCL1 expression was lower in tumor tissues,
which was near related to LUAD. The survival analysis data revealed that the higher level of SPARCL1 in
tumor tissue was linked to the good prognosis of patients with LUAD.

Although this study screened the DEGs of LUAD tumor tissue and neighboring non-tumor tissue from the
publicly downloaded data sets and conducted a comprehensive bioinformatic analysis, the molecular
mechanism of survival-related genes in�uencing the prognosis of LUAD patients should be further
veri�ed to validate our �ndings.

Conclusion
This study applied a comprehensive transcriptomic approach to analyze available transcriptomic data to
identify key prognostic genes in LUAD. We identi�ed the low expression of MYL9 and SPARCL1 was
found to be signi�cantly related to patients' poor OS in LUAD.These �ndings require validation by further
interventional and functional studies.
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Figure 1

Identi�cation of modules associated with the clinical information in TCGA-LUAD,GSE8569,GSE118370
datasets. The Cluster dendrogram of co-expression network modules was ordered by a hierarchical
clustering of genes based on the 1-TOM matrix. Each module was assigned different colors. (A)TCGA-
LUAD,(B)GSE8569,(C)GSE118370.
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Figure 2

Module-trait associations. Every row represents a color module, whereas the column represents to a
clinical parameter (cancer and non-tumor). Every cell contains the respective association and P-value.
(A)TCGA-LUAD,(B)GSE8569,(C)GSE118370.
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Figure 3

Determination of the DEGs between the TCGA, GSE8569 and GSE118370 cohorts of LUAD with the cut-
off criteria of adj. P < .05 as well as |logFC| ≥ 1.0 (A) Volcano plot of DEGs in the TCGA dataset. (B)
Volcano plot of DEGs in the GSE8569 dataset. (C) Volcano scatter plot of DEGs in the GSE118370 cohort.
(D) The Venn diagram of genes among DEG lists and co-expression module. Overall, 29 overlapping
genes in the intersection of DEG lists and three co-expression modules.
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Figure 4

GO, KEGG pathway enrichment analyses.(A) GO enrichment analyses of 29 overlapping genes.(B) KEGG
pathway enrichment analyses of 29 overlapping genes.

Figure 5

PPI network as well as the visualization of the candidate hub gene. (A) PPI network of the genes: DEG
lists vs. three co-expression modules. The genes are represented by blue nodes. Interaction between the
nodes are represented by edges. (B) Uncovering of the hub genes from the PPI network via the maximal
clique centrality (MCC) algorithm. Edges indicates the protein-protein cross talks. High MCC sores genes
are represented by red nodes, whereas, the yellow node indicates low MCC sore genes.



Page 17/18

Figure 6

Overall survival (OS) evaluation of 10 hub genes in LUAD patients from the TCGA data resource. Survival
assessment for: (A) CDH5 in LUAD. (B) TEK in LUAD. (C) TIMP3 in LUAD. (D) DNRB in LUAD. (E) EPAS1 in
LUAD. (F) MYL9 in LUAD. (G) SPARCL1 in LUAD. (H) KLF4 in LUAD. (I) TGFBR3 in LUAD. (J) MMP1 in
LUAD. Patients were classi�ed into the low-level group (blue) and high-level group (red) based on median
expression of the gene (Log-rank P <.05).
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Figure 7

Differential expression of the hub gene in tumors and expression pro�le of hub genes in lung cancer
tissues in the Oncomine data resource. (A). Differential expressions of MYL9 in tumors. (B). Differential
expressions of SPARCL1 in tumors. (C). Expression pro�le of MYL9 in the lung cancer tissues according
to the Oncomine data resource. (D). Expression pro�le of SPARCL1 lung cancer tissues according to the
Oncomine data resource.


