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Abstract. Lung adenocarcinoma (LUAD) is a common malig‑
nancy throughout the world with high levels of mortality and 
morbidity. In the present study, potential biomarkers and treat‑
ment targets for LUAD were investigated using data from The 
Cancer Genome Atlas. Overall, 4,485 differentially expressed 
genes (DEGs) were identified (1,857 upregulated and 2,628 
downregulated) between tumor and adjacent control tissues. 
Functional analysis with Gene Ontology, Kyoto Encyclopedia 
of Genes and Genomes, Gene Set Variation Analysis and 
Gene Set Enrichment Analysis revealed significant enrich‑
ment of the DEGs in pathways related to system development, 
cell cycle and cell adhesion. Weighted gene co‑expression 
network analysis distinguished ten co‑expression modules on 
inclusion of the clinical profiles of patients with LUAD. Of 
these, the blue/turquoise modules showed peak association 
with tumor onset. Analysis of hub modules identified five 
hub genes, namely ANGPTL7, SLC6A4, PTPRQ, KCNA4 and 
TEDC2 (also known as C16orf59). Survival analysis revealed 
associations between hub‑gene expression profiles and patient 
prognosis. Downregulation of SLC6A4 in LUAD tumor tissues 
was confirmed using immunohistochemistry. Additional 

assays (Cell Counting Kit‑8, colony formation, scratch assay, 
cell cycle, Transwell invasion assay and cell adhesion assay) 
revealed that SLC6A4 overexpression inhibited A549 cell 
growth, invasion and migration. The findings demonstrated 
that the hub genes could act as treatment targets or new 
biomarkers for LUAD.

Introduction

Lung cancer has both high prevalence and a high mortality, 
with over 2 million new diagnoses and 1.7 million 
cancer‑related deaths per year (1). The most common types 
are lung adenocarcinoma (LUAD) and lung squamous cell 
carcinoma (LUSC). LUAD has a high prevalence (2‑4) with 
a 40% contribution to all diagnosed cases of lung cancer (5). 
Despite improvements in clinical prognosis due to advances 
in diagnostic methods, surgery, and adjuvant and molecular 
therapeutics (6), the five‑year survival rates remain low (7,8).

Tumor markers in patient sera are frequently employed 
for the diagnosis and differential diagnosis of lung cancer. 
These include carcinoembryonic antigen (CEA), cytoker‑
atin‑19‑fragment (CYFRA21‑1), squamous cell carcinoma 
antigen, neuron‑specific enolase, and pro‑gastrin‑releasing 
peptide (9,10). CEA and CYFRA21‑1 have been revealed to 
be markedly increased in the sera of patients with LUAD 
and to be associated with pathological types and clinical 
stage (11). In addition, CYFRA21‑1 or CEA in the serum 
may also be used as a marker for evaluating the efficacy 
of immunotherapy in LUAD  (12). The use of marker 
combinations can also improve the sensitivity and accuracy 
of diagnosis, as well as the accuracy of distinguishing 
between different tissue types (10). However, serum levels 
of CEA (13) and CYFRA21‑1 are often increased in other 
cancers and non‑cancer diseases, and the sensitivity of a 
single marker for lung cancer screening was identified to be 
<65% (14). These issues may lead to false‑positive/negative 
results. Furthermore, other traditional diagnostic techniques 
lack sufficient sensitivity and specificity for early diagnosis. 
These include computed tomography, fiberoptic bronchos‑
copy and chest radiography (11). Therefore, the search for 
additional markers for use in combined diagnosis is of great 
importance in LUAD.
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Next‑generation sequencing has created new avenues for 
studying the genomic, transcriptomic, and epigenomic features 
of tumors (15). Network analysis, in particular, can be used 
to apply systems biology methodologies for the successful 
integration of data from multiple large‑scale databases 
containing data on cancers and other complex human diseases. 
It allows the investigation and analysis of processes in terms 
of molecular interactions (16‑19). For instance, weighted gene 
co‑expression network analysis (WGCNA), a systems‑biology 
approach, is an accurate and effective approach for multi‑gene 
research (20‑22). The R package ‘WGCNA’ can be used to 
analyze the various components of the weighted correlation 
network analysis  (20,23). Associations between multiple 
genes or across clinical samples and expression profiles can 
be examined through scale‑free networking (20). WGCNA 
is frequently used to identify key hub genes and modules 
in multiple tumor types. A previous study used competitive 
endogenous RNA (ceRNA) network analysis and WGCNA 
to determine hub genes associated with breast cancer prog‑
nosis (24). In another study, 21 key genes that could act as 
possible therapeutic targets in hepatocellular carcinoma were 
identified using WGCNA (25). Furthermore, in a previous 
study the top 10 hub genes related to poor patient prognosis 
in glioblastoma were identified using WGCNA (26). In the 
present study, WGCNA was used for the identification of five 
novel LUAD‑associated hub genes and one was selected to 
verify its biological function.

RNA sequencing data on LUAD tissues were obtained 
from The Cancer Genome Atlas (TCGA), and differentially 
expressed genes (DEGs) between LUAD and adjacent healthy 
tissue were identified. Functions of the DEGs were examined 
and WGCNA was employed to identify associations between 
gene expression and clinical features. Hub genes were veri‑
fied with survival analysis, and were validated against other 
databases. The results of the present study offer new insights 
into LUAD pathogenesis and the five identified hub genes may 
have potential as markers or drug targets for treating LUAD.

Materials and methods

Data collection and handling. Data, including information on 
clinical features and RNA sequencing, were obtained from 
TCGA‑LUAD dataset on the UCSC Xena website (https://
xena.ucsc.edu/). The RNA sequencing data were derived from 
517 tumor and 59 normal tissues. Tissues from non‑primary 
tumors and outlier samples were excluded through principal 
component analysis (PCA), performed by ‘stats’ package 
in R (v. 3.6.0; developed by the R core team and contribu‑
tors worldwide). Specifically, gene expression profiling was 
normalized by z‑scores, and further dimensionality reduction 
analysis was conducted using the ‘prcomp’ function to obtain 
the corresponding matrix. Clinical parameters, including sex, 
smoking history, stage and histological type, were analyzed 
using chi‑square tests (Table I). The procedures used in the 
present study are revealed in Fig. 1.

DEG identification and functional enrichment. The ‘limma’ 
package in R (v. 3.40.6), a generalized linear model‑based 
differential expression screening application, was used for 
DEG identification (27). Gene expression was examined with 

linear regression with the ‘lmFit’ function. The ‘eBayes’ func‑
tion was used to calculate moderated F‑stastistics, moderated 
t‑statistics, and log‑odds of differential expression based on 
the empirical Bayes moderation of standard errors. Gene 
significance levels were determined. DEGs were identified 
using log2 (fold change) with the criteria of |log2 (fold change)| 
>1 and P<0.01. R was used for preparing volcano plots.

Functional analysis of the DEGs was undertaken with 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) using the ‘clusterProfiler’ (v. 3.14.3) 
package in R (27). The GO database has the following catego‑
ries: Cellular component (CC), biological process (BP), and 
molecular function (MF). The file containing the DEGs was 
used as the foreground and the full list of genes was added 
as the background along with an annotation information file. 
P‑values <0.05 were considered statistically significant.

To examine changes in signaling pathways between tumors 
and normal tissues, Gene Set Variation Analysis (GSVA; 
v.1.40.1; https://bioconductor.org/packages/release/bioc/
html/GSVA.html) was performed based on KEGG gene‑set 
from molecular signature database (MSigDB; https://www.
gsea‑msigdb.org/gsea/msigdb) using the ‘GSVA’ R package. 
Differences between groups in the same dataset were analyzed 
with Gene Set Enrichment Analysis (GSEA; https://www.
gsea‑msigdb.org/gsea/index.jsp).

WGCNA. The ‘WGCNA’ package (v.1.72.1) in R was used 
for construction of the DEG co‑expression network (20,28). 
Initially, Pearson's correlation coefficient matrices and average 
linkage were created across the entirety of pair‑wise gene 
comparisons. Subsequently, a weighted adjacency matrix 
was created employing the power function A_mn=|C_mn|^β 
(C_mn=Pearson's correlation across genes m and n; 
A_mn=adjacency across genes m and n). Utilizing the ‘pick‑
SoftThreshold’ function of ‘WGCNA’ package, a suitable soft 
threshold power (β) guaranteed scale‑free networking, empha‑
sizing strong gene‑gene correlations while penalizing poor 
correlations. Finally, the adjacency matrix was changed to a 
topological overlap matrix (TOM) to assess the connectivity 
within the gene network. The related dissimilarity was calcu‑
lated as 1‑TOM. Genes with the same expression patterns were 
grouped by average linkage hierarchical clustering. Each gene 
group contained at least 30 for incorporation into the dendro‑
gram using the TOM‑based dissimilarity metric (29,30).

The module eigengene, obtained by performing PCA on 
all genes within a module, was used to describe the overall 
gene expression within that module (15). To identify clinically 
significant modules, associations across module eigengenes and 
clinical features were assessed. Linear correlations between 
clinical parameters and gene expression profiles were attributed 
a gene significance (GS) value. Module membership (MM) was 
obtained by examining correlations between the expression of 
the genes within the module and module eigengenes. The key 
genes of the module were assumed to be connected with LUAD 
if the GS was highly associated with MM (31,32). These central 
genes were considered alternative hub genes.

Survival analysis. Initially, 19 hub‑gene expression profiles/
prognosis datasets were obtained for 488 LUAD specimens. 
After integration of survival time/status with gene expression 
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profiles using the R ‘survival’ package (v.3.3.5; https://github.
com/therneau/survival), univariate Cox regression was 
performed to assess each gene's prognostic value. In addi‑
tion, survival differences between patients with increased 
and decreased expression were analyzed using Kaplan‑Meier 
survival curves with medians as cut‑offs. A gene was consid‑
ered a hub gene if the log‑rank test yielded a P‑value <0.05.

Bioinformatics validation. The respective levels of hub genes 
in the tumor and control tissues were analyzed in datasets 
from TCGA/Genotype‑Tissue Expression (GTEx; v.8; https://
gtexportal.org/home/). The Gene Expression Omnibus 
(GEO) GSE116959 dataset  (33) was used for validation. 
Non‑parametric tests were used with differences considered 
statistically significant at P<0.05.

Correlation and interaction analysis. Based on the expression 
profile used in the current investigation, Spearman's correlation 

analysis was performed using GraphPad Prism (v.8.0.2; 
GraphPad Software, Inc.) between the five hub genes and 
tumor suppressor genes (RB1, TP53 and PTEN). Additionally, 
the analysis in STRING (v. 11.5; https://cn.string‑db.org/) 
was conducted to determine whether there is an interaction 
between them.

Mutation analysis. The LUAD dataset was accessed and 
analyzed on the cBioPortal website (https://www.cbioportal.
org/). To this end, 566 samples from the ‘Lung Adenocarcinoma 
(TCGA; Pan‑Cancer Atlas)’ dataset were used to analyze 
genetic alterations and transcriptomic expression z‑scores 
(RNA Seq V2 RSEM) in the hub genes. Additionally, 
Mutation‑Mapper tools in cBioPortal were used for visual‑
izing the mutation landscape of the hub genes.

Immunohistochemistry (IHC). The downregulated gene SLC6A4 
with the greatest difference was selected for immunohistochemical 

Table I. Clinical data and number of samples for The Cancer Genome Atlas lung adenocarcinoma dataset.

	 Living	 Deceased	 Total
Parameters	 (n=332)	 (n=188)	 (n=520)	 P‑value

Age, years				    0.34a

  Median (min‑max)	 66.00 (33‑87)	 67.00 (40‑88)	 66.00 (33‑88)	
Sex				    0.60
  Female	 181 (34.81)	 98 (18.85)	 279 (53.65)	
  Male	 151 (29.04)	 90 (17.31)	 241 (46.35)	
Smoking history				    0.74
  Lifelong non‑smoker	 47 (9.29)	 28 (5.53)	 75 (14.82)	
  Current smoker	 79 (15.61)	 43 (8.50)	 122 (24.11)	
  Current reformed smoker for >15 years	 94 (18.58)	 42 (8.30)	 136 (26.88)	
  Current reformed smoker for ≤15 years	 105 (20.75)	 64 (12.65)	 169 (33.40)	
  Current reformed smoker, duration not specified	 3 (0.59)	 1 (0.20)	 4 (0.79)	
Stage				    8.80x10‑9

  I	 210 (41.02)	 69 (13.48)	 279 (54.49)	
  II	 69 (13.48)	 54 (10.55)	 123 (24.02)	
  III	 37 (7.23)	 47 (9.18)	 84 (16.41)	
  IV	 10 (1.95)	 16 (3.13)	 26 (5.08)	
Histological type				    0.07b

  Lung acinar adenocarcinoma	 16 (3.08)	 2 (0.38)	 18 (3.46)	
  Lung adenocarcinoma mixed subtype	 71 (13.65)	 36 (6.92)	 107 (20.58)	
  Lung adenocarcinoma‑not otherwise specified 	 192 (36.92)	 133 (25.58)	 325 (62.50)	
  Lung bronchioloalveolar carcinoma mucinous	 4 (0.77)	 1 (0.19)	 5 (0.96)	
  Lung bronchioloalveolar carcinoma non‑mucinous	 14 (2.69)	 5 (0.96)	 19 (3.65)	
  Lung clear cell adenocarcinoma	 2 (0.38)	 0	 2 (0.38)	
  Lung micropapillary adenocarcinoma	 2 (0.38)	 1 (0.19)	 3 (0.58)	
  Lung mucinous adenocarcinoma	 2 (0.38)	 0	 2 (0.38)	
  Lung papillary adenocarcinoma	 16 (3.08)	 7 (1.35)	 23 (4.42)	
  Lung signet ring adenocarcinoma	 0	 1 (0.19)	 1 (0.19)	
  Lung solid pattern predominant adenocarcinoma	 5 (0.96)	 0	 5 (0.96)	
  Mucinous (colloid) carcinoma	 8 (1.54)	 2 (0.38)	 10 (1.92)	

aMann‑Whitney U‑test. bFisher's exact test. Values are expressed as n (%) unless otherwise indicated.
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verification. IHC was carried out on tumors and paired normal 
tissues obtained from three patients with LUAD. Tissue sections 
were purchased from Wuhan Shuangxuan Biotechnology Co., 
Ltd. (http://www.whshuangxuan.com/h‑pd‑23.html; cat. no. 
IWLT‑N‑106AL94). IHC on the tissue sections was performed 
by Guangxi Kingmed Diagnostics Group Co., Ltd. (author JW 
was involved in the staining of the tissues). The tissues were fixed 
in 10% formalin (1 h, room temperature), paraffin‑embedded 
and cut into 2‑3 µm sections, which were mounted on adhe‑
sion microscope slides (CITOGLAS; Jiangsu Shitai) and left 
at 70‑80˚C for 20 min. The adhesion microscope slides were 
then deparaffinized in xylene, followed by rehydration in an 
alcohol gradient and rinsing with tap water and antigen retrieval 
in Tris‑EDTA, pH 9.0. Following washing with tap water, the 
sections were submerged in peroxidase blocking reagent (3% 
H2O2) at room temperature for 20  min. The sections were 
incubated with an anti‑SLC6A4 antibody (1:100 dilution; 
cat. no. 19559‑1‑AP; ProteinTech Group, Inc.) for 30 min at 37˚C. 
Antibody binding was detected using the ‘Novolink Max 
Polymer Detection System’ (Leica Biosystems, Inc.), in which 
incubation was performed for 30 min at 37˚C using ready‑to‑use 
HRP‑conjugated secondary antibodies (cat. no. RE7161; ready to 
use; Leica Biosystems, Inc.). The sections were counterstained 
with hematoxylin for 1 min at room temperature. Finally, the 
IHC images were captured under a light microscope.

Cell culture and transfection. Human lung adenocarcinoma 
A549 cells (MeisenCTCC; cat. no. CTCC‑001‑0036) overex‑
pressing SLC6A4 were cultured in DMEM (MeisenCTCC; 
cat. no. CTCC‑002‑008). Media were enriched with 10% fetal 
bovine serum (NEWZERUM, Ltd.) with 100 U/ml penicillin 

and 0.1 mg/ml streptomycin. Cells were grown at 37˚C in a 
humid incubator plus 5% CO2. The SLC6A4 expression plasmid 
was constructed by subcloning PCR‑amplified SLC6A4 cDNA 
(YouBio; cat. no. G158402) into the pHAGE‑flag vector. For 
transfection, A549 cells at ~80% confluence were transfected 
with plasmids with Lipofectamine™ 2000 (Invitrogen; 
Thermo Fisher Scientific, Inc.) according to the manufac‑
turer's instructions. An empty vector was used for the control. 
In the following experiments, ‘Flag_SLC6A4’ represents the 
exogenous expression of SLC6A4, where ‘Flag’ (amino acid 
sequence: DYKDDDDK) is a fusion tag.

Western blot analysis. Cells were collected 36‑48 h after trans‑
fection. Cells were lysed using SDS lysis buffer (0.05 mol/l 
Tris‑HCl, pH 6.8, 2% SDS and 10% glycerol) for 10 min at 95˚C. 
The protein concentration was measured using a bicinchoninic 
acid (BCA) protein assay kit (cat. no. BL521A; Biosharp Life 
Sciences). The proteins (30‑50 µg) were separated by 10% 
SDS‑PAGE and transferred to PVDF membranes (product no. 
IPVH00010; MilliporeSigma). Following blocking with 5% 
skimmed milk for 1 h at room temperature, the membranes 
were incubated with primary antibodies against SLC6A4 
(1:1000 dilution; cat. no. 19559‑1‑AP; ProteinTech Group, Inc.) 
and GAPDH (1:5,000 dilution; cat. no. AG8015; Beyotime 
Institute of Biotechnology) overnight at 4˚C. The blots were 
then probed with HRP‑conjugated secondary antibodies 
(1:2,000 dilution; cat.  no.  A0208; Beyotime Institute of 
Biotechnology) for 60 min at room temperature. Subsequent to 
washing with TBST, immunoreactive proteins were visualized 
using enhanced chemiluminescent (ECL) kit (BeyoECL Star; 
cat.no. P0018AM; Beyotime Institute of Biotechnology) and 

Figure 1. Schematic flow chart of the study.
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imaged by chemiluminescence (Tanon 5200; Tanon Science 
and Technology Co., Ltd.). 

Cell Counting Kit‑8 (CCK‑8). Cell proliferation was evaluated 
using CCK‑8 (Biosharp Life Sciences), following the provided 
instructions. Cells (500 per well) were added into 96‑well 
plates. The CCK‑8 solution (1:10 diluted with DMEM) was 
added to each well after 8 h of incubation. At time periods 
spanning from 1 to 3 h after incubation (37˚C), the absorbance 
at 450 nm was read using a microplate reader.

Colony formation. Colony formation was assessed in 
SLC6A4‑overexpressing A549 cells. For both the experimental 
and control groups, the same number of cells (400/well) was 
seeded into six‑well plates and grown for 14 days, after which 
colonies were fixed with 4% paraformaldehyde (30 min, room 
temperature) and stained with 0.025% crystal violet (15 min, 
room temperature), followed by two washes with PBS. The 
number of colonies with >50 cells was counted under a 
microscope. Images of colony formation were captured using 
a camera (BRQ‑AN00; Huawei).

Scratch assay (wound‑healing assay). Cells were allowed to 
grow in six‑well plates until 90% confluent. A micropipette tip 
(200‑µl) was employed to create a straight scratch in the mono‑
layer, and free‑floating cells and debris were gently removed 
with PBS. Cells were then cultured in serum‑free medium. 
An inverted fluorescence microscope (MF52‑N; Guangzhou 
Micro‑shot Technology Co., Ltd.) was used to observe and 
image the cells at 0, 24 and 48 h. The results were analyzed 
using ImageJ software (v.1.51; National Institutes of Health).

Cell cycle. Single cell resuspensions (1x106 cells/ml) were 
washed with pre‑cooled PBS before being gently mixed using 
pre‑cooled 70% ethanol and fixed for 4 h at 4˚C. Following 
fixation and washing, cells were stained with 500 µl PI/RNase 
A (Biosharp Life Sciences) at 37˚C for 30 min in the dark. 
Cell cycle distributions were examined with flow cytometry 
(FACSCantoII; BD Biosciences) and analyzed with Flowjo 
software (v.7.6.1; BD Biosciences).

Transwell invasion assay. A Transwell chamber (Corning, 
Inc.) pre‑coated (2 h, 37˚C) with Matrigel (Beyotime Institute 
of Biotechnology) was used for the Transwell invasion assay. 
A total of 500 µl of DMEM with 40% FBS were placed into 
the lower chamber, and cells (4x104 cells/well) in serum‑free 
DMEM were placed in the upper chamber. Following incubation 
for 24 h at 37˚C, the cells on the lower surface were fixed with 
4% paraformaldehyde (Beijing Solarbio Science & Technology 
Co., Ltd.) for 10 min at room temperature and stained with 0.1% 
crystal violet for 15 min at room temperature. Cells on the lower 
surface were imaged under an inverted microscope.

Cell adhesion assay. For the cell adhesion assay, 96‑well plates 
were coated with 20 µg/ml fibronectin (50 µl per well, overnight 
at room temperature; Beijing Solarbio Science & Technology 
Co., Ltd.). After washing with PBS and the addition of 200 µl 
of 1% heat‑denatured BSA, the plate was allowed to stand for 
1 h at 37˚C. Cells (4x104 cells per well) were inoculated into 
the plates and settled at 37˚C for 1 h before rinsing in PBS, 

fixing, staining and imaging as above in the section on the 
Transwell invasion assay.

Statistical analysis. All in vitro experiments were repeated 
at least 3 times. The mean ± standard deviation was used to 
present the data. The unpaired t‑test was performed to compare 
two groups with a normal‑distribution. Statistical analysis 
was conducted using GraphPad Prism (v. 8.0.2; GraphPad 
Software, Inc.). P<0.05 was considered to indicate a statisti‑
cally significant difference.

Results

Data collection and preprocessing. Data on gene expression 
were obtained for 576 tissue samples, including 59 normal and 
517 tumor samples. The final dataset was filtered using PCA, 
resulting in the exclusion of 17 tumor samples and 1 normal 
sample (Fig. S1). The first two principal components, which 
accounted for 10.59% (first component, PCA1) and 5.66% 
(second component, PCA2) of the differences observed, 
successfully distinguished tumors from normal samples. 
The expression profiles of 558 specimens were then used for 
further analyses.

DEG identification and enrichment analysis. Overall, 4,485 
DEGs were identified between the 58 normal and 500 tumor 
samples. Of these, 2,628 were downregulated and 1,857 were 
upregulated (Fig. 2A and B). GO evaluation revealed that 
the DEGs were primarily enriched in the BP categories of 
‘system development’, ‘cellular development process’, ‘cell 
differentiation’, and ‘cell adhesion’ (Fig. 2C). In addition, 
they were also enriched in several key terms in the MF and 
CC modules (Fig. S2). KEGG enrichment analysis identified 
signaling pathways related to ‘cell adhesion molecules’, ‘cell 
cycle’, and ‘cytokine‑cytokine receptor interaction’ (Fig. 2D). 
For further investigation, GSVA and GSEA were conducted 
and the differences in pathway profiles between the tumor 
and normal samples were analyzed. Numerous differentially 
expressed pathways were identified using GSVA, including 
the MAPK signaling pathway, cell cycle, and cell adhesion 
molecules (Fig. 2E and Table SI). GSEA revealed that the 
pathway associated with cell adhesion molecules was signifi‑
cantly downregulated in tumors (Fig. S3) whereas that of the 
cell cycle was significantly upregulated (Fig. 2F). These find‑
ings supported known LUAD dysfunctions, demonstrating the 
accuracy of the findings of the present study.

WGCNA
Constructing a scale‑free network. WGCNA was applied to 
create a network incorporating information on the expression 
of the 4,485 DEGs and clinical data from 558 LUAD samples. 
Cluster analysis was conducted on the 558 samples (Fig. 3A). 
The following five clinical characteristics were used: status 
(tumor‑normal), age, sex, histological type and stage (Fig. 3A).

The independence degree was set to 0.9 and β to 5 to create 
a scale‑free network (Fig. 3B). The average connectivity was 
close to 0 (Fig. 3C). The module eigengene dissimilarity was 
determined, a threshold of module dendrogram was selected, 
and certain modules were merged. Modules having cut height 
<0.25 were merged again. Finally, 10 co‑expression modules 
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were obtained as black, brown, blue, grey, green‑yellow, red, 
magenta, purple, turquoise, and tan (Figs. 3D and S4). Genes in 
the grey module were not incorporated into any other module.

Module and hub gene identification. The genes in the blue 
module were negatively associated with LUAD (cor=‑0.80, 
P=5.1x10‑124), and those in the turquoise module exhibited a posi‑
tive correlation with LUAD (cor=0.66, P=4.6x10‑71) (Fig. 4A). 
Assessments for hierarchical clustering and heatmaps, together 
with adjacency links confirmed the correlations as shown in 

Fig. 4B. These outcomes implied that genes in the turquoise 
module could promote LUAD carcinogenesis, whereas those 
in the blue module could protect against it. Consequently, the 
hub genes in the turquoise and blue modules were analyzed, 
whereby MM/GS scores were significantly associated with 
each other (Fig. 4C and D). Thresholds set to ‘MM >0.8’ and 
‘GS >0.7’ identified 19 hub genes across both modules.

Survival analysis. Expression and clinical information from 488 
LUAD tumor samples were examined (excluding 12 samples 

Figure 2. DEG identification and functional enrichment. (A) Volcano plot where red triangles reflect upregulated genes, green triangles show downregulated 
genes and black dots indicate genes with no significant changes. Overall, 1,857 upregulated and 2,628 downregulated genes were identified. (B) DEG expres‑
sion heatmap. Blue reflects downregulation, whereas red reflects upregulated expression. The gene expression varied between the normal and tumor samples. 
(C) Bubble diagram showing the enrichment of DEGs in the biological process category. Dot color denotes the significance of the enrichment, while dot 
dimension indicates gene quantity enriched under such specified Gene Ontology terms. (D) Circle plot showing enrichment of DEGs in signaling pathways 
in the Kyoto Encyclopedia of Genes and Genomes analysis. (E) Heatmap showing the outcomes of Gene Set Variation Analysis. (F) Gene Set Enrichment 
Analysis demonstrating the results of the cell cycle. DEG, differentially expressed gene.
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with missing survival information). Similarly, turquoise‑/
blue‑module‑derived hub genes with possible associations 
between gene expression and patient survival (Table SII) were 
identified. ANGPTL7, SLC6A4, PTPRQ, KCNA4 and TEDC2 
were identified to be associated with prognosis (Fig. 5A‑E). 
Therefore, these were labeled as ‘final’ hub genes.

Bioinformatics validation. It was verified that hub gene levels 
differed significantly between control and LUAD tissues by 
comparing data from TCGA and GTEx databases (Fig. 6A‑E). 
Apart from TEDC2, all other genes were downregulated in 
LUAD. The GEO dataset GSE116959 yielded comparable 
results (Fig. 6F).

Figure 3. Construction of a scale‑free network. (A) Clinical features from lung adenocarcinoma cases and data from a clustering dendrogram. Different colors 
represent different subtypes within each clinical trait. (B) Scale independence. The higher the R2 value, the greater the consistency with scale‑free network 
characteristics. (C) Mean connectivity. The higher the soft threshold (power), the lower the connectivity. (D) Clustering dendrogram from 4,485 differentially 
expressed genes. Each branch corresponds to a gene, with individual colors corresponding to a co‑expression module. NA, not available.
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Figure 4. Significant modules. Heatmap showing (A) associations across module eigengenes/clinical features. Correlation coefficients with P‑values are 
shown in each cell. (B) Module eigengene dendrogram/eigengene adjacency heatmap. (C and D) Scatter plots for gene significance/module membership in the 
(C) turquoise and (D) blue modules.
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Correlation and interaction analysis. TEDC2 exhibited the 
strongest correlation with tumor suppressor genes (RB1, TP53 
and PTEN) of the five hub genes (Table SIII). As determined by 
data mining, SLC6A4 may interact with the tumor suppressor 
genes (Fig. S5). However, no evidence of interactions between 
the other hub genes and the tumor suppressor genes was revealed.

Mutation analysis. Utilizing information from 566 LUAD 
samples collected from TCGA, the OncoPrint view in cBio‑
Portal was utilized for the identification of mutations in the 
five hub genes. In total, 111 (20%) of the patients had genetic 
alterations in the five hub genes. KCNA4 (7%) and TEDC2 
(7%) exhibited the highest rates of genetic modification. The 
most common alterations were missense mutations in KCNA4 

and high mRNA expression in TEDC2 (Fig. 7A). The rate of 
somatic mutations was highest in KCNA4 (5.8%), and missense 
mutations were the most common type of mutation (Fig. 7B).

IHC, CCK‑8, colony formation, scratch assay, cell cycle, 
Transwell invasion assay and cell adhesion assay. Of the five 
hub genes, SLC6A4, ANGPTL7, PTPRQ and KCNA4 were 
revealed to be downregulated in LUAD and TEDC2 was 
upregulated. SLC6A4 was selected for validation, because it is 
the gene with the largest difference in downregulation.

IHC was used for further confirmation of the clinical signifi‑
cance of SLC6A4 (Fig. 8A). Pan‑cancer analysis revealed that 
SLC6A4 exhibited differential expression in various types of 
tumor cells and showed low expression levels in most tumors. 

Figure 5. Survival analysis. Kaplan‑Meier survival curves for lung adenocarcinoma cases classified in terms of hub‑gene expression. (A) ANGPTL7, 
(B) SLC6A4, (C) PTPRQ, (D) KCNA4 and (E) TEDC2. HR, hazard ratio.
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SLC6A4 was mainly localized in the cell membrane and cyto‑
plasm.

To investigate the effect of SLC6A4 on LUAD cells, A549 
cells were transfected with a Flag‑SLC6A4 plasmid, and 
subsequent expression of SLC6A4 was evaluated using western 
blotting (Fig. 8B). Various assays (CCK‑8, colony formation, 
scratch assay, cell cycle, Transwell assay and cell adhesion 
assay) were used to examine the effects of SLC6A4 on cell 
growth, invasion and migration (Fig. 8C‑H). These indicated 

that SLC6A4 overexpression inhibited cell growth, invasion, 
and migration.

Discussion

LUAD is one of the most prevalent malignancies. WGCNA 
has previously been used to determine markers linked to the 
diagnosis, pathogenesis, and prognosis of LUAD (34‑37). The 
present study applied this approach and used bioinformatics 

Figure 6. Bioinformatics validation. (A‑E) Differential expression of the five hub genes between healthy and tumor tissue using data from The Cancer Genome 
Atlas and Genotype‑Tissue Expression. (A) ANGPTL7, (B) SLC6A4, (C) PTPRQ, (D) KCNA4 and (E) TEDC2. (F) Differential expression of the five hub 
genes between healthy and tumor tissue in the GEO116959 dataset. LUAD, lung adenocarcinoma.
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analysis to identify novel hub genes that could act as biological 
markers or treatment targets in LUAD.

Bioinformatics analyses were conducted across patient 
cohorts to identify biomarkers. In total 4,485 DEGs, of 
which 1,857 were upregulated and 2,628 were downregu‑
lated, were identified between 58 normal and 500 LUAD 
samples. The DEGs were primarily related to system 
development, cell cycle, and cell adhesion. The WGCNA 
and survival analyses together identified five hub genes. The 
findings of the present study indicated that the increased 
TEDC2 expression and the reduced expression of ANGPTL7, 
SLC6A4, PTPRQ and KCNA4 are associated with poor 
LUAD prognosis. These genes could be utilized as possible 
treatment targets or biomarkers for this type of cancer. In 
addition, in the present study, IHC confirmed the relatively 
low expression of SLC6A4 in LUAD. It was also confirmed 

that its overexpression suppressed cell proliferation, 
invasion, and migration.

Numerous forms of cancer exhibit dysregulation of the 
cell cycle, which has been reported in several studies (38‑40). 
Previous research has also indicated that targeted modula‑
tion of the cell cycle may be a possible cancer treatment 
method  (41‑43). Thus, investigation of the cell cycle may 
aid in a better comprehension of oncogenic pathways and 
LUAD treatment possibilities. In the present study, the 
functional enrichment analyses revealed enrichment in cell 
cycle‑associated pathways. Flow cytometry demonstrated that 
overexpression of SLC6A4 increased the number of cells in the 
G1 phase, decreased those in the S phase, and did not affect the 
number of cells in the G2 phase, indicating that overexpression 
of SLC6A4 inhibited the cell cycle. This suggested the direc‑
tion of the subsequent investigation of the mechanism.

Figure 7. Mapping of mutations in hub genes. (A) Mutations in the five hub genes shown by bar plots and heatmaps. (B) Distribution of mutations using lollipop 
plots.
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The hub modules and genes linked to LUAD were ascer‑
tained using WGCNA. The turquoise/blue modules were 
determined to be critical modules, and the genes in these 
modules were highly associated with LUAD. The findings of 
the present study demonstrated that an intricate gene network 
controls LUAD development and growth.

Five turquoise/blue module‑derived hub genes were signifi‑
cantly linked to overall survival in patients with LUAD, namely, 
TEDC2/C16orf59, ANGPTL7, SLC6A4, PTPRQ and KCNA4. 
It is likely that TEDC2, which may be located in centrioles and 
cilia, have a part in modulating signaling pathways. Its expres‑
sion is altered in hepatocellular carcinoma (44) and laryngeal 

Figure 8. Immunohistochemistry, CCK‑8, colony formation, scratch assay, cell cycle analysis, Transwell invasion assay and cell adhesion assay. (A) Differential 
expression of SLC6A4 in tumor tissue (Ca) along with paraneoplastic healthy tissue (Para‑Ca); scale bar, 20 µm. (B) Protein levels were assessed using western 
blot analysis. A549 cells were transfected with an empty vector as the negative control. GADPH was used as the internal control. ‘Flag_SLC6A4’ represents 
the exogenous expression of SLC6A4 and ‘Flag’ is a fusion tag. (C‑H) SLC6A4 overexpression inhibits A549 cell growth, invasion, and migration. A549 cells 
which were transfected with an empty vector were used as the control. ‘Flag_SLC6A4’ represents the exogenous expression of SLC6A4. Cell proliferation was 
analyzed using (C) CCK‑8 and (D) colony formation. (E) The effect of SLC6A4 overexpression on cell migration was assessed using scratch assays; scale bar, 
100 µm. (F) Cell cycle distribution was determined using flow cytometry. (G) Cell invasion in the two groups was compared using Transwell assays. (H) Cell 
adhesion in both cell groups (magnification, x40). Statistical significance was analyzed through unpaired t‑tests (n=3). *P<0.05 and **P<0.01. OD, optical 
density; ns, no significance. 
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squamous cell carcinoma (45). ANGPTL7 is located in the 
extracellular region and is likely to be involved in the negative 
modulation of vascular development. This gene plays a regula‑
tory role in multiple malignancies, including colorectal (46), 
breast (47) and hepatocellular (48) cancers. Serotonin is trans‑
ported into presynaptic neurons from synaptic spaces via a 
membrane protein that is encoded by SLC6A4. SLC6A4 is also 
associated with colorectal cancer (49) and breast cancer (50). 
A type  III receptor‑like protein tyrosine phosphatase is 
encoded by the gene PTPRQ. The protein participates in 
cellular growth and differentiation by catalyzing the dephos‑
phorylation of phosphotyrosine and phosphatidylinositol. 
This gene is a possible prognostic indicator in renal clear cell 
carcinoma (51). Last but not least, KCNA4 encodes a member 
from the voltage‑gated, potassium channel, and shaker‑related 
subfamily. It is involved in glioma (52) and gastric cancer (53). 
However, research on these genes in the context of LUAD has 
been limited.

In contrast to LUAD‑related genes reported in past 
studies, the hub genes identified in the analysis of the present 
study were different. In a previous study, the mRNA levels 
of all known m6A‑associated genes were analyzed in the 
TCGA‑LUAD dataset, and were then further verified using 
GEO datasets, expression profiling tissue microarrays, and 
IHC. Subsequently, through analysis of overall and recur‑
rence‑free survival data, three genes (METTL3, YTHDF1 
and YTHDF2) associated with the prognosis of LUAD were 
discovered (54). These m6A‑related genes play important 
roles in mRNA processing, transport and stability. Based on 
a GEO dataset (GSE118370), the second study identified a 
total of 609 DEGs (|log2 fold‑change|>2 and P<0.05). In the 
BP module, the downregulated DEGs were mostly found in 
pathways related to ‘angiogenesis’, ‘immune response’ and 
‘cell adhesion’, while the upregulated DEGs were primarily 
enriched in the ‘collagen catabolic process’, ‘extracellular 
matrix disassembly’ and ‘chemokine‑mediated signaling’ 
pathways. Various hub genes (ADCY4, S1PR1, FPR2, PPBP, 
NMU and PF4, together with GCG) were identified using 
protein‑protein interaction networks and prognostic survival 
analysis (55). Another study revealed that NSD2 mediates 
the dimethylation of H3K36, which in turn regulates multiple 
oncogenic programs, including KRAS signaling, to promote 
the malignant transformation of LUAD (56). In the present 
study, a total of 4,485 DEGs (|log2 fold‑change| >1 and P<0.01) 
were identified based on the TCGA dataset, and were deter‑
mined to be primarily enriched in ‘system development’, ‘cell 
cycle’ and ‘cell adhesion’. Using a combination of WGCNA, 
survival analysis, and dataset cross‑validation, five hub genes, 
namely, TEDC2/C16orf59, ANGPTL7, SLC6A4, PTPRQ and 
KCNA4 were finally identified. The differences in the results 
of these studies could be due to different methods of analysis, 
data sources, screening conditions, molecular markers and 
biological processes.

The emergence and progression of malignancies is often 
regulated by an intricate network of genes, thus it is possible 
that genes from other modules in the analysis of the present 
study are also involved in LUAD. In addition, the fact that only 
the downregulated gene SLC6A4 was validated in the present 
study is a drawback, particularly the absence of TEDC2 (the 
only upregulated gene among the hub genes). Likewise, it 

should be noted that the biological function of the gene was only 
verified in vitro, but not in vivo. Despite these limitations, the 
present study could provide useful information that could guide 
the treatment and diagnosis of LUAD in the future. Other hub 
genes should be further verified and investigated in the future to 
elucidate the gene networks associated with LUAD.
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