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Transcriptomic data exploration
of consensus genes and molecular
mechanisms between chronic
obstructive pulmonary disease
and lung adenocarcinoma

Siyu Zhang?, Kun Pang?, Xinyu Feng' & Yulan Zeng'**

Most current research has focused on chronic obstructive pulmonary disease (COPD) and lung
adenocarcinoma (LUAD) alone; however, it is important to understand the complex mechanism

of COPD progression to LUAD. This study is the first to explore the unique and jointly molecular
mechanisms in the pathogenesis of COPD and LUAD across several datasets based on a variety of
analysis methods. We used weighted correlation network analysis to search hub genes in two datasets
from public databases: GSE10072 and GSE76925. We explored the unique and jointly molecular
mechanistic signatures of the two diseases in pathogenesis through enrichment analysis, immune
infiltration analysis, and therapeutic targets analysis. Finally, the results were confirmed using real-
time quantitative reverse transcription PCR. Fifteen hub genes were identified: GPI, EZH2, EFNA4,
CFB, ENO1, SH3PXD2B, SELL, CORIN, MAD2L1, CENPF, TOP2A, ASPM, IGFBP2, CDKN2A, and ELF3.
For the first time, SELL, CORIN, GPI, and EFNA4 were found to play a role in the etiology of COPD
and LUAD. The LUAD genes identified were primarily involved in the cell cycle and DNA replication
processes; COPD genes we found were related to ubiquitin-mediated proteolysis, ribosome, and T/B-
cell receptor signaling pathways. The tumor microenvironment of LUAD pathogenesis was influenced
by CD4 +T cells, type 1 regulatory T cells, and T helper 1 cells. T follicular helper cells, natural killer

T cells, and B cells all impact the immunological inflammation in COPD. The results of drug targets
analysis suggest that cisplatin and tretinoin, as well as bortezomib and metformin may be potential
targeted therapy for patients with COPD combined LUAD. These signatures may be provided a new
direction for developing early interventions and treatments to improve the prognosis of COPD and
LUAD.

Chronic obstructive pulmonary disease (COPD) is a disease characterized by persistent and irreversible air-
flow limitation. The main symptoms of COPD are coughing sputum and shortness of breath. Due to its high
morbidity, prevalence, and mortality, COPD has become one of the most impactful chronic respiratory diseases
worldwide; it harms human health, resulting in large economic and social burdens. There are many known
causes of this disease. Smoking is a risk factor for COPD’. Other elements are crucial for the pathogenesis,
including immunological reactions, inflammation and heredity risk factors. However, their mechanisms are not
fully understood. In conclusion, COPD has negative economic and social consequences. Research is needed on
the pathogenesis of COPD. A clear understanding of the risk factors for COPD can promote early intervention,
reducing exposure to risk factors and other measures to prevent the occurrence of COPD.

Lung cancer has become one of the most common cancers in the history of the world, according to the latest
statistics on all cancers released in 2018*. In non-small-cell lung cancer (NSCLC), lung adenocarcinoma (LUAD)
is the primary histological subtype of lung cancer, with a high mortality rate and recurrence rate®. Although mod-
ern therapeutic procedures have made considerable improvements, the recurrent mortality rate remains high.
Understanding the clinical significance of proteins, nucleic acids, and other macromolecules in the occurrence
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and development of LUAD has the potential to help the treatment of disease and related prognosis, and it is also
conducive to risk-stratified disease management. To date, most research focuses on how aberrant gene expression
and mutations are linked to lung adenocarcinoma progression and carcinogenesis. Consequently, more research
into the biology and pathophysiology of LUAD is essential.

It is known that COPD and LUAD exhibit heterogeneity in the clinical presentations and disease progres-
sions. However, the coexistence of COPD and LUAD is common, and progression of COPD to LUAD often has
a poor prognosis. Both COPD and LUAD are common respiratory diseases that share similarities. In terms of
etiology, COPD and lung adenocarcinoma share common risk factors, such as cigarette smoke exposure, chronic
inflammation, gene methylation, and environmental factors®. They also have the same clinical symptoms, such
as cough and sputum. Persistent bronchial and alveolar inflammatory responses in the long-term course of
COPD may have a crucial role in lung cancer induction in the early stages’. COPD patients have a higher relative
chance of developing lung cancer®. In addition, a number of possible mechanisms may explain the relationship
between COPD and LUAD, including genetic, epigenetic modifications and oxidative stress factors’. Neverthe-
less, the existing studies have mostly focused on a single disease and the complex disease mechanism between
COPD to LUAD is not well understood, and to date no genetic biomarkers have been developed for screening
COPD patients who are at high risk for LUAD. Because of the threat to human survival and the burden on social
resources, it is extremely important to explore the biological mechanisms to provide a new direction for develop-
ing early interventions and treatments to improve the prognosis of COPD and LUAD.

In this study, two large-scale microarray datasets, GSE76925 and GSE10072, were analyzed. Bioinformatics
analysis was performed on lung tissue datasets in this work. Although blood is the most commonly available
biomarker for histology studies, it is more subject to environmental influences, demographic features, and
comorbidities, all of which might cause measurement changes that are undesirable. Lung tissue is more stable
than blood, stores more information, and provides more insight into disease mechanisms than blood. Due to
the complex evolutionary mechanism of COPD and LUAD, multiple analysis methods were used for multiple
datasets, both individually and in combination, to fully analyze the two diseases from multiple perspectives.
To gain a deeper understanding of genetic factors, weighted gene coexpression network analysis (WGCNA)
in bioinformatics was used to analyze the key genes related to these two diseases, which were both unique
and shared, and then combined with Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGQG) to analyze the functions, molecular mechanisms, and pathways of key genes. The immune response in
the tumor microenvironment is now an important factor in determining the aggressiveness and progression of
tumors. This research aims to assess the immune status of the two diseases by examining the distribution and
function of immune cells and investigating connections between the expression of immune cytokines and key
genes, which could be crucial for improving COPD and LUAD immunotherapy. Additionally, the Drug-Gene
Interaction Database (DGIDB) was used to identify drug targets linked to the disease’s pathophysiology, which
may guide the early intervention and treatment of patients with COPD and LUAD. Finally, real-time quantita-
tive reverse transcription PCR (RT-qPCR) was used for cytological experimental verification. By exploring the
unique and jointly biological mechanisms of the pathogenesis of COPD and LUAD in multiple datasets and from
multiple viewpoints, this research will provide new directions for developing early interventions and treatments
to improve the prognosis of COPD and LUAD.

Materials and methods

Data collection and processing. We used "COPD," "LUAD," and "Homo sapiens" as keywords to retrieve
the transcriptome spectrum of the COPD and LUAD datasets from the Gene Expression Omnibus. We found
two expression datasets with readily available data that matched our search criteria, GSE10072 and GSE76925.
Gene expression profiles of 58 LUAD patients and 16 healthy subjects (58 lung tumor tissue and 49 normal lung
tissue) were found in GSE10072 (Supplementary Table S1). The GSE76925 dataset consisted of gene expres-
sion profiles from 111 COPD patients and 40 healthy individuals (Supplementary Table S2). The other detailed
messages of the two datasets may be found in Supplementary Table S3. Based on the Robust Multichip Average
method of the single-channel Affymetrix chip, we used the Bioconductor Affy package to process and normal-
ize the GSE10072 gene expression data'®. The data in GSE76925 were processed using the R package to apply a
log2 transformation to the original matrix and implement background correction and quantile normalization''.
We downloaded the two gene expression datasets that had been processed. Subsequently, we matched the probe
number with the Gene symbol according to the illuminaHumanv4. DB R package. The probe ID with the high-
est average expression value was selected when multiple probes were found corresponding to one ID. Then, the
Limma package in R was used to identify the differentially expressed genes between COPD and LUAD. Two
basic criteria based on the P values and log2FC values of the genes were used to identify differentially expressed
genes (DEGs). The corrected P value (adj.P.Value) was obtained. The adj.P.Val<0.05 and [log2FC|>=1 were
selected as the threshold for DEG screening criteria. Finally, the expression matrices of GSE10072 and GSE76925
were produced. Figure 1 shows a flowchart of all steps involved in our analysis.

Identification of DEGs and candidate genes. The DEGs between COPD and LUAD were identified
using the linear regression model software package in R, Limma. The t test method was used to identify the
differentially expressed genes. The P value and log2FC value of the genes, as mentioned earlier, were calibrated
through multiple experiments, and then the adjustment P value (adj. P. val) was obtained. The adj. P. Val and
log2FC used to screen for DEGs. These DEGs were used as a verification set. In the same way, the screening
condition adj. P. Val<0.05 was chosen to find candidate genes in the two datasets. We focused on analyses of
these genes.
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Figure 1. A flowchart showing all the steps involved in our analysis.

Weighted gene co-expression network analysis (WGCNA). Weighted gene coexpression network
analysis (WGCNA) is a method of categorizing genes into different modules according to certain conditions to
identify biologically relevant information. In COPD-special and LUAD-special sections, we selected candidate
genes for WGCNA (adj. P. Val<0.05). To analyze the consensus section, we used the tutorial on the WGCNA
website.

To thoroughly explore correlated gene modules, the WGCNA package in R was used to perform WGCNA
processing on the candidate genes. First, we clustered the samples in the expression matrix (distinct from the
candidate gene clustering described later); the purpose was to assess whether there were obvious outliers in the
sample. Datasets containing the corresponding clinical characteristics, and the samples in the datasets were
mapped to the clinical characteristics one-by-one. Subsequently, cyberspace construction and module detection
were performed. Similar genes were divided into standard modules to obtain a hierarchical clustering dendro-
gram for module identification. Modules with clinical significance were selected and discussed. Gene significance
(GS) and module membership (MM) were two key indicators used to identify modules closely related to clinical
features. Finally, we selected modules that were highly related to specific clinical features for further analysis.

Screening for hub genes. To improve the accuracy of the process of identifying pivotal genes, a method
of taking the intersection of the candidate genes after WGCNA analysis and the diseases differential genes were
used.

Pathway enrichment analysis. To perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analyses of genes in significant modules and plot the relevant graphs, we used the “Cluster-
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profiler” program in R software. Both Go and KEGG data are publicly available databases'?~'°. We also chose adj.
P. Val<0.05 as a screening condition in the enrichment analysis.

Immune cell infiltration analysis. To determine the abundance of 24 types of immune cells in COPD
and LUAD, the GSE76925 and GSE10072 gene expression data were uploaded to the Immune Cell Abundance
Identifier online analysis website!”. Box plots were used to graphically represent the difference in immune cell
infiltration distribution between the disease group and the normal group. Related heatmaps were produced to
visualize the relationship between 24 immune cells and key genes. We used the R packages “ggplot2” and “cow-
plot” to draw plots. The samples with a P value <0.05 were screened to select meaningful immune cells.

Identification of candidate drug-targets. To identify the candidate drug targets in COPD and LUAD,
the important modules genes from WGCNA analysis were uploaded to the Drug-Gene Interaction Database
(DGIDB)'8. DGIDB was be able to automatically analyze all gene-related drug targets. Finally, the results were
plotted using R to map the drug target network plots. The drug with the most nodes was selected as a potential
drug target.

Real-time quantitative reverse transcription PCR. Real-time quantitative reverse transcription PCR
(RT-qPCR) was used to verify the expression levels of key genes in COPD and LUAD at the cellular level. The
Homo sapiens cell lines of LUAD are H1299 and A549. The COPD cell line was based on the FTC approach and
experimental experience, and the normal pulmonary epithelial cell line BEAS-2B was stimulated with 8% CSE
smoke for 24 h to form a COPD disease model'. All cell lines are derived from ATCC. Total RNA was extracted
from cell lines using the TRIzol (Vazyme) reagent. RT-qPCR was performed using the HiScript IT Reverse Tran-
scriptase (Vazyme) kit and SYBR Green qPCR MasterMix kit (Seven), and expression levels were normalized to
GAPDH and quantified using the 2 - AA (ct) method. Gene-specific primers synthesized by Gene create com-
pany (Wuhan China) are listed in Supplementary Table S4.

Results

Identification of DEGs. In this study, we used two microarray datasets herein known as GSE10072 and
GSE76925. The GSE10072 dataset consisted of 58 lung tumor tissue and 49 normal lung tissue, of which the
total number of genes was 12,402. According to the screening conditions adj. P. Val <0.05 and |log2FC|>=1, we
obtained 558 DEG datasets, comprising 185 upregulated and 373 downregulated genes, which were screened
out. In addition, 111 experimental data points from COPD patients together with 40 data points from healthy
controls were selected from GSE76925. This dataset included 17,130 genes in total. After analyzing, the dataset
showed 301 differentially expressed genes; 46 genes were upregulated, and 255 genes were downregulated. The
quality of the microarray data was assessed by principal component analysis (PCA). PCA plots showed a clear
separation in COPD datasets and LUAD datasets (Fig. 2). Detailed information on all DEGs in LUAD and
COPD can be found in Supplementary Table S5.

Weighted gene co-expression network analysis. Disease-specific analysis. Disease-specific candi-
date genes, 2740 genes in COPD and 4657 in LUAD (adj. P. Val<0.05) were used to establish coexpression
network structures unique to each disease. We used the "WGCNA" package in R to construct a scale-free co-
expression network. We chose =8 to maximize the scale-free topology fitting of the candidate gene WGCNA
network while maintaining high average connectivity (Supplementary Figure S1). Then, sample clustering was
performed to detect outliers in these samples. Outlier values were removed from the set of LUAD samples (Sup-
plementary Figure S1). Supplementary Figure S2 provided clinical features among the candidate genes. Figure 3
showed hierarchical clustering dendrogram of functionally similar genes. We obtained three target modules in
COPD and 15 modules in LUAD. One critical module was identified for COPD (denoted in blue) and two were
identified for LUAD (denoted in turquoise and blue). The scatter plots of the GS and MM of these modules were
also generated (Fig. 3).

Consensus network analysis. We chose f=9 to maximize the scale-free topology fitting of the candidate gene
WGCNA network (Supplementary Figure S3). If the two diseases presented similarly in the same clinical trait,
the same color was applied to both modules; if the presentation of the diseases was different, then the module
was colored gray. Thus, a total of 7 modules were obtained for COPD-LUAD. Based on module-trait association
and P-value, the turquoise module exhibited the most highly positive correlation (Fig. 3).

Screening for the hub genes. Candidate genes were identified using the screening conditions of MM
and GS. Subsequently, we determined the top 5 to be the essential genes. COPD genes: SH3PXD2B, CORIN,
SELL, TRAF3IP3, BHLHE22; LUAD genes: IGFBP2, CDKN2A, MUC5B, CEACAMS, ELF3, MAD2L1, BUB1B,
CENPEF, TOP2A, ASPM; COPD-LUAD essential genes: GPI, EZH2, EFNA4, CFB, ENOLI. The results and screen-
ing conditions are reported in Table 1.

Enrichment analysis. The enrichment analysis included KEGG and GO. KEGG pathway analysis showed
that LUAD blue module target genes were significantly enriched in metabolic pathways, the cell cycle, DNA
replication, the p53 signaling pathway, pathways in cancer, and necroptosis. GO enrichment analysis showed
that target genes concentrated mainly on protein and binding nucleoplasm. KEGG pathway analysis also indi-
cated that turquoise module was predominantly associated with the Rapl signaling pathway, focal adhesion,

Scientific Reports |

(2022) 12:13214 | https://doi.org/10.1038/s41598-022-17552-x nature portfolio



www.nature.com/scientificreports/

A

*DEG - COPD|
i .
6 ° o
~ 1004
X =
3 =
“ group 2
© o
S ¢ HC S 4 ° Up
; e COPD +— ® Down
< > ® NOT
o
o T
o
2
-50] e . . 0
=50 0 50
PCA1(20.4%) log2FoldChange
: 40 . DEG - LAUD
—
g 5
o ]
- group 2 ® Up
: ® HC e ® Down
g eLuad 3 e NOT
[3) L
o []
. |
-40 -20 0 20 40 -2.5 0.0 2.5
PCA1(27.3%) log2FoldChange
COPD blue module Consensus skyblue module
Tuberculosis { Base excision repair: .
Osteoclast differentiation . Cell cycle
NOD-like receptor signaling pathway RNA degradation {
Thermogenesis { Purine metabolism{ @
Phagosome{ @ ) Carbon metabolism | . P_adjust
Non-alcoholic fatty liver disease (NAFLD){ o P_adjust Ribosome biogenesis in eukaryotes { . 5 0.0020
Lysosome Non-alcoholic fatty liver disease (NAFLD) 0.0015
Hematopoietic cell lineage 0.075 Protein processing in endoplasmic reticulum . 0.0010
Primary immunodeficiency { . 0.050 Ribosome { .

Measles

Oxidative phosphorylation{

Staphylococcus aureus infection

Circadian rhythm

T cell receptor signaling pathway

8 cell receptor signaling pathway

Protein processing in endoplasmic reticulum
Ribosome

Ubiquitin mediated proteolysis{
Metabolic pathways
Herpes simplex virus 1 infection

I 0.025

Il Gene_number

Thermogenesis{ ~ ®

I 0.0005

mRNA surveillance pathway .
Parkinson disease ° Gene number
Ubiquitin mediated proteolysis { . . 2
Alzheimer disease ° w0
Proteasome | * @ 60
Huntington disease e @ 50
Oxidative phosphorylation | °
RNA transport °

Spliceosome {
Metabolic pathways

. ® 20
i ® 40
. @
.
L]
[ J
016

008 012
Gene_ratio

005 010 015 020 025
Gene_ratio

LUAD blue module LUAD skyblue module

Cellular senescence {  ®
Fanconi anemia pathway

Progesterone-mediated oocyte maturation {
Parkinson disease

Hepatiis B ®
Necroptosis{ @

Homologous recombination
Biosynthesis of amino acids
Phospholipase D signaling pathway

Cysteine and methionine metabolism |

Pathways in cancer 1@

Human T-cell leukemia virus 1 infection{ ~ ®
Oocyte meiosis

Glutathione metabolism +f

Carbon metabolism «
p53 signaling pathway

DNA replication {

Glycine, serine and threonine metabolism {
Cell cycle

Metabolic pathways | @

Signaling pathways regulating pluripotency of stem cells. .
o Proteoglycans in cancer .
Fluid shear stress and atherosclerosis, .
Relaxin signaling pathway
P adjust Human cytomegalovirus infection P_adjust
Breast cancer . ™
° [ ] g'ggg Human T-cell leukemia virus 1 infection . 4e-08
. 0.004 Prostate cancer of | 208
g»ggg Ras signaling pathway . I f::gi
. i 0.001 Phospholipase D signaling pathway .
Regulation of actin cytoskeleton .
Gene number CAMP signaling pathway . Gene_number
. = Transcriptional misregulation in cancer . o 50

o ® 20 MAPK signaling pathway ° ® 100

. : gg Rap1 signaling pathway ° @ 150

. Human papillomavirus infection ° @ 200

. Focal adhesion .
. PI3K-Akt signaling pathway °
Pathways in cancer °
Metabolic pathways @)

0.05

0.10

0.15

Gene_ratio

0.20

0.15

020 025
Gene_ratio

Figure 2. (A), the PCA plots showed a clear separation in two datasets. Blue spots represent the control group,
and red spots represent the healthy people group. (B), volcano graph shows the differential gene expression,
upregulated (blue box), downregulated (red box), and unchanged (gray boxes) transcripts. (C), KEGG pathway
analysis for the target genes of the Important modules. COPD: chronic obstructive pulmonary disease; LUAD:
lung adenocarcinoma; KEGG: Kyoto Encyclopedia of Genes and Genomes.

MAPK, and PI3K-Akt signaling pathway. GO enrichment analysis showed that genes were mainly in the cytosol
and plasma membrane. We conducted KEGG pathway enrichment analysis of the COPD blue module, which
identified ubiquitin-mediated proteolysis, ribosome, ubiquitin-mediated proteolysis, and the T/B-cell receptor
signaling pathway. GO enrichment results for the blue module included protein binding and cytosol. The KEGG
pathways for the consensus turquoise module were oxidative phosphorylation, proteasome, spliceosome, and

Scientific Reports |

(2022) 12:13214 | https://doi.org/10.1038/s41598-022-17552-x nature portfolio



www.nature.com/scientificreports/

2

g

- 3

24

2

8

3

@ o
w 34 -

£ £ 8
2 o
] °

T 5 T 8

3

Q

34 s

g

- S

34 w

2

3

— Ml_ e

COPD - Cluster Dendrogram

w

Gene significance for body group

(@)

LAUD - Cluster Dendrogram

" MM[IHH]I_-

COPD and LUAD - Cluster Dendrogram

Height

0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

- ]]]IHIII]I_:.

o
S 3 o
g | cor=0.41, p=3.6e—-39 g 3 cor=0.91, p<1e-200 o o ° 3 2 cor=0.95, p<1e-200
- Z ] LUAD s o | 2 = LUAD
2 _§ < S § z
- S 2 £ = =7
84 3 2 o |
- 8 °
s 5] 2 n
g £ < g 7]
g 5° £ 5]
g ® o >
@ 3 @ o]
s 3
s s
s S o g o
< = T T T T T T o = T T T T T
0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.3 0.4 0.5 0.6 0.7 0.8 0.9
hip in blue Module Membership in turquoise module
COPD - Module-trait relationships LUAD - Module-trait relationships
MEpurple] = A oo o
00016 0.1 023 -048 027 0.39 ! MEgreen & ) i &
MEturquois ) ©2)  (0.005) (0.03)  (7e-04) (6e-07) MEblue W bzl i i
MEbrown| - o o b
05 MEgreenyellow ke - ) o
MEpink o oo o o
027 0094 -012  -013 028 0.42 <x . b b
MEblue B\ (9eZ04)  (03)  (04)  (0.1)  (5e-04) (3e-08) MEmagenta| w3 w & o
MEmidnightblu = kil oy o
0 MEred o o k ki
MEturquois o ki oo oo
-0085 -0.013 0051 =022 022 0.33 0 " o o
MEbrow, ©2) ©9) ©5  (0007) (0.007) (4e~05) MEyellow o o i )
05 wEtan & W &
mebiackfil| w w o
-0003 02 -0006 -0.12 | 041 MEcyan i) o ) o
MEgrey ©3 0 (02  (01) | (fe=07) MEsalmon{| i w - L
-1 MEgrey 5 v o e
&
rg o 4 & e
@ " o N & R C @ &>
& of & RS q‘»‘P < ¥ < & &
Consensus module —trait relationships in COPD C module -trait in LAUD
MEblue s a 2 4 MEblue i o
MEred & = MEred
MEturquoise o o o 05 MEturquois o ko
MEbrown & = = MEbrown ) @
0
MEblack = £ & MEblack # b
MEyellow &= on & o5 MEyellow e oo
MEgreen l ks &, = MEgreen l i -
MEgrey -‘21’2 ‘::2’ - B MEgrey = Tﬁf
¢ i+
$ g & A &
v < ™
Consensus module--trait relationships across COPD and LUAD
MEblue o w ) 1
MEred 5 o =
MEturquoise i i =
MEbrown 7 o =3
0
MEblack o oy -
MEyello o b b
yellow @ on o iy
MEgroon . w s &
MEgroy ﬁln“; m _ -
o R
¥ o &

Figure 3. (A), the clustering dendrogram of genes. Disease-specific candidate genes with the same functions
are denoted by the same color. Gray color denotes genes with unknown function. (B), Scatter plot between
genes and diseases in important modules. (C), Heatmap of module-trait relationships between module genes
and clinical traits. In the consensus module, If the two diseases presented similarly in the same clinical trait, the
same color was applied to both modules; if the presentation of the diseases was different, then the module was
colored gray. COPD: chronic obstructive pulmonary disease; LUAD: lung adenocarcinoma.
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Sample Hub genes | Modules | screening conditions GS MM |log2FC |t P-Value | adj.P.Val
MAD2L1 Blue 0.696 | 0953 |1.421 10.140 | 2.11E-17 | 4.76E-16
BUBIB Blue 0.677 |0.947 | 1421 9.588 | 3.82E-16 | 7.09E-15
LUAD CENPF Blue MM >0.8 and GS>0.2 0.722 | 0.941 |1.342 10.885 | 4.19E-19 | 1.22E-17
TOP2A Blue 0.804 |0.936 |2.456 14.141 | 2.20E-26 | 1.73E-24
ASPM Blue 0.699 |0.935 | 1.483 10.227 | 1.33E-17 | 3.12E-16
IGFBP2 turquoise 0.418 | 0.065 |1.054 4901 |3.35E-06 | 1.33E-05
CDKN2A turquoise 0.562 | 0.059 | 1.020 7.157 | 1.02E-10 | 8.56E-10
LUAD MUC5B turquoise g/{swi (f)r o large tosmalland o 5937 5e5™ [ 1211 4.324 | 3.40E-05 |0.000115
CEACAMS5 | turquoise 0.603 | 0.092 |2.285 7.970 | 1.70E-12 | 1.85E-11
ELF3 turquoise 0.626 | 0.094 | 1.003 8.344 | 2.50E-13 | 3.09E-12
SELL Blue 0.304 |0.702 | 1.025 3.934 | 0.000127 | 0.001955
CORIN Blue 0.342 | 0.620 | 1.275 4.481 | 1.45E-05 | 0.000485
COPD SH3PXD2B | Blue MM >0.5 and GS>0.2 0.402 | 0.594 | 1.032 5.398 | 2.54E-07 | 5.06E-05
TRAF3IP3 Blue 0.393 |0.584 | 1.062 5256 | 4.91E-07 | 6.89E-05
BHLHE22 Blue 0.441 | 0.546 | 1.137 6.052 | 1.07E-08 | 1.14E-05
GPI turquoise 0.317 |0.773 | 0.350 4.079 | 7.26E-05 | 0.001336
EZH2 turquoise 0.267 | 0.489 |0.547 3.407 | 0.000842 | 0.006832
COPD-LUAD EFNA4 turquoise | MM >0.3 and GS>0.2 0.229 | 0.630 | 0.361 2.887 | 0.004461 | 0.02228
CFB turquoise 0.228 | 0.484 | 0.388 2.874 | 0.004639 | 0.02287
ENO1 turquoise 0.209 | 0.708 | 0.174 2.590 |0.010535 | 0.041609

Table 1. Hub Genes in Target Modules. Abbreviations: COPD = Chronic obstructive pulmonary;
LUAD =lung adenocarcinoma; GS = Gene significance; MM = module membership; log2FC =1log2FoldChange;
adj.P.Val = adjust P-Value.

RNA transport. The GO analysis revealed that the COPD-LUAD turquoise module was primarily enriched in
the protein binding nucleoplasm. The detailed results were shown in Fig. 2 and Supplementary Table S6.

Analysis of the immune cell infiltration.  First, we studied the difference in the infiltration of 24 immune
cell types in COPD and LUAD patients compared with normal controls. The proportions of follicular helper T
cells (Tth), natural killer T cells (NKT) and B cells in COPD patients from GSE76925 were considerably higher
than those in the control group, as shown by the box plots. The proportion of CD8+ naive cells, T helper 17
(Th17) cells, and monocytes were lower in COPD patients than in normal controls. In GSE10072, the abundance
of CD4+T cells, type 1 regulatory T cells (Tr1), and T helper 1 (Th1) cells were higher in LUAD patients than in
normal controls. On the other hand, the percentages of CD4 + naive cells, mucosal-associated immune T cells
(MAIT), dendritic cells (DC), monocytes, macrophages, natural killer cells (NK), and neutrophils were relatively
low. The detailed results were shown in Fig. 4, Supplementary Figure S4 and Supplementary Figure S5. Second,
we also made connections between immune infiltrating cells and key genes. NKT cells were strongly positively
linked to hub genes, including GPI and ENO1, while Th17 cells were negatively correlated with EZH2 and SELL
genes in COPD. The results also revealed that monocytes had a negative correlation with the CFB gene. In addi-
tion, the Th1-cell level was most strongly associated with MAD2L1 and GPI in LUAD; in contrast, the CENPF
gene was most negatively correlated with macrophages and NXK cells (Supplementary Figure S6).

Identification of candidate drug-targets. The drug most frequently found in the LUAD blue mod-
ule and turquoise module was cisplatin; The prominent drug in the COPD blue module was Tretinoin. In the
COPD-LUAD turquoise module, bortezomib and metformin were identified as the main drug- targets. The
results obtained from DGIDB were presented in Fig. 5.

Validation by real-time quantitative reverse transcription PCR. RT-qPCR was used to confirm the
differential expression of hub genes. Overall, when COPD and LUAD samples were compared to those of nor-
mal controls, a total of 10 of the 15 genes analyzed were significantly differentially expressed. The findings were
in accordance with the array analysis. COPD-specific genes (CORIN, SELL, SH3PXD2B) and LUAD-specific
critical genes (ASPM, CENPE MAD2L1, TOP2A, CDKN2A, ELF3, IGFBP2) were expressed at higher levels in
comparison to normal controls. TRAF3IP3, BHLHE22, MUC5B, CEACAMS5, and BUBI1B, on the other hand,
exhibited no differences in gene expression. The results are shown in Fig. 6.

Discussion

Because of the threat, they pose to human survival and the toll they take on society, it is extremely important
to explore the biological mechanisms of COPD and LUAD, to improve the treatment and prevention of these
conditions. COPD and LUAD are both common respiratory diseases, with differences and similarities. Previous
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Figure 4. (A), the abundance of differentially expressed immune cells in COPD. (B), the abundance of

differentially expressed immune cells in LUAD. Green represents the control group, and red represents COPD
patients. COPD: chronic obstructive pulmonary disease; LUAD: lung adenocarcinoma; HC: control group.
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Figure 5. Candidate disease-specific drug-target networks. Label targets and drugs are colored black and
turquoise, respectively. The size of the drug letters reveals the degree of the drug. (A), Candidate drug-target
network of COPD blue module; (B), Candidate drug-target network of COPD-LUAD turquoise module; (C),
Candidate drug-target network of LUAD blue module; (D), Candidate drug-target network of the LUAD
turquoise module. COPD: chronic obstructive pulmonary disease; LUAD: lung adenocarcinoma.

studies generally focused on one disease, and little research had been conducted to clarify the complex disease
mechanism connecting COPD and LUAD, and to date, no genetic biomarkers have been developed for screening
COPD patients who are at high risk for LUAD. To test for differential genes in smoking-related LUAD, Landi et al.
created the LUAD-related dataset GSE10072%. Morrow et al. generated the COPD-related dataset GSE76925 to
analyze global gene transcription?!. In the current study, the GSE10072 and GSE76925 datasets were analyzed
again. However, the enrichment analysis in this study differed from Landi et al. in that it was done after the
WGCNA key module was obtained. Unlike Morrow et al. approach the screening of significant genes in this
work combined the relevant modules produced by WGCNA with DEGs to improve the accuracy of the results.
In addition, immune infiltration study of the diseases and drug targets prediction were carried out, which were
not covered in Morrow et al. and Landi et al. investigations. In our present study, we identified the 4 important
modules, COPD (blue), LUAD (turquoise and blue) and COPD-LUAD (turquoise), involved in COPD and LUAD
pathogenesis by WGCNA using bioinformatics. We screened important key genes in each module and confirmed
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Figure 6. (A), RT-qPCR was used to detect the expression of different genes in LUAD and normal cells.
(B), RT-qPCR was used to detect the expression of different genes in COPD and normal cells. “*” p <0.05,
“*7 p<0.01, ““*” p<0.001. COPD: chronic obstructive pulmonary disease; LUAD: lung adenocarcinoma;
RT-gPCR: Real-time quantitative reverse transcription PCR.

the findings with RT-qPCR experimental verification. The functions, molecular mechanisms and pathways of key
genes were then analyzed in combination with GO and KEGG to provide insight into these genes. We also found
significant differences in immune cell infiltration between the disease and normal groups. The roles of key genes
involved in many immune responses and immune cell chemotaxis were also found. Meanwhile, we obtained drug
targets from the DGIDB database for four modules related to disease pathogenesis. This study bridges the gap
between Omics analyses and clinical applications by examining the unique and jointly biological mechanisms
of COPD and LUAD pathogenesis in multiple datasets and from multiple perspectives. It may be provided new
directions for the development of early interventions and treatments to improve COPD and LUAD prognosis.
We obtained four hub genes, MAD2LI1, CENPE, TOP2A, and ASPM, in the LUAD blue module. Mitotic arrest
deficiency protein 2 (MAD2L1) and abnormal spindle microtubule assembly (ASPM) have been identified as
vital mediators of the chromosomal control pathways. Type IIA topoisomerase (TOP2A) regulates the specific
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spatial structure (topological structure) by relaxing the positive and negative DNA supercoil structures during
DNA replication and transcription and solves the problem of chromosome aggregation and mutual separation
of chromatids. The gene located on chromosome 1q41 is centromere protein F, encoding Centromere protein
F (CENPE), which is part of the centromere kinetochore complex?. The occurrence of most cancers is related
to unstable factors in cell formation. Dysregulation of cell cycle pathways, including spindle assembly, resulting
in unstable chromosomal structures or massive aneuploidy chromosomal aberrations, leads to tumorigenesis®.
MAD2L1 participates in motorcycle control of the mitotic spindle assembly checkpoint. Overexpression of
MAD2LI can lead to lung carcinoma susceptibility?»*. It was further confirmed in the experiment that the
expression of MAD2L1 in LUAD tissue was higher than the average amount. These findings also suggest that
increased genetic diversity contributes to altered tumor survival and chemoresistance and that cell cycle path-
ways, including disruption of spindle assembly, have been the focus of recent chemotherapeutic drug develop-
ment, such as paclitaxel and colchicine bases.

Through correlation analysis between WGCNA and clinical indicators, we found that the turquoise mod-
ules had the strongest negative correlation with disease. The LUAD turquoise module screened for five central
genes (IGFBP2, CDKN2A, MUC5B, CEACAMS5, ELF3), and these genes in LUAD may be closely related to
tumorigenesis. Cyclin-dependent kinase inhibitor 2A (CDKN2A) is an essential cell cycle regulating factor, and
a study found that the absence of CDKN2A promoted the progression of lung cancer and that it was correlated
with poor survival®®.

We found that 3 genes were overexpressed in the COPD group (SH3PXD2B, CORIN, SELL). The L-selectin
gene (SELL) is also known as CD62 L, which is a type-I transmembrane glycoprotein and cell adhesion molecule.
CORIN is a member of the trypsin superfamily of type II transmembrane serine proteases. To date, there is no
direct evidence that CORIN and SELL are implicated in the development and progression of COPD. To the best
of our knowledge, this is the first time that the association of CORIN and SELL with COPD has been reported.
Nevertheless, the effects of CORIN and SELL on inflammation and immunity have been demonstrated®”*. SH3
and PX domains 2B (SH3PXD2B) is involved in encoding the cohesive protein of the same name, which triggers
the extracellular matrix (ECM) to produce elastase. Furthermore, elastase leads to the degradation of pulmonary
elastin, which leads to the occurrence of emphysema, further affecting the formation and progression of COPD *.

The five hub genes in the COPD-LUAD consensus consist of EZH2, EFNA4, CFB, ENO1 and GPI. Interest-
ingly, ENO1 and GPI are the first discoveries of new genes involved in the combined pathogenesis of COPD and
LUAD. Enolase 1 (ENOL1) glycolytic enzyme catalyzes the transformation of 2-phosphoglycerate to phospho-
enolpyruvate to preserve aerobic glycolysis®. The present study determined that ENO1 is overexpressed in LUAD,
consistent with published studies. ENOLI is involved in proliferative invasion, tumor metastasis and progression
in LUAD through glycolysis and the PI3K/Akt pathway’'. Patients with NSCLC with high ENO1 expression had
relatively low disease-free survival and overall survival and were positively correlated with TNM stage®. The
developmental mechanism of ENO1 and COPD has not been reported. However, it has been reported previously
that because COPD is a long-term chronic inflammatory response, the function of neutrophils has a certain
degree of influence on its pathogenesis. Neutrophils need to generate intracellular glycogen reserves through the
glycolytic pathway to maintain their own cellular functions®. The impaired glycolytic pathway involving ENO1
has an impact on neutrophil function. Consequently, these findings support the idea that hat overexpression
of these genes plays a significant role in COPD, LUAD, and both, and that they might be therapeutic targets.

The infiltration of immune cells has a crucial function in the progression of illnesses. Finding precise diag-
nostic markers and assessing the immune cell infiltration pattern in disease has far-reaching implications for
improving their prognosis. The lungs of chronic obstructive pulmonary disease patients are prone to inflam-
mation, which is linked to aberrant immunological responses. Immune cell infiltration in COPD and LUAD
was considerably different from that in normal controls, according to our findings. The Tth, NKT and B-cell
expression abundance in COPD was considerably higher than that in the control group. Tth cells are a type of
CD4 + T-cell that promotes B-cell survival, affinity maturation, and recombination. However, an overactive Tth
cell response can result in a variety of autoimmune disorders, including rheumatoid arthritis**. Tth cells have
been observed in the early stages of COPD (GOLDI/II), which is compatible with the findings of this investiga-
tion. B cells and NKT cells are both lymphocytes, which are another type of immune cell®®. Previous research
reported an increase in NKT cells in COPD patients’ bronchoalveolar lavage and generated sputum, as well as
cytotoxicity against autologous lung epithelial cells*. Increased abundance of Tth, NKT and B cells in patients
with chronic obstructive pulmonary disease may help explain the relationship between lung inflammation and
immune response in COPD patients, potentially paving the way for disease-targeted immunotherapy.

The richness of CD4 + T cells, Tr1, and Th1 were significantly higher in LUAD samples when compared to that
in the control group. CD4 +T cells are essential in host defense, immunological modulation, and autoimmune
disease. CD4 +T cells have been found to steadily grow during the shift from normal lung tissue to LUAD?.
Th1 cells are helper T cells that secrete cytokines that regulate cell development, differentiation, inflammation,
and immunological responses®®*’. Th1 expression was found to be higher in LUAD, which contradicts previ-
ous research that found Th1 cytokine levels to be lower in lung cancer patients, Th1 cells to play an antitumor
role, and Th2 cells to promote tumor growth***!. The fundamental reason for this is that the research topics are
diverse. This research focuses on LUAD, a lung cancer subtype. Second, tumor occurrence and recurrence are
complicated processes that may be influenced by patient-specific alterations in Th1 and Th2 cytokines. The exact
regulatory mechanism is still a mystery.

In terms of potential drug targets, we identified cisplatin and tretinoin, as well as bortezomib and metformin.
Cisplatin chemotherapy is the basis for the treatment of LUAD patients today. Cisplatin chemotherapy function
and mechanism of action are related to its cross-linking with guanine and adenine on DNA, obstructing the
DNA self-repair mechanism, causing permanent sabotage to DNA, and subsequently inducing carcinoma cell
apoptosis*?. Although there is no reported use of tretinoin for improved prognosis of COPD, a basic study found
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that Tretinoin significantly treatment abrogated elastase-induced pulmonary emphysema in rats*. Bortezomib
was consistently identified as an important drug target in the analysis of the COPD-LUAD module. Inhibition
of the proteasome leads to disruption of the dynamic balance of proteins, which adversely affects the cellular
signaling cascade*!. Bortezomib and carfilzomib are both proteasome inhibitors and are among the major back-
bone drugs in oncology therapy. Although bortezomib is primarily used in the treatment regimen for multiple
myeloma, it has been reported to have potential benefits in the treatment of lung carcinoma®. Recent studies
suggest that recognition of the proteasome may be a potential therapeutic target for restoring respiratory mus-
cle function in patients with COPD**’. Metformin may reduce the accumulation of advanced glycation end
products by activating amp-related protein kinase (AMPK), thereby reducing airway inflammation, increasing
lung capacity, and may improving the prognosis of COPD***. Furthermore, a previous study reported that use
of metformin was inversely associated with pulmonary cancer risk®. Consequently, cisplatin and tretinoin, as
well as bortezomib and metformin may be potential targeted therapy for patients with COPD combined LUAD.
However, there are currently difficulties in repurposing of drug targets. With the exception of cisplatin, which
is more likely to cause drug resistance, all of the drug targets we evaluated are currently often used to treat
other illnesses. With the gradual development of Druggable Genome, a technique that directly detects genomic
sequences to establish the relationship between gene sequence changes and pharmacological effects, we can
anticipate drug reuse in the future. It's interesting to note that the technology is currently employed in clinical
settings, including genetic testing for cardiovascular medications®'.

Our research has some limitations. First, the study’s samples are limited. More samples and prospective
investigations are needed in the next study to fully examine and validate our findings. Second, we lack datasets or
lung tissues about COPD combined with LUAD. We will employ clinically matched COPD combined with LUAD
samples in the future to confirm the protein expression level of hub genes using western blot analysis. Third, the
drug targets identified in this study are based only on a predictive analysis of the disease’s major modules and
have yet to be empirically validated. In terms of theoretical mechanisms, the medications we acquired may be
suitable for improving the prognosis of both disorders. More clinical investigations are needed in the future to
establish the validity and reliability of the findings of this study. Moreover, the datasets in this study involved
information on demographic characteristics, and differences between disease and control groups regarding
demographic characteristics may lead to potential bias in the results of our analysis.

In summary, our research found important genes linked to COPD and LUAD, both individually and jointly.
CORIN and SELL, as well as EFNA4 and CFB, were identified for the first time to play a role in the etiology of
COPD and LUAD. We discovered the high expression of immune cells in the immunological microenvironment
of COPD and LUAD patients. We also found that cisplatin and tretinoin, as well as bortezomib and metformin
may be potential targeted therapy for patients with COPD combined LUAD. In fact, we clearly explored the
unique and jointly molecular mechanisms of the pathogenesis of COPD and LUAD in multiple datasets and from
multiple viewpoints, providing a new direction for developing early interventions and treatments to improve
the prognosis of COPD and LUAD.

Data availability

COPD and LUAD datasets from publicly available database: Gene Expression Omnibus. The accession number of
both datasets are GSE 10072 and GSE 76925. All the procedures were performed in accordance with the relevant
guidelines and regulations. Further inquiries can be directed to the corresponding author.

Received: 12 April 2022; Accepted: 27 July 2022
Published online: 02 August 2022

References
1. Bringsvor, H. B. et al. Symptom burden and self-management in persons with chronic obstructive pulmonary disease. Int. J. Chron.
Obstruct. Pulmon. Dis. 13, 365-373. https://doi.org/10.2147/copd.s151428 (2018).
2. Mohammed, J., Derom, E., De Wandele, I., Rombaut, L. & Calders, P. Autonomic symptoms in patients with moderate and severe
chronic obstructive pulmonary disease. Acta Clin. Belg. 73, 182-190. https://doi.org/10.1080/17843286.2017.1379255 (2018).
3. Lokke, A., Lange, P, Scharling, H., Fabricius, P. & Vestbo, J. Developing COPD: a 25 year follow up study of the general population.
Thorax 61, 935-939. https://doi.org/10.1136/thx.2006.062802 (2006).
4. Jiang, H., Xu, S. & Chen, C. A ten-gene signature-based risk assessment model predicts the prognosis of lung adenocarcinoma.
BMC Cancer https://doi.org/10.1186/s12885-020-07235-z (2020).
5. Balzer, B. W.R,, Loo, C., Lewis, C. R., Trahair, T. N. & Anazodo, A. C. Adenocarcinoma of the lung in childhood and adolescence:
A systematic review. J. Thorac. Oncol. 13, 1832-1841. https://doi.org/10.1016/j.jth0.2018.08.2020 (2018).
6. Mouronte-Roibds, C., Ruano-Ravifia, A. & Ferndndez-Villar, A. Lung cancer and chronic obstructive pulmonary disease: Under-
standing the complexity of carcinogenesis. Transl. Lung Cancer Res. 7, $214-S217. https://doi.org/10.21037/tlcr.2018.08.11 (2018).
7. Alvarez, E. V. et al. Recommendations of the Spanish Society of Pneumology and Thoracic Surgery on the diagnosis and treatment
of non-small-cell lung cancer. Archivos De Bronconeumologia 52(31), 2 (2016).
8. Brenner, D. R., McLaughlin, J. R. & Hung, R. J. Previous lung diseases and lung cancer risk: A systematic review and meta-analysis.
PLoS ONE 6, e17479. https://doi.org/10.1371/journal.pone.0017479 (2011).
9. Durham, A. L. & Adcock, I. M. The relationship between COPD and lung cancer. Lung Cancer 90, 121-127 (2015).
10. Morrow, J. D. et al. Functional interactors of three genome-wide association study genes are differentially expressed in severe
chronic obstructive pulmonary disease lung tissue. Sci. Rep. 7, 44232. https://doi.org/10.1038/srep44232 (2017).
11. Chen, Z., Fillmore, C. M., Hammerman, P. S., Kim, C. E. & Wong, K.-K. Non-small-cell lung cancers: A heterogeneous set of
diseases. Nat. Rev. Cancer 14, 535-546. https://doi.org/10.1038/nrc3775 (2014).
12. Ogata, H., Goto, S., Sato, K., Fujibuchi, W. & Kanehisa, M. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res.
27,29-34(1999).
13. Kanehisa, M. Toward understanding the origin and evolution of cellular organisms. Protein Sci. 28, 1947 (2019).
14. Ashburner, M., Ball, C. A,, Blake, J. A., Botstein, D. & Cherry, J. M. Gene ontology: Tool for the unification of biology. The gene
ontology consortium. Nat. Genet. 25, 25-29 (2000).

Scientific Reports |

(2022) 12:13214 | https://doi.org/10.1038/s41598-022-17552-x nature portfolio


https://doi.org/10.2147/copd.s151428
https://doi.org/10.1080/17843286.2017.1379255
https://doi.org/10.1136/thx.2006.062802
https://doi.org/10.1186/s12885-020-07235-z
https://doi.org/10.1016/j.jtho.2018.08.2020
https://doi.org/10.21037/tlcr.2018.08.11
https://doi.org/10.1371/journal.pone.0017479
https://doi.org/10.1038/srep44232
https://doi.org/10.1038/nrc3775

www.nature.com/scientificreports/

15.
16.
17.
18.

19.
. Teresa, L. M. et al. Gene expression signature of cigarette smoking and its role in lung adenocarcinoma development and survival.

21.
22.

23.
24.

25.
26.

27.
28.

29.
30.
31.
32.
33.
34.
35.
36.
37.

38.
. Cope, A, Friec, G. L., Cardone, J. & Kemper, C. The Thl life cycle: Molecular control of IFN-y to IL-10 switching. Trends Immunol.

40.
41.
42.
43.
44.

45.

46.
47.
48.
49.

50.

51.

Carbon, S., Douglass, E., Good, B. M., Unni, D. R. & Elser, ]. The gene ontology resource: enriching a GOld mine. Nucleic Acids
Res. 49, D325 (2021).

Minoru, K., Miho, E, Yoko, S., Mari, I. W. & Mao, T. KEGG: Integrating viruses and cellular organisms. Nucleic Acids Res. 49, D545
(2020).

Miao, Y. R., Zhang, Q,, Lei, Q., Luo, M. & Guo, A. Y. ImmuCellAI: A Unique Method for Comprehensive T-Cell Subsets Abundance
Prediction and Its Application in Cancer Immunotherapy (Cold Spring Harbor Laboratory, 2019).

Freshour, S. L., Kiwala, S., Cotto, K. C., Coffman, A. C. & Wagner, A. H. Integration of the drug-gene interaction database (DGIdb
4.0) with open crowdsource efforts. Nucleic Acids Res. 49, D1144 (2020).

Wright, C. Standardized methods for the regulation of cigarette-smoke constituents. Trac Trends Anal. Chem. 66, 118-127 (2015).

PLoS ONE 3, e1651 (2008).

Morrow, J. D. et al. Functional interactors of three genome-wide association study genes are differentially expressed in severe
chronic obstructive pulmonary disease lung tissue. Sci. Rep. 7, 44232. https://doi.org/10.1038/srep44232 (2017).

Bomont, P, Maddox, P, Shah, J. V,, Desai, A. B. & Cleveland, D. W. Unstable microtubule capture at kinetochores depleted of the
centromere-associated protein CENP-FE. EMBO J. 24, 3927-3939 (2005).

Li, Y. & Benezra, R. Identification of a human mitotic checkpoint gene: hsMAD2. Science 274, 246-248 (1996).

Li, J., He, X., Wu, X,, Liu, X. & Gong, Y. MiR-139-5p inhibits lung adenocarcinoma cell proliferation, migration, and invasion by
targeting MAD2L1. Comput. Math. Methods Med. 2020, 1-10 (2020).

Shi, Y.-X. et al. Prognostic and predictive values of CDK1 and MAD2L1 in lung adenocarcinoma. Oncotarget 7, 85235-85243.
https://doi.org/10.18632/oncotarget.13252 (2016).

Liu, W. et al. Loss of CDKN2A at chromosome 9 has a poor clinical prognosis and promotes lung cancer progression. Mol. Genet.
Genomic Med. 8, e1521-e1521. https://doi.org/10.1002/mgg3.1521 (2020).

Ivetic, A., Green, H. & Hart, S. J. L-selectin: A major regulator of leukocyte adhesion. Migr. Signal. Front. Immunol. 10, 1068 (2019).
Khoury, E. E. et al. Natriuretic peptides system in the pulmonary tissue of rats with heart failure: Potential involvement in lung
edema and inflammation. Oncotarget 9, 21715-21730. https://doi.org/10.18632/oncotarget.24922 (2018).

Burgstaller, G. et al. The instructive extracellular matrix of the lung: basic composition and alterations in chronic lung disease.
Eur. Respir. J. 50, 1601805 (2017).

Okudela, K. et al. The potential significance of alpha-enolase (ENOL1) in lung adenocarcinomas - A utility of the immunohisto-
chemical expression in pathologic diagnosis. Pathol. Int. 67, 602-609 (2017).

Zhou, J., Zhang, S., Chen, Z., He, Z. & Li, Z. CircRNA-ENO1 promoted glycolysis and tumor progression in lung adenocarcinoma
through upregulating its host gene ENOL1. Cell Death Dis. 10, 885 (2019).

Li, H.-J. et al. ENO1 promotes lung cancer metastasis via HGFR and WNT signaling-driven epithelial-to-mesenchymal transition.
Can. Res. 81, 4094-4109. https://doi.org/10.1158/0008-5472.CAN-20-3543 (2021).

Sadiku, P,, Willson, J. A., Ryan, E. M., Sammut, D. & Walmsley, S. R. Neutrophils fuel effective immune responses through gluco-
neogenesis and glycogenesis. Cell Metabol. 33, 411 (2020).

Ueno, H., Banchereau, J. & Vinuesa, C. G. Pathophysiology of T follicular helper cells in humans and mice. Nat. Immunol. 16, 142
(2015).

Ge, P, Wang, W,, Li, L., Zhang, G. & Wu, Y. Profiles of immune cell infiltration and immune-related genes in the tumor microen-
vironment of colorectal cancer. Biomed. Pharmacother. Biomed. Pharmacother. 118, 109228 (2019).

Urbanowicz, R. A., Lamb, J. R., Todd, L, Corne, J. M. & Fairclough, L. C. Altered effector function of peripheral cytotoxic cells in
COPD. Respir. Res. 10, 53. https://doi.org/10.1186/1465-9921-10-53 (2009).

Dejima, H., Hu, X., Chen, R., Zhang, J. & Zhang, ]. Inmune evolution from preneoplasia to invasive lung adenocarcinomas and
underlying molecular features. Nat Commun. 12, 2722 (2020).

Foulds, K. E., Wu, C. Y. & Seder, R. A. Th1 memory: Implications for vaccine development. Immunol. Rev. 211, 58-66 (2010).

32,278-286 (2011).

Li, J., Wang, Z., Mao, K. & Guo, X. Clinical significance of serum T helper 1/T helper 2 cytokine shift in patients with non-small
cell lung cancer. Oncol. Lett. 8, 1682-1686 (2014).

Becker, Y. Respiratory syncytial virus (RSV) evades the human adaptive immune system by skewing the Th1/Th2 cytokine balance
toward increased levels of Th2 cytokines and IgE, markers of allergy—a review. Virus Genes 33, 235-252 (2006).

Pruchnik, H., Kral, T. & Hof, M. Interaction of Newly Platinum(II) with Tris(2-carboxyethyl)phosphine Complex with DNA and
Model Lipid Membrane. J. Membr. Biol. 250, 461-470 (2017).

Massaro, G. & Massaro, D. Retinoic acid treatment abrogates elastase-induced pulmonary emphysema in rats. Nat. Med. 3, 675
(1997).

Davies, A. M., Lara, P. N., Mack, P. C. & Gandara, D. R. Incorporating bortezomib into the treatment of lung cancer. Clin. Cancer
Res. 13, 4647-4651 (2007).

Mortenson, M. M., Schlieman, M. G., Virudachalam, S. & Bold, R. J. Effects of the proteasome inhibitor bortezomib alone and
in combination with chemotherapy in the A549 non-small-cell lung cancer cell line. Cancer Chemother. Pharmacol. 54, 343-353
(2004).

Van, H. H. et al. Proteasome inhibition improves diaphragm function in an animal model for COPD. Am. J. Physiol. Lung Cell
Mol. Physiol. 301, L110 (2011).

Ferrer, I. et al. MAP17 predicts sensitivity to platinum- based therapy, egfr inhibitors and the proteasome inhibitor bortezomib in
lung adenocarcinoma. ] Exp Clin Cancer Res. 37,195 (2019).

Yen, E. S., Wei, C. C,, Yang, Y. C., Hsu, C. C. & Hwu, C. M. Respiratory outcomes of metformin use in patients with type 2 diabetes
and chronic obstructive pulmonary disease. Sci. Rep. 10, 10298 (2020).

Polverino, E, Wu, T. D., Rojas-Quintero, J., Wang, X. & Celli, B. Metformin: Experimental and clinical evidence for a potential
role in emphysema treatment. Am. J. Respir. Crit. Care Med. 204, 651-666 (2021).

Kang, J. et al. The associations of aspirin, statins, and metformin with lung cancer risk and related mortality: A time-dependent
analysis of population-based nationally representative data. J Thorac Oncol 16, 76-88. https://doi.org/10.1016/j.jtho.2020.08.021
(2021).

Duarte, J. D. & Cavallari, L. H. Pharmacogenetics to guide cardiovascular drug therapy. Nat. Rev. Cardiol. 18, 649-665. https://
doi.org/10.1038/541569-021-00549-w (2021).

Author contributions

Z.8.Y designed and conducted the whole research. Z.S.Y and P.K completed the data analysis. Z.S.Y completed
experiment and drafted the manuscript. EX.Y investigated the literature. Z.Y.L revised and finalized the manu-
script. All authors contributed to the article and approved the submitted version.

Scientific Reports |

(2022) 12:13214 | https://doi.org/10.1038/s41598-022-17552-x nature portfolio


https://doi.org/10.1038/srep44232
https://doi.org/10.18632/oncotarget.13252
https://doi.org/10.1002/mgg3.1521
https://doi.org/10.18632/oncotarget.24922
https://doi.org/10.1158/0008-5472.CAN-20-3543
https://doi.org/10.1186/1465-9921-10-53
https://doi.org/10.1016/j.jtho.2020.08.021
https://doi.org/10.1038/s41569-021-00549-w
https://doi.org/10.1038/s41569-021-00549-w

www.nature.com/scientificreports/

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-17552-x.

Correspondence and requests for materials should be addressed to Y.Z.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:13214 | https://doi.org/10.1038/s41598-022-17552-x nature portfolio


https://doi.org/10.1038/s41598-022-17552-x
https://doi.org/10.1038/s41598-022-17552-x
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Transcriptomic data exploration of consensus genes and molecular mechanisms between chronic obstructive pulmonary disease and lung adenocarcinoma
	Materials and methods
	Data collection and processing. 
	Identification of DEGs and candidate genes. 
	Weighted gene co-expression network analysis (WGCNA). 
	Screening for hub genes. 
	Pathway enrichment analysis. 
	Immune cell infiltration analysis. 
	Identification of candidate drug-targets. 
	Real-time quantitative reverse transcription PCR. 

	Results
	Identification of DEGs. 
	Weighted gene co-expression network analysis. 
	Disease-specific analysis. 
	Consensus network analysis. 

	Screening for the hub genes. 
	Enrichment analysis. 
	Analysis of the immune cell infiltration. 
	Identification of candidate drug-targets. 
	Validation by real-time quantitative reverse transcription PCR. 

	Discussion
	References


