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ABSTRACT

Background: Epidemiological evidence has indicated the occurrence of idiopathic pulmonary fibrosis (IPF) with
coexisting lung cancer is not a coincidence. The pathogenic mechanisms shared between IPF and non-small cell
lung cancer (NSCLC) at the transcriptional level remain elusive and need to be further elucidated.

Methods: IPF and NSCLC datasets of expression profiles were obtained from the GEO database. Firstly, to detect
the shared dysregulated genes positively correlated with both IPF and NSCLC, differentially expressed analysis
and WGCNA analysis were carried out. Functional enrichment and the construction of protein-protein network
were employed to reveal pathogenic mechanisms related to two diseases mediated by the shared dysregulated
genes. Then, the LASSO regression was adopted for screening critical candidate biomarkers for two disorders.
Moreover, ROC curves were applied to evaluate the diagnostic value of the candidate biomarkers in both IPF and
NSCLC.

Results: The 20 shared dysregulated genes positively correlated with both IPF and NSCLC were identified after
intersecting differentially expressed analysis and WGCNA analysis. Functional enrichment revealed the 20 shared
genes mostly enriched in extracellular region, which is critical in the organization of extracellular matrix. The
protein-protein networks unrevealed the interaction of the 11 shared genes involving in collagen deposition and
the connection between PYCR1 with PSAT1. PSAT1, PYCR1, COL10Al and KIAA1683 were screened by the
LASSO regression. ROC curves comprising area under the curve (AUC) verified the potential diagnostic value of
PSAT1 and COL10A1 in both IPF and NSCLC.

Conclusions: We revealed dysregulated extracellular matrix through aberrant expression of the relevant genes,
which provided further understanding for the common molecular mechanisms predisposing the occurrence of
both IPF and NSCLC.

1. Introduction

risen rapidly worldwide [2,3]. Several comorbidities can occur [4-7],
among which patients with IPF have a risk nearly five times as high as

Idiopathic pulmonary fibrosis (IPF), the most common idiopathic
interstitial pneumonia, is a chronic and fatal fibrotic lung disease with
unknown etiology, with higher incidence in older adults whose median
age at diagnosis is about 65 years and the median survival time ranging
3-5 years after diagnosis [1,2]. Patients often appear respiratory failure
at the end stage. In recent years, the incidence and mortality of IPF have

that of the general population to develop lung cancer (LC) [8,9] pri-
marily developing in periphery adjacent to fibrotic areas of patients with
IPF. Additionally, epidemiological evidence suggests that the incidence
of lung cancer developed in patients with IPF ranges from 3 % to 22 %
[10,11], indicating there is no doubt about the association of IPF and LC.

The occurrence of LC is associated with the poor prognosis of IPF
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with a reduced median survival time (1.6-1.7 years) compared with IPF
patients without LC [12]. There is no consensus statement raising the
management and treatment for patients with this disease combination,
thus early diagnosis through appropriate screening algorithms and de-
tective methods is vital. High-resolution CT (HRCT) suggested by the
comment to monitor the progression of IPF is difficult to detect pre-
cancerous lesion [10,11]. The awareness of the pathogenic mechanisms
of the coexistence of IPF and LC is essential to raise for excavating
effective management and therapy of patients with both disorders.
While recent studies have illustrated that multiple-overlapping mecha-
nisms, including common genetic mutants, epigenetic alterations and
activation of signal transduction pathways, involve the occurrence of
IPF and LC [11,13-15], how abnormal interstitial lung tissues produce
cancerous lesion remains enigmatic. More identifications of molecular
mechanisms promoting carcinogenesis within fibrotic lung are needed
to further elucidate the coexistence of two lethal lung diseases.

In this context, we investigated links between IPF and NSCLC,
comprising biological mechanisms involved by differentially expressed
genes in two lung disorders’ tissue compared with normal tissues, which
was based on comprehensive bioinformatics analysis and machine
learning of gene expression profile from lung disorders’ tissue sample.
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2. Materials and methods
2.1. Data collection and processing

The workflow chart of this study is presented in Fig. 1. We searched
for IPF and NSCLC patients’ gene expression profiles from Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.
gov/geo/) [16] using the term “Idiopathic pulmonary fibrosis” or
“non-small cell lung cancer”. The inclusion criteria were as follows: (1)
Homo sapiens; (2) Expression profiling by array and profiles should
consist of case and control groups; (3) Samples should be derived from
lung tissue samples; (4) The number of samples in each dataset must be
greater than 30. Ultimately, GSE10667 (comprising human lung tissue
from 15 normal individuals and 31 patients with idiopathic pulmonary
fibrosis) and GSE21933 (comprising human lung tissue from 21 normal
individuals and 21 patients with non-small cell lung cancer) were chosen
as training sets for the next research. GSE53845 (comprising human
lung tissue from 8 normal individuals and 40 patients with idiopathic
pulmonary fibrosis) and GSE18842 (comprising human lung tissue from
45 normal individuals and 46 patients with non-small cell lung cancer)
were chosen as validating sets for further research. We downloaded the
four GEO datasets’ series matrix files using “GEOquery” packages [17]
in R software (version 4.3.1) for the next analysis. The detailed
description of datasets was shown in Table 1.

WGCNA analysis

Module-trait relationships.
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Fig. 1. The workflow chart of this study.
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Table 1
Information of GEO datasets containing the IPF/NSCLC patients.
GSE number Platform Samples Disease Groups
GSE10667 GPL4133 31 patients and IPF Training set
15 controls
GSE21933 GPL6254 21 patients and NSCLC Training set
21 controls
GSE53845 GPL6480 40 patients and IPF Validating set
8 controls
GSE18842 GPL570 46 patients and NSCLC Validating set
45 controls
Table 2
GO and KEGG analysis terms of 20 shared genes.
Term Description Count P Value Gene symbol
G0:0030199 collagen fibril 4 3.77E-05 GREM1, COL1Al,
organization COL11A1,
COL5A2
G0:0030198 extracellular matrix 4 5.33E-04 COL1A1,
organization COL11A1,
COL5A2,
COL10A1
G0:0007155 cell adhesion 4 0.012 COL1A1,
CGREF1,
ADAM12, THBS2
GO0:0061098  positive regulation of 2 0.026 GREM1, DOK7
protein tyrosine
kinase activity
G0:0005201 extracellular matrix 6 7.81E-08 COL1A1,
structural constituent COL11A1,
COL5A2,
COL10A1,
THBS2, CTHRC1
G0:0030020 extracellular matrix 4 6.86E—06 COL1A1,
structural constituent COL11A1,
conferring tensile COL5A2,
strength COL10A1
hsa04974 Protein digestion and 4 1.39E-04  COL1Al,
absorption COL11A1,
COL5A2,
COL10A1

2.2. Differentially expressed genes (DEGs) analysis

The identification of DEGs for the datasets GSE10667 and GSE21933
was carried out using “limma” packages [18] in R software (version
4.3.1) after normalization between arrays. Cutoff criteria (P-value <
0.05 and |log2FC| > 1) was applied to detect significant DEGs from the
two datasets. Subsequently, the expression patterns of DEGs were
visualized in the form of volcano plots and the top20 genes heatmaps
with the “ggplot2” package and “pheatmap” package in R software,
respectively. The shared DEGs associated with IPF and NSCLC were
acquired using online Venn diagram (https://bioinformatics.psb.ugent.
be/webtools/Venn/) and visualized with “VennDiagram” package [19].

2.3. Weighted gene co-expression network analysis

Weighted gene co-expression network analysis (WGCNA), a sys-
tematic biology method, can be used for detecting modules of correlated
genes and for relating gene sets to samples’ phenotype [20]. In this
study, key modules of correlated genes mostly associated with IPF or
NSCLC were found with “WGCNA” package in R software. Firstly, we
checked the missing values for removing the offending genes and sam-
ples and clustered all samples for judging and detecting outlier samples.
Secondly, the optimal soft threshold power was established in accor-
dance with the scale-free topology criterion in this experiment. Flowing
this, the topological overlap matrix (TOM) was constructed to detect
gene connectivity, and modules expressing similarly were merged on the
basis of mergeCutHeight = 0.25 and 30 as the gene dendrogram’s
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minimum size. Then, we analyzed and established the correlation of
modules and traits for screening key modules associated with disease.
Finally, using Venn diagram to take intersections of genes of key mod-
ules and shared DEGs between IPF with NSCLC to screen shared DEGs
mostly both related to the two diseases.

2.4. Functional enrichment analysis

Gene ontology (GO) can functionally categorize and annotate genes
according to the fundamental roles of cellular component (CC), bio-
logical process (BP) and molecular function (MF) in organism [21]. The
Kyoto Encyclopedia of Genes and Genomes (KEGG) integrates a large
amount of functional information about biological pathways and allows
pathway enrichment analysis of genes [22]. To explore the shared
pathways of IPF and NSCLC, we imported gene list screened through
forward analysis into DAVID database (https://david.nciferf.gov/) [23]
to carry out GO and KEGG analysis. The P-value < 0.05 was considered
as the significant term. Using ClueGO plugin in Cytoscape (3-10-1) to
categorize the significant GO terms and KEGG pathways.

2.5. Protein-protein interaction network analysis

The foundation and analysis of Protein-protein interaction networks,
composed of proteins that participate in various aspects of biological
processes such as biological signaling, regulation of gene expression,
energy and material metabolism, and cell cycle regulation, can form the
full understanding of the cellular machinery and biological phenomena.
The STRING (version 11.0) (https://string-db.org/) [24], which can
construct a comprehensive PPI network from the aspects of physical as
well as functional interactions, was used to form the PPI network of the
shared genes screened from forward steps. The confidence score
threshold was kept at 0.4. The PPI networks were visualized using
Cytoscape.

2.6. Machine learning and receiver operating characteristic (ROC) curves
of hub genes

To further screen the candidate genes of patients with IPF and
NSCLC, Least Absolute Shrinkage and Selection Operator (LASSO) was
employed, a logistic regression approach to facilitate variable selection,
which was conducted using the R package “glmnet” [25,26]. The
receiver operating characteristic curve (ROC) was carried with R pack-
age “pROC” [27] to assess the diagnostic values of hub genes for IPF and
NSCLC, respectively. Area under the curve (AUC) was calculated to
determine the sensitivity and accuracy of hub genes in the diagnosis of
diseases. In addition, ROC analysis was performed on the validating sets
to further verify the diagnostic values of hub genes.

3. Results

3.1. Data processing and identification of shared DEGs associated with
IPF and NSCLC

The datasets GSE10667 and GSE21933 were firstly normalized be-
tween arrays, respectively, which were visualized in Fig. 2A-D. Then, as
shown in Fig. 3A, differential analysis between IPF patients and normal
samples revealed 658 upregulated and 428 downregulated genes with
cutoff criterion of P-value < 0.05 and |log2FC| > 1. 1341 upregulated
and 1570 downregulated genes between NSCLC patients and normal
samples were shown in Fig. 3B. To better demonstrate the differences
between the normal and disease groups, we show the top20 DEGs be-
tween two groups with heatmaps (Fig. 3C and D). The shared DEGs
associated with IPF and NSCLC, containing 148 upregulated and 173
downregulated genes, were exhibit with the Venn diagram (Fig. 3E).


https://bioinformatics.psb.ugent.be/webtools/Venn/
https://bioinformatics.psb.ugent.be/webtools/Venn/
https://david.ncifcrf.gov/
https://string-db.org/

X. Ding et al.

International Immunopharmacology 134 (2024) 112162

Fig. 2. The box-plots of two datasets. (A) The box-plot of GSE10667 before normalizing between arrays. (B) The box-plot of GSE10667 after normalizing between
arrays. (C) The box-plot of GSE21933 before normalizing between arrays. (D) The box-plot of GSE21933 after normalizing between arrays.
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Fig. 3. Screening of shared dysregulated genes of IPF and NSCLC. (A) The volcano plot presenting IPF DEGs in GSE10667. (B) The volcano plot presenting NSCLC
DEGs in GSE21933. (C) The heatmap presenting top20 IPF DEGs in GSE10667. (D) The heatmap presenting top20 NSCLC DEGs in GSE21933. (E) The Venn diagram
presenting the shared dysregulated genes including 148 upregulated genes and 173 downregulated genes of IPF and NSCLC.
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3.2. The construction of weighted gene co-expression network and the
identification of key modules in IPF and NSCLC

The weighted gene co-expression network analysis (WGCNA) was
carried out to identify the key modules most relevant with IPF or NSCLC,
respectively. As shown in Fig. 4A and B, after removing outlier samples
and choosing the soft-thresholding power of 6, totally 13 modules
associated with IPF were generated and presented using the cluster
dendrogram. The correlation between modules with IPF was performed
with the heatmap and the Spearman’s correlation coefficient. The
MEblack module with 223 genes was found to be the most positively
relevant to IPF (r = 0.76, p = 2e—09). The MEbrown module with 649
genes was found to be the most negatively correlated with IPF (r =
—0.73, p=1e—08) (Fig. 4C). The MEblack was selected as key module of
GSE10667 for further analysis. No samples in GSE21933, comprising 21
NSCLC samples and normal samples, were found to be outliers (Fig. 4D
and E). Similarly, after the soft-thresholding power of 14 was chosen, 6
modules associated with NSCLC were generated. The MEblue module
with 563 genes was most positively correlated with NSCLC (r = 0.91, p
= 5e—17). In contrast, the MEbrown module with 502 genes was found
to be the most negatively with NSCLC (r = —0.87, p = 6e—14) (Fig. 4F).
The MEblue module of GSE21933 was used to further study. In order to
identify the shared DEGs mostly both related to two diseases, we take
the intersection of the MEblack module of GSE10667 and the MEblue
module of GSE21933 with the shared DEGs. Lastly, 20 shared DEGs
associated with IPF and NSCLC were obtained, which was consisted of
17 upregulated and 3 downregulated genes (Fig. 5A and Fig. 7A and B).

3.3. The enrichment analysis of shared DEGs from IPF and NSCLC

To explore the shared pathways of IPF and NSCLC, we imported 20
shared DEGs associated with IPF and NSCLC into DAVID online database

A B
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to take GO and KEGG analysis, which can identify the potential common
pathogenesis of two diseases. The results revealed that biological
progress (BP) of GO enrichment in several main terms, such as “collagen
fibril organization”, “extracellular matrix organization”, “cell adhe-
sion”, “chondrocyte development” and “positive regulation of protein
tyrosine kinase activity”. Cellular component (CC) of GO analysis indi-
cated that 20 shared genes were mainly located in “collagen trimer”,
“extracellular region”, “extracellular matrix”, “endoplasmic reticulum
lumen”, “extracellular space”, “collagen type XI trimer”. Molecular
function (MF) showed that “extracellular matrix structural constituent”
and “extracellular matrix structural constituent conferring tensile
strength” were significantly meaningful terms enriched by the screened
genes (Fig. 5B and C). KEGG analysis revealed that “protein digestion
and absorption” was the mostly related pathways enriched by the
screened genes (Fig. 5B).

3.4. The construction of protein—protein interaction network of shared
DEGs from IPF and NSCLC

To better understand the interactions between the proteins encoded
by shared DEGs positively related to IPF and NSCLC, we imported these
genes into the STRNG online database, and obtained the file of the
protein—protein interaction network with a medium confidence score of
>0.4. Then, the interaction network of the proteins was visualized by
Cytoscape, which showed 13 nodes and 34 lines (Fig. 5D). These nodes
represented proteins encoded by 13 upregulated genes in IPF and
NSCLC, and lines indicated interaction between proteins.

3.5. The identification of biomarkers both IPF and NSCLC via LASSO
regression algorithm and the evaluation of diagnostic value via ROC curves

To further identify and narrow down the crucial shared DEGs from
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20 screened genes, the LASSO regression algorithm was applied. As
shown in Fig. 6, four biomarkers from GSE10667 and ten biomarkers
from GSE21933 were identified. Lastly, total three biomarkers were
screened through taking the intersection of biomarkers from both
datasets, which were PSAT1, COL10A1, KIAA1683 (Fig. 7C). PSAT1 and
COL10A1 expressed highly in IPF and NSCLC. In contrast, KIAA1683
was downregulated in IPF and NSCLC (Fig. 7A and B). When performing
the LASSO regression algorithm, we found that PSAT1 had the largest
correlation coefficient with IPF and PYCR1 had the largest correlation
coefficient with NSCLC (Table 3). In forward PPI network, we also found
that PYCR1 interacted with PSAT1 (Fig. 5D). Therefore, PYCR1 was
included in biomarkers for further analysis. Because the GO terms and
KEGG analysis of 20 shared DEGs hadn’t revealed the pathway and
function involved by PYCR1 and PSAT1 (Table 2), to understand it, we
imported two genes into DAVID online database again. The result
showed that biological progress was “amino-acid biosynthesis” and
KEGG pathway was “biosynthesis of amino acid”.

To evaluate diagnostic value of four biomarkers for IPF and NSCLC,
we used ROC curves based on GSE10667 and GSE21933 datasets at first.
The AUCs of four hub genes demonstrated significant diagnostic value
for IPF and NSCLC in two training sets (Fig. 8A and B). To further
confirm the diagnostic efficacy of hub genes, we validated them using
GSE53845 and GSE18842 datasets, validating sets of IPF and NSCLC,
respectively. The AUC greater than 0.7 was considered having credible
diagnostic values. The results were demonstrated on Fig. 8A-D, which
illustrated that PSAT1(AUC = 0.921 in GSE10667, 0.791 in GSE53845,
0.961 in GSE21933 and 0.998 in GSE18842) and COL10Al (AUC =
0.906 in GSE10667, 0.982 in GSE21933, 0.978 in GSE53845 and 0.954
in GSE18842) could act as potential diagnostic biomarkers for both IPF
and NSCLC.

4. Discussion

The similarities between idiopathic pulmonary fibrosis with lung
cancer, coupled with poor prognosis, have been established by abundant
researches in multiple respects more than tobacco exposure [28].
However, epidemiological evidences are difficult to prove causality in
both disorders, additional studies are needed to demonstrate the asso-
ciation through comprehension of their pathogenetic commonalities.
Considering non-small cell lung cancer accounting for approximately 85
% patients with lung cancer is the most common histological subtype of
lung cancer [29], this study aims to provide more common molecular
mechanisms involving in incidence and development of IPF and NSCLC.

In this study, underlining the GEO datasets, 17 upregulated genes
and 3 downregulated genes associated with both diseases, most of which
were enriched in extracellular matrix and relevant to the organization of
that, were screened through the integration of differential expression
analysis and WGCNA analysis. In order to further identify hub genes, we
analyzed 20 shared genes through the LASSO regression and attained 4
meaningful genes, whose diagnostic efficacy on IPF and NSCLC were
assessed by ROC curves subsequently. The AUC of PSAT1 and COL10A1
in two training datasets and validating datasets were greater than 0.7
showing their potential diagnostic value for the condition of IPF and
NSCLC.

Extracellular matrix (ECM), mediated by matrix-degrading enzymes,
is a complex and dynamic structure composed of collagen, elastin and
several glycoproteins, deregulation of which is associated with the
progression of multiple diseases [30]. While the precise pathogenesis of
idiopathic pulmonary fibrosis still remains elusive, one of major mech-
anisms already illustrated is the composition and deregulation of ECM
secreted by activated myofibroblasts through serine-threonine kinase
and tyrosine kinase pathways, causing structural lung damage and
remodeling [1,31,32]. IPF lung myofibroblasts presenting with cancer-
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Fig. 6. LASSO regression model was established to the identification of hub genes. (A) and (B) LASSO coefficient profiles were calculated in GSE10667 and
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datasets after LASSO regression.

like characteristics including stemness potential and resistance to
apoptosis, similar to cancer associated fibroblasts in lung cancer, can
produce abundant ECM, which might contribute to the initiation and
growth of cancer through construction of the tumor stroma [11,33-35].
Consistent with forward studies’ opinion that “dysregulation of extra-
cellular matrix” is the hallmark of the aging lung diseases [33], we found

screened genes associated with ECM overexpressed in both two disor-
ders, indicating the increased production of ECM.

Interestingly, 3 meaningful hub genes screened finally in our study,
PSATI1, PYCR1 and COL10A1l, are also tightly associated with the pro-
duction of collagen, component of the ECM. PSAT1 and PYCR1, mean-
ingful upregulated genes identified by LASSO regression and key
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Table 3

Coefficients of genes associated with diseases through LASSO regression.
Gene symbol Coefficients Disease
CTHRC1 0.4384 IPF
PSAT1 1.0880 IPF
COL10A1 0.3164 IPF
KIAA1683 —0.5299 IPF
CRABP2 0.1469 NSCLC
KIAA1683 —0.1456 NSCLC
PSAT1 0.0729 NSCLC
ARNTL2 0.1000 NSCLC
VSIG2 —0.0721 NSCLC
PYCR1 1.4612 NSCLC
COL10A1 0.2548 NSCLC
GREM1 0.1360 NSCLC
DOK7 —0.4065 NSCLC
PRRX2 0.4984 NSCLC

enzymes for serine synthesis and proline synthesis [36,37], respectively,
are directly linked in the PPI network, which can show the potential
interaction in amino acid synthesis. Seeing that essential function of
amino acid synthesis for the production of collagen by myofibroblasts,
especially proline and glycine synthesis pathways, aberrant composition
of collagen due to the upregulated enzymes encoded by genes PSAT1
and PYCR1, may finally induce deregulation of ECM leading to tumor

International Immunopharmacology 134 (2024) 112162

development and fibrosis [30,38-40]. Additionally, there is study
showing the upregulated COL10Al remodels the ECM and promotes
tumor invasion and metastasis [41,42]. To sum up, the deregulation of
ECM through aberrant expression of genes encoding components and
synthesis enzymes of it, plays an important role in both IPF and NSCLC,
normalization of which will be a potential strategy for the treatment of
this coexistence.

Metabolic reprogramming in response to the activation of lung fi-
broblasts and cancer cells for cell growth, proliferation and synthesis has
been elucidated, in which non-essential amino acids synthesis plays a
key role [37,43]. Phosphoserine aminotransferase (PSAT1), can
generate 3-phosphopyruvate, an intermediate of de no serine and
glycine synthesis required for collagen protein production by myofi-
broblasts [36]. The expression of PSAT1 was evaluated in TGF-f stim-
ulated lung fibroblasts and Vitamin D3 can inhibit the activation of
mitogen-activated protein kinase (MAPK) pathway via targeting
PSAT1, which alleviated pulmonary fibrosis through decreasing
collagen production [44]. Also, the serine biosynthesis pathway was
identified as an important source of metabolic processes providing
materials for rapid cell growth and proliferation of tumors. As the
enzyme of serine biosynthesis, silencing the expression of PSAT1 can
degrade cyclin D1 and block cell division in the GO/G1 phase in NSCLC,
inhabiting proliferation of NSCLC cells [45]. The above studies estab-
lished that PSAT1 plays an important role in the development of IPF or
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NSCLC mainly relying on enzymatic function of serine synthesis to
collagen production and cell proliferation, which would be supposed to
the mechanism of the enzyme leading to the occurrence and develop-
ment of IPF and IPF-based tumorigenesis.

Likewise, Pyrroline-5-carboxylate reductase 1 (PYCR1) is the key
enzyme for proline synthesis. Current studies suggested that PYCR1 with
its binding partner kindlin-2 significantly overexpressed in the lung
tissues of patients with pulmonary fibrosis or lung adenocarcinoma, the
complex composed of which can promote the collagen matrix synthesis
and induce the tumor growth through proline synthesis [46,47].
Therefore, we suggested the overexpression of PSAT1 and PYCR1
leading to the progression of IPF and NSCLC may be related to metabolic
reprogramming.

The silence of collagen o-1(X) chain (COL10A1), a member of the
collagen family and component of extracellular matrix, could inhibit cell
proliferation and promote cell apoptosis and autophagy in NSCLC cells
[48]. Seldom studies indicated how COL10A1l plays role in the pro-
gression of fibrotic diseases. Consistent with previous studies, our results
also demonstrated the upregulated expression of COL10A1 associated
with progression of NSCLC. The expression of KIAA1683, known as IQ
Motif Containing N (IQCN) located in mitochondrion [49], was down-
regulated in both IPF and NSCLC in our study. However, the mechanisms
of KIAA1683 in fibrotic diseases and cancers have not been elucidated
yet. Further studies are needed to show its potential mechanisms in
pathogenesis of IPF or NSCLC.

There are inherent limitations in this study. Firstly, the validation of
the screened genes’ expression was limited possibly due to low univer-
sality of their dysregulated expression among the general samples.
Furthermore, the validation of hub genes’ potential diagnostic value in
tumorigenesis during the progression of IPF was limited to datasets
usually related to individual disease, which is necessarily established by
further datasets with the coexistence of two diseases. In conclusion,
considering the limitations of this investigation, we can only find that
the dysregulation of ECM is a main common mechanism of both dis-
eases, normalization of which might provide therapeutic promise for the
patients with IPF and NSCLC.

5. Conclusion

Our study showed the dysregulation of ECM induced by screened
dysregulated genes is an important shared mechanism involving in the
progression of IPF and NSCLC. Considering the inherent limitations of
this study, further experimental validations for hub genes including
large samples are urgently needed.
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