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Background: Idiopathic pulmonary fibrosis (IPF) is a fatal disease of unknown
etiology with a poor prognosis, characterized by a lack of effective diagnostic
and therapeutic interventions. The role of immunity in the pathogenesis of IPF
is significant, yet remains inadequately understood. This study aimed to identify
potential key genes in IPF and their relationship with immune cells by integrated
bioinformatics analysis and verify by in vivo and in vitro experiments.

Methods: Gene microarray data were obtained from the Gene Expression
Omnibus (GEO) for differential expression analysis. The differentially expressed
genes (DEGs) were identified and subjected to functional enrichment analysis.
By utilizing a combination of three machine learning algorithms, specific genes
associated with idiopathic pulmonary fibrosis (IPF) were pinpointed. Then
their diagnostic significance and potential co-regulators were elucidated.
We further analyzed the correlation between key genes and immune infiltrating
cells via single-sample gene set enrichment analysis (ssGSEA). Subsequently,
a single-cell RNA sequencing data (scRNA-seq) was used to explore which
cell types expressed key genes in IPF samples. Finally, a series of in vivo and
in vitro experiments were conducted to validate the expression of candidate
genes by western blot (WB), quantitative real-time PCR (gRT-PCR), and
immunohistochemistry (IHC) analysis.

Results: Atotal of 647 DEGs of IPF were identified based on two datasets, including
225 downregulated genes and 422 upregulated genes. They are closely related
to biological functions such as cell migration, structural organization, immune
cell chemotaxis, and extracellular matrix. CFH and FHL2 were identified as key
genes with diagnostic accuracy for IPF by three machine learning algorithms.
Analysis using ssGSEA revealed a significant association of both CFH and FHL2
with diverse immune cells, such as B cells and NK cells. Further scRNA-seq
analysis indicated CFH and FHL2 were specifically upregulated in human IPF
tissues, which was confirmed by in vitro and in vivo experiments.

Conclusion: In this study, CFH and FHL2 have been identified as novel potential
biomarkers for IPF, with potential diagnostic utility in future clinical applications.
Subsequent investigations into the functions of these genes in IPF and their
interactions with immune cells may enhance comprehension of the disease’s
pathogenesis and facilitate the identification of therapeutic targets.

KEYWORDS

CFH, FHL2, biomarker, IPF, machine-learning strategies

01 frontiersin.org


https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fmed.2024.1363643﻿&domain=pdf&date_stamp=2024-05-09
https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/full
https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/full
https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/full
mailto:huangliur@163.com
mailto:Jmzheng1962@smmu.edu.cn
mailto:dongyc1020@aliyun.com
https://doi.org/10.3389/fmed.2024.1363643
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/medicine#editorial-board
https://www.frontiersin.org/journals/medicine#editorial-board
https://doi.org/10.3389/fmed.2024.1363643

Liu et al.

1 Introduction

IPF is a chronic progressive lung disease distinguished by the
excessive accumulation of mesenchymal cells and extracellular matrix,
resulting in an irreversible decline in lung function (1). Predominantly
affecting individuals in middle to older age groups, the incidence rate
of IPF is steadily rising by 11% annually (2). Due to the insidious onset
of IPFE, the difficulty of imaging and histology to distinguish IPF from
other usual interstitial lung diseases (ILDs), and the absence of reliable
laboratory tests contribute to delayed diagnoses in most patients,
typically occurring during the intermediate to advanced disease stages
(1, 3). Because of delayed diagnosis and limited treatment options,
individuals with IPF experience a median survival time of 2 to 5years,
with a five-year survival rate of 30%, which is inferior to that of many
malignancies (4, 5).

At present, the pathogenesis of IPF is not fully understood, and it is
mainly related to repetitive damage and repair dysregulation of alveolar
epithelial cells. Epithelial apoptosis and impaired function of progenitors
(AT2 cells) lead to the inability to complete the normal re-epithelialization
process, induce fibroblasts to proliferate and transform into
myofibroblasts. These activated myofibroblasts then deposit extracellular
matrix (ECM) components, such as collagen, and exert contractile forces
to facilitate wound healing (6). Scar foci formation triggers restrictive
ventilation disorders and gas exchange disorders, ultimately leading to
respiratory failure and death (7). Studies have found that immunity and
inflammation are closely related to IPE in which both innate and
adaptive immunity are activated (8). In IPE the damaged pulmonary
epithelial cells released chemokines and cytokines, which leads to the
recruitment and activation of innate immune cells such as neutrophils
and macrophages, further activate the adaptive immune system (B cells
and T cells) (9). Single-cell analysis showed that increased alveolar
macrophages, dendritic cells (DCs), and memory T cells were present in
IPF lungs and had possessed an activation profile indicating increased
IFN-y signaling and upregulation of adaptive immunity (10).
Multicellular interactions between the activated innate and adaptive
immune cells and lung fibroblasts may be crucial for the pathologic
mechanisms of IPF and need further, which required further research.

Currently, there is a lack of effective treatments for IPE. Only two
recommended drugs (nintedanib and pirfenidone) that have been
approved for IPF but can only delay the decline in lung function and
cannot stop the progression of the disease (11, 12). Numerous clinical
trials investigating the efficacy of anti-inflammatory drugs for IPF
have yielded unfavorable outcomes, including potential harm to
patients (13, 14).

In summary, IPF remains a fatal disease characterized by a lack of
timely diagnosis and efficacious treatment modalities. Therefore, this
article aims to find the biomarkers with significantly altered expression
levels in IPF patients through bioinformatics analysis, evaluate their
diagnostic efficacy, and explore the relationship between the key genes
that may be found and immune cell infiltration, so as to offer novel
perspectives for the development of targeted immunotherapies for IPE

2 Materials and methods
2.1 Dataset collection

Data analysis procedures of our study are shown in Figure 1. Gene
expression profiles of GSE150910 and GSE32537 were downloaded
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from the Gene Expression Omnibus (GEO) database. GSE150910
dataset includes RNA-sequencing results of 103 IPF lung samples and
103 unaffected control lung samples. GSE32537 dataset includes
transcriptional profiles on lung tissue from 119 IPF subjects and 50
non-diseased controls. The scRNA-seq data, accession number
GSE132771, was obtained from GEO based on GPL24676 platform.
We used sequencing results of three IPF patient lungs and three
normal human lungs.

2.2 ldentification of DEGs

We conducted the differential expression analysis by comparing
IPF lung samples to normal lung samples in the R computing
environment using limma package. Genes were regarded as
differentially expressed with the threshold of FDR-adjusted p-value
<0.05 and |Log2foldchange (FC)| >0.585. FDRs were estimated with
Benjamini-Hochberg procedure. Visualization of DEGs including
volcano plots, heatmaps for top 50 DEGs, and Venn diagram was
achieved by using ggplot2 package, Pheatmap package, and
VennDiagram package in R, respectively.

2.3 Functional enrichment analysis

After identifying the overlapping DEGs between the above two
datasets, we performed Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analysis via the
clusterProfiler package to determine function and pathway
enrichment of DEGs. Enrichment is achieved by comparing GO
terms or pathways present in DEGs using three annotation databases
of GO terms (BP, Biological Process; CC, Cellular Component; and
ME, Molecular Function) or KEGG pathway database. The GO
enrichment was performed for all DEGs together and for up- and
down-regulated genes separately. Only terms with p-values and
q-values<0.05 were considered significantly enriched. The results
were visualized with GOplot R package.

2.4 Machine learning algorithms

In order to reduce the risk of bias, three machine learning
algorithms were applied in this study to select characteristic genes of
IPF: RE, Random Forest, LASSO logistic regression, The Least
Absolute Shrinkage and Selection Operator, and WGCNA, Weighted
Gene Co-expression Network Analysis. All statistical analyses were
implemented through the randomForest package, glmnet package,
and WGCNA package of R software, respectively. The results of the
three algorithms were intersected by Venn diagrams to finalize the
possible key genes for further study.

2.5 Diagnostic efficacy assessment

The expression levels of key genes identified were compared
between the IPF group and the control group in two gene databases
separately. If the differential expression is significant (p-value <0.05
and |Log2FC| >0.585), the diagnostic effectiveness of key genes was
evaluated by plotting the ROC curve and calculating the AUC via R
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Flowchart of the study.

software pROC package. These genes were considered to be poorly
diagnostic if the AUC is less than 0.7, moderately diagnostic if 0.7-0.9,
and well diagnostic if greater than 0.9. In addition, we compared the
predicted clinical assessment effects of key genes by constructing
decision curve analysis (DCA).

2.6 Mapping gene regulatory network

Gene expression is subject to multiple regulators. We analyzed
microRNAs (miRNA), long non-coding RNA (IncRNA), and
transcription factor (TF) associated with the expression of key genes
through mirDIP, starbase, and hTFtarget to find regulators that may
lead to differential expression. The visualization process and the
search for common regulators between key genes were completed by
Cytoscape software.

2.7 Immune cell infiltration

First, we analyzed the intra-group similarity and inter-group
variability between the IPF group and the control group by principal
component analysis (PCA) to evaluate the sample data quality.
ssGSEA was used to calculate the abundance of immune cell infiltrated
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in each sample from GSE150910 and plot heat map. The differences
in Infiltrated immune cell set and function between the IPF and the
control group were compared by ssGSEA and box plots were drawn.
Spearman rank correlation coefficient calculation was used to screen
infiltrating immune cells closely related to key genes. p<0.05 was
considered statistically significant.

2.8 Single-cell RNA sequencing analysis

The barcodes data, gene features data, and gene count matrix data
of GSE132771 preprocessed by Cellranger (10X Genomics) were
downloaded from the GEO database. We conducted the differential
expression analysis by comparing IPF lung samples to normal lung
samples in the R computing environment using the Seurat V4.1.0
package. Firstly, cells were subjected to quality control based on the
following criteria: a gene count per cell >500, a percentage of
mitochondrial genes <20%, and a red blood cell gene proportion <3%.
Then the data were normalized by SCTransform function (15) and
integrated with reciprocal principal component analysis (rPCA)
approach (16). Subsequently, PCA, cluster analysis, and Uniform
Manifold Approximation and Projection (UMAP) were performed
using the RunPCA, FindClusters, and RunUMAP functions,
respectively. Additionally, cell annotation was performed using the
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SingleR V1.4.1 package with the HumanPrimaryCellAtlasData as the
reference dataset (17).

2.9 Isolation, culture and treatment of
primary lung fibroblasts

Lung tissue from euthanized post-natal 4weeks SD rats were
quickly extracted (trachea and excess tissue removed) and rinsed with
PBS before being infiltrated in serum-free medium. Then we minced
lung tissue into 1-3 mm pieces with sterile ophthalmic forceps in a
dish and transferred pieces to serum-free medium containing Dispase
II (Sigma-Aldrich, 4,942,078,001), DNase I (Sigma-Aldrich, D5025).
After incubating at 37°C for 45 min with gentle shaking every 15 min,
add 10% FBS to stop digestion. Digestion products passing through a
70 um filter were centrifuged at 1500 rpm for 5min. Added Red Cell
Lysis Buffer (Beyotime, C3702) to resuspend, incubated at room
temperature for 5min, and then centrifuged at 1500 rpm for 5min.
After resuspending cells with DMEM with 10% FBS (Gibco,
United States), 100 U/mL of penicillin and 100 pg/mL of streptomycin,
PLFs were plated at a seeding density of 5x 10°~1 x 10%/well with 2mL
complete medium in 6-well plate. All steps were performed on ice or
at 4°C unless stated otherwise. Cells were cultured at 37°C in a 5%
CO2 incubator with regular feeds and passaged at 80% fusion using
0.25% of trypsin-EDTA in a 1:3 ratio. PLFs were divided into three
groups comprising a control group of cells without treatment, a group
with TGFP1 10ng/mL treatment for 48h, and a group with TGFf1
10ng/mL treatment for 72h.

2.10 Bleomycin-induced mouse lung
fibrosis model

10 wild-type SPF-grade male C57BL/6] mice (6weeks) were
purchased from Shanghai Bikai Keyi Biotechnology Co. and randomly
divided into two groups, a control group (n=5) and a bleomycin
group (n=>5). After gas anesthesia, the mice were intratracheally
injected with normal saline (total volume 50 puL) or 5 mg/kg Bleomycin
(selleck, S1214). Lung tissue samples from the mice were collected at
21days.

2.11 Hematoxylin and eosin, Masson
staining and immunohistochemistry

H&E staining and Masson staining was performed as previously
described (18). Briefly, lung specimens were fixed with 4%
paraformaldehyde for 24h. Then the samples were dehydrated,
paraffin embedded and cut into 3 pm sections. Sections were stained
with hematoxylin and eosin (H&E) and Masson’s trichrome stain to
assess gross morphology and collagen deposition, respectively. For
THC, after dewaxing and hydration, epitope retrieval was performed
with 10mM citrate buffer. Then sections were blocked with 1% BSA
for 1h at ambient temperature before incubated with primary
antibody at 4°C overnight. Then the sections were rewarmed for
45min on the next day and incubated with secondary antibodies for
30 min at room temperature (Zsbio, pv8000), followed by detection
using the DAB detection kit (OriGene Technologies, ZLI-9017). The
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primary antibodies and secondary antibodies used were as follows:
anti-CFH (Abclonal, A13686; 1:100), anti-FHL (proteintech, 21,619-
1-AP; 1:100) and anti-a-SMA (Abcam, ab7817; 1:100).

2.12 Quantitative real-time PCR

Total RNA was extracted using the RNA extraction Kit (Fastagen,
220,010). Reverse transcription was performed using cDNA Synthesis
Kit (Vazyme, R312-01). The reverse transcription conditions were 37°C
for 15min and 85°C for 5s. The RT-PCR were performed using HiScript
RT superMix for qPCR (Vazyme, R122-01) and the reaction conditions
were initial denaturation at 95°C for 10 min, followed by 40 cycles of
95°C for 15s and 60°C for 45s. Primers and reagents used were as
follows: Fhl2(rat), Forward: 5'- TCTGACCCCACAGGTTGCTG-3";
Reverse: 5'- TCACAGGTGTTGGCATAGAGC-3". Cth(rat), Forward:
5’- GTGTAAAGCCCCGAAGTCAAC-3; Reverse: 5- GGAGGG
CAGAATCTTTTCTCATT-3". Acta2 (rat), Forward: 5- GTGTTCAGA
GAGGGTGAGCC-3; Reverse: 5'- TCAGGTTGGTCCTCTGGTCT-3".
Gapdh (rat), Forward: 5'- GCATCTTCTTGTGCAGTGCC-3'; Reverse:
5'- GATGGTGATGGGTTTCCCGT-3".

2.13 Western blot

Samples were lysed with RIPA buffer on ice and centrifuged at
16000 g for 15min to extract protein. Protein concentrations were
measured using the BCA Protein Assay kit (Thermo, 23,227). These
protein samples were separated by electrophoresis using 8% or 15%
SDS-PAGE at 100V for 20min and 120V for 100 min. Proteins were
electrostatically transferred to NC membrane and blocked with 5%
BSA for 120 min. The primary antibodies were incubated overnight at
4°C and the secondary antibody for 60 min at room temperature.
Finally, the labeled protein bands were developed with developing
solution and scanned. All experiments were repeated three times. The
antibodies used were as follows: GADPH (Abcam, 16,891; 1:1000),
anti-CFH (Abclonal, A13686; 1:1000), anti-FHL (proteintech, 21,619-
1-AP; 1:1000) and anti-a-SMA (Abcam, ab7817; 1:1000).

2.14 Statistical analyses

All statistical analyses were performed using GraphPad Prism 8.0.
A two-tailed unpaired student t-test was used to determine
significance. One-way analysis of variance (ANOVA) with a
Bonferroni post-test was used to compare differences among multiple
groups. p <0.05 was considered as statistically significant.

3 Results
3.1 Identification of DEGs

Differential expression analysis showed that there were 1950
differentially expressed genes (DEGs) in the GSE150910, including
739 genes down-regulated in the IPF group and 1,211 genes
up-regulated (Figures 2A,D). Meanwhile, there were 1,259 DEGs in
the GSE32537, consisted of 477 down-regulated genes and 782
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up-regulated genes (Figures 2B,E). The comparison of gene expression
between the IPF group and the control group is shown by the volcano
plot (Figures 2A,B). The top 25 up-regulated genes and the top 25
down-regulated genes in the GSE150910 or GSE32537 were presented
in the heat maps, respectively, (Figures 2C,F). The Venn diagrams
exhibited a total of 225 overlapping down-regulated genes and 422
overlapping up-regulated genes between the two datasets (Figure 2G).

3.2 Functional enrichment analysis

A biological functional classification of overlapping DEGs was
performed by GO enrichment analysis. In the BP category, the
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significantly enriched terms included ameboidal-type cell migration,
cell-substrate adhesion, microtubule-based movement, external
encapsulating ~ structure extracellular ~ structure
organization, extracellular matrix organization, tissue migration,
epithelial cell migration, and cell chemotaxis (Figure 3A). Meanwhile
the significantly enriched terms in CC contained collagen-containing
extracellular matrix, cell-cell junction, and external side of plasma
membrane (Figure 3C). As for ME the significantly enriched terms

structural constituent,

organization,

comprised  extracellular ~ matrix
glycosaminoglycan binding, sulfur compound binding, integrin
binding, and heparin binding (Figure 3E). Subsequently, GO
enrichment analysis were conducted on the up-regulated and down-

regulated overlapping DEGs, respectively (Figures 3B,D). Among the
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Functional enrichment analysis of DEGs. (A,C,E) GO analysis of DEGs. Bubble charts indicate enriched GO terms associated with DEGs in IPF sorted by:
BP (A), CC (C), and MF (E). x-axis represents gene ratios, and y-axis represents GO terms. Circle size represents gene count and color represents
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GO terms

hsa04510

up-regulated DEGs, the predominantly enriched go terms included
microtubule-based movement, cilium organization, and cilium
assembly in BP, collagen-containing extracellular matrix, motile cilium,
and axoneme in CC, and extracellular matrix structural constituent,
receptor ligand activity, and signaling receptor activator activity in
ME In the down-regulated DEGs, the remarkably enriched go terms
included ameboidal-type cell migration, epithelial cell migration, and
epithelium migration in BB, external side of plasma membrane, cell-cell
junction, and cell projection membrane in CC, and GTPase regulator
activity, nucleoside-triphosphatase regulator activity, and immune
receptor activity in MFE. Then pathway analyses were performed by
mapping genes to KEGG pathways. The result showed that the most
abundant pathways included ECM-receptor interaction, cytokine-
cytokine receptor interaction, viral protein interaction with cytokine
and cytokine receptor, and focal adhesion (Figure 3F).
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3.3 Feature selection

Three machine learning algorithms were combined to analyze the
data from GSE150910 and screen for key genes by taking their
intersections. 38 genes were identified by RF algorithm (Figures 4A,B)
and 30 genes were screened out by LASSO regression algorithm
(Figures 4C,D). In the WGCNA analysis, the network was constructed
with 9 as the soft threshold based on the scale-free topology model fit
index and the mean connectivity (Figures 4E,F). We identified 10
modules that were significantly co-expressed (Figure 4G) and explored
the correlation between each module and IPF through a heat map
(Figure 4H). The result showed that the MEdarkmagenta module had
the highest positive correlation with IPF, so we further screened 38
genes that were highly correlated with IPF from the MEdarkmagenta
module (Figure 4I). The Venn diagram showed that CFH and FHL2
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Identification of key genes via three machine-learning algorithms. (A,B) Key genes selection via RF algorithm. Distribution of out-of-bag (OOB) error
rate at various values of trees (A). Variable importance assessed in terms of the mean decrease Gini is computed using the OOB error (B). A higher
mean decrease in Gini coefficient indicates higher variable importance. (C,D) Key genes selection via LASSO algorithm. LASSO coefficient profile of 29
genes, different colors represent different genes (C). Selection of the optimal parameter (lambda) in the LASSO model, and generation of a coefficient
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FIGURE 4 (Continued)

profile plot (D). (E-I) Key genes selection via WGCNA algorithm. Network topology analysis of various soft-threshold powers (E,F). Horizontal axis
represents soft threshold power, and vertical axis represents scale free topology model fit index (E) or mean connectivity (F). Clustering dendrogram of
DEGs related to IPF (G), with dissimilarity based on topological overlap, together with assigned module colors. Module-trait associations (H). Each row
corresponds to a module, and each column corresponds to a trait. Each cell contains corresponding correlation and p-value. The table is color-coded
by correlation according to the color legend. Gene significance for IPF in the MEdarkmagenta module (). One dot represents one gene in the module.
Venn diagram shows the intersection of key genes obtained by three indicated algorithms (J).
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FIGURE 5

the expression levels of CFH and FHL2 in two datasets. (A—D) Box plots of the expression of CFH and FHL2 between IPF and normal samples in
GSE150910 (A,B) and GSE32537 (C,D). (E,F) The ROC curves of CFH and FHL2 in GSE150910 (E) and GSE32537 (F). (G,H) The decision curves of CFH
and FHL2 in GSE150910 (G) and GSE32537 (H). CFH, complement factor H; FHL2, four and a half LIM domains 2.

were the overlapping key genes screened by three algorithms
ultimately (Figure 4]).

3.4 Diagnostic value of key genes

By comparing the expression levels of CFH and FHL2 between the
IPF group and the control group in the GSE150910 and GSE32537
datasets, the significant high expression of the two key genes in the
disease group was verified (p <0.01) (Figures 5A-D). The ROC curves
indicated that both CFH and FHL2 exhibited strong diagnostic
capabilities, with CFH achieving an AUC of 0.951 or 0.960, and FHL2
an AUC of 0.955 or 0.872 (Figures 5E,F). In the DCA curves, the net
benefit of CFH method or FHL2 method was higher than that of the
two extreme curves (all treatment or no treatment) within a large risk
threshold range, which meant the two diagnostic methods had good
clinical utility (Figures 5G,H).

3.5 Gene regulatory network
By integrating IncRNA/miRNA/TF that interacts with two key

genes, we constructed a gene multifactor regulatory network. In this
network, CFH was regulated by a total of 18 miRNAs and 7 TFs, while
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FHL2 was regulated by 98 miRNAs, 2 IncRNAs and 34 TFs. Notably,
the regulatory network revealed the presence of TFs that co-regulate
two key genes, including RAD21, LMNB1, FOXA2, FOXAL, SPI1, and
CTCEF (Figure 6).

3.6 Assessment of immune cell infiltration

The existing literature suggested that immunity is closely related
to IPE so we further explored the relationship between immune cell
infiltration and two key genes. First, we confirmed by PCA that the
samples in the IPF group and the control group from the GSE150910
dataset were well separated (Figure 7A). Then heatmap of infiltrating
immune cells in GSE150910 was achieved (Figure 7B). Next,
we compared the composition of 23 types of infiltrated immune cells
between the IPF group and the control group. Box plot displayed that
the IPF group had a higher proportion of activated B cell, immature
B cell, and CD56bright NK cell (all p <0.01), and a lower proportion
of mast cell, monocyte, neutrophil, y8T cell, Tth, Th17, and Th2 (all
p<0.001) (Figure 7C). By comparing the immune function score, it
was found that APC co-stimulation, DC, macrophage, mast cell, B cell,
Th, Tth, Th1, and T cell co-stimulation was increased and aDC, pDC,
neutrophil, NK cell, APC co-inhibition, cytolytic activity, Th2, and
typel IFN response was decreased in the IPF group (all p<0.001)
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FIGURE 6
The multifactor regulatory network based on CFH and FHL2.

(Figure 7D). The correlation analysis between genes and immune cells
demonstrated that both FHL2 and CFH were positively correlated
with activated B cell, CD56bright NK cell, CD56dim NK cell and Treg,
and negatively correlated with mast cell, monocyte, and Thl17.
Furthermore, FHL2 displayed a positive correlation with immature
DC and a negative correlation with y8T cell and Th2 (all p<0.01)
(Figure 7E).

3.7 Single cell gene expression

We have more precisely localized the cell populations expressing
CFH and FHL2 mRNA in IPF by single cell analysis. After a series of
pre-processing of the data from the GSE132771, we performed a
cluster analysis of the cells based on the similarity of the gene
expression profile (Figures 8A,B). Among the 10 cell identities
identified by clustering, the proportions of B cells, fibroblasts and
endothelial cells in the IPF group were significantly increased, while
epithelial cells, macrophages, neutrophils and NK cells were
significantly decreased (Figure 8C). The expression levels of CFH and
FHL2 in the IPF group were significantly upregulated in fibroblasts
marked by ACTA2 and COL1A1, confirming that the two key genes
obtained in this study are closely related to fibrosis induced by
fibroblasts (p <2A10-16) (Figures 8D,E).

3.8 Evaluation of CFH and FHL2 expression
in vivo and in vitro

To verify the reliability of the results of bioinformatics analysis in
IPE, we firstly established a IPF mouse model by bleomycin. H&E and
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Masson staining showed that 21 days after bleomycin administration,
there was a significant increase in the deposition of collagen. Also, the
expression of a widely accepted markers of fibroblast, a-smooth
muscle actin (a-SMA) had a significant increase, as well as that of
CFH and FHL2 (Figure 9A). WB analysis also showed that the content
of a-SMA, CFH and FHL2 in the bleomycin-treated group increased
compared with these in the control group (Figure 9B). Furthermore,
we investigated whether CFH and FHL2 was involved in TGFp1-
induced fibroblasts activation. PLFs were treated with TGFf1 (10ng/
mL) or PBS as control. And TGFf1 treatment increased the expression
of a-SMA, CFH and FHL2 both by WB analysis and qRT-PCR
(Figures 9C,D). Collectively, these data indicated that CFH and FHL2
are involved in the pulmonary fibrosis and activation of fibroblasts
induced by bleomycin and TGFp1, respectively.

4 Discussion

Given that the underlying pathogenesis is not fully understood
and the safe and effective therapeutic approaches remain elusive,
currently there is an unmet clinical need for patients with IPE. In this
study, we investigated the characteristics of the gene transcriptome in
IPF patients compared to healthy individuals through comprehensive
bioinformatics analysis, and identified a total of 422 up-regulated
DEGs and 225 down-regulated DEGs. Functional enrichment analysis
of overlapping DEGs revealed an enrichment of terms related to cell
migration, structural organization, immune cell chemotaxis,
extracellular matrix, etc., which is consistent with the existing
literature. Notably, we further reduced the number of markers by
taking the intersection of DEGs screened by the three machine
learning algorithms, improving the specificity and sensitivity of the
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Assessment of immune cell infiltration and its relationship to key genes in IPF. (A) Principal component analysis (PCA) cluster plot of gene expression
profile between IPF and normal samples in GSE150910. (B) Heatmap of infiltrating immune cells in GSE150910. x-axis represents each sample, and
(Continued)

Frontiers in Medicine

10 frontiersin.org


https://doi.org/10.3389/fmed.2024.1363643
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org

Liu et al.

10.3389/fmed.2024.1363643

FIGURE 7 (Continued)

correlation according to legend on the right, and significance is indicated.

y-axis represents each cell types. Legend on the top right represents the log fold change of cell counts. Red and blue colors represent high and low
cell counts. (C,D) Box plots of the proportion of 23 types of immune cells (C) and 29 types of immune functions (D) between IPF and normal samples.
*p<0.05, **p<0.01, ***p <0.001. (E) Correlations between CFH, FHL2, and infiltrating immune cells. Each cell is color-coded for logFC value of the

features of IPE Through this process, CFH and FHL2 were eventually
identified as key genes with significantly altered expression in the
disease, and their accurate and safe diagnostic efficacy was confirmed
by ROC curves and DCA, which was further supported by both in
vivo and in vitro models.

Actin alpha 2, smooth muscle (ACTA2) encodes one of six
different actin proteins (19). Collagen type I alpha 1 chain (COL1A1)
encodes the pro-alphal chains of type I collagen whose triple helix
comprises two alphal chains and one alpha2 chain (20). These two
genes, ACTA2 and COL1A1, are currently considered to be the main
markers of pathological fibrosis in IPF (21). However, their
diagnostic specificity is limited due to the potential expression of
these molecules in normal cells such as smooth muscle cells and
pericytes, in addition to pathogenic fibroblasts that overproduce
extracellular matrix (22). While in this study, the results of single-
cell analysis revealed that the upregulation of CFH and FHL2 in the
IPF group was predominantly localized in fibroblasts, suggesting
that these two molecules may be able to serve as precise indicators
of IPF fibroblast foci in IPE.

The human CFH gene is located on chromosome 1q32 within
the RCA (complement activation regulation) gene cluster and
encodes a 155kDa glycoprotein called complement factor H (23).
CFH protein consists of 20 short consensus repeats (SCRs) and is
mainly synthesized by the liver before being secreted into the
plasma. In addition to hepatic production, various cell types
including myofibroblasts, peripheral blood lymphocytes, RPE
cells, glomerular mesangial cells, and podocytes have been shown
to express CFH extrahepatically, potentially contributing to
localized concentration increases (24). CFH is an important
negative regulator of complement alternative pathway (AP)
through three distinct mechanisms: competitive binding to C3b
with factor B to inhibit the formation of C3 convertase,
displacement of C3b from the formed C3 convertase to accelerate
the decay of complement activators, and functioning as a cofactor
of factor I to facilitate the degradation and inactivation of C3b.
Additionally, CFH binds autologous cells by interacting with sialic
acid and heparin-like glycosaminoglycan polyanions on the
surface of host cells, thereby shielding them from damage. The
deficiency of CFH has been shown to be associated with a variety
of diseases, such as membranoproliferative glomerulonephritis,
atypical hemolytic uremic syndrome (aHUs), age-related macular
degeneration (AMD), etc. (25-27). However, the relationship
between CFH and IPF has not yet been reported. In this study,
CFH was found to be highly expressed in lung fibroblasts from
IPF samples by single-cell analysis and confirmed by experiments.
Whether the change in the expression level of CFH is the result of
inflammatory regulation disorder or a way for fibroblasts to
protect themselves from immune damage needs to be further
explored.

The FHL2 gene encodes a member of the four-and-a-half-LIM-
only protein family, characterized by two highly conserved zinc finger
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domains, each with four cysteines bound to a zinc atom, which
regulate transcription factor activity and cytoskeletal proteins. Due to
its structural properties, FHL2 interacts with a wide range of proteins
and participates in a variety of cellular processes, such as
transcriptional regulation, cell differentiation, proliferation, migration,
apoptosis, and signal transduction (28). Normally, FHL2 is only highly
expressed in cardiac tissue, but as an early-response gene protein,
FHL2 expression is upregulated during tissue remodeling. For
example, FHL2 is difficult to detect in normal skin, but its expression
is significantly increased during the repair process after skin injury,
especially in the migration and proliferation phases. Notably, FHL2 is
predominantly expressed in myofibroblasts during this period,
indicating a close association with its functional role. It stimulates
fibroblast migration in a RAC-dependent manner, regulates matrix
assembly, and acts as a transcriptional cofactor to support the
expression of a-SMA and ECM proteins (29-33). Consequently,
elevated levels of FHL2 may be implicated in the excessive wound
healing and tissue remodeling observed in patients with IPFE. Several
studies have indicated that increased FHL2 expression could
potentially serve as a distinguishing factor between individuals with
IPF and healthy controls (34). The expression level of FHL2 was
significantly and negatively correlated with percent diffusing capacity
of the lungs for carbon monoxide (%DLCO), suggesting a potential
role for FHL?2 in stratifying patients based on disease severity (35).
Experiments have shown that FHL2 inhibitors can significantly delay
the progression of pulmonary fibrosis (36). Nevertheless, the
relationship between FHL2 and immune dysregulation in IPF disease
states has not been reported.

The relationship between IPF and immunity or inflammation is
currently unclear. Some views suggest that aberrant immune
activation plays a role in the development of IPF, while others argue
that inflammation is a secondary characteristic of the disease, as
evidenced by the limited efficacy of anti-inflammatory treatments in
clinical trials. In this study, many DEGs in IPF samples were found to
be associated with the chemotaxis and migration of a variety of
immune cells as well as with the activity of immune receptors by
functional enrichment analysis, confirming the close relationship
between IPF and immunity. Further analysis showed that FHL2 and
CFH were significantly positively correlated with B cells, and B cells
were significantly enriched in IPF lung samples, suggesting a potential
role for these genes in regulating B cell function in IPE. Previous
studies have suggested that the binding of CFH and/or its related
proteins to B lymphocytes may influence the migration of these cells
and their role in adaptive immunity, further supporting the findings
of this study (24, 37-39). Regarding FHL2, it is involved in the
regulation of immune cell infiltration through direct interaction with
various integrins, particularly the B2 subunit of the CD11a-d and
CD18 integrin heterodimer receptor on immune cells. Additionally,
FHL2 may indirectly influence immune cell attraction by modulating
the expression of pro-inflammatory or
cytokines (40).

anti-inflammatory
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FIGURE 8

Single-cell RNA sequencing analysis. (A) Preprocessed single-cell data of GSE132771. (B) UMAP visualization of clustering revealing 10 cell clusters.

(C) Comparison of the proportion of each cell cluster between IPF and normal group. The colors correspond to the cell types shown in the legend on
the right. (D) Comparison of the expression levels of ACTA2, COL1A1, CFH, and FHL2 in different cell clusters between IPF and normal group. Red dots
represent cells expressing the gene noted above. Shades of color correspond to the expression level shown in the legend on the right. (E) Violin plots
compare the expression of CFH and FHL2 in different cell clusters between IPF and normal group with p value indicated above. CFH, complement
factor H; FHL2, four and a half LIM domains 2; UMAP, Uniform Manifold Approximation and Projection.

This study also has some limitations. Firstly, the utilization of  ascertain the correlation between aberrant alterations in biomarker
datasets from a public database without comprehensive clinical  expression and poor patient prognosis. Further clinical studies are
information hindered the ability to conduct prognostic analyses to  necessary to validate the diagnostic and stratification efficacy of

Frontiers in Medicine 12 frontiersin.org


https://doi.org/10.3389/fmed.2024.1363643
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org

10.3389/fmed.2024.1363643

Liu et al.
0 48h 72h
a-SMA |eus v -
CFH |=— — il
FHL2 | et
GAPDH |& e &%
D
Acta2 Cth Fhl2
* 0k
* %
44 au 4 « 49 ok
*¥ 4 *%
s g g
‘% 3 'z 3 Z 37
£ 8 i 5
& I3 I A
4 27 " & 27 & 27
< < <
é 7z 7 »
14 & 1 x 14
g £ £
0 T T T 0 T T T 0 T =T T
0 48h  72h 0 48h  72h 0 48h  72h
FIGURE 9
Expression of CFH and FHL2 in mouse and cellular IPF models. (A) HE and MASSON staining and immunohistochemical staining for a-SMA, CFH, and
FHL2 in lung tissues of mice in control and bleomycin-induced groups. (B) Protein levels of a-SMA, CFH, and FHL2 in lung tissues of mice in control
and bleomycin-induced groups assessed by Western blot. (C) Protein levels of a-SMA, CFH, and FHL2 in PLFs with or without TGF-f stimulation
assessed by Western blot. (D) mRNA levels of Acta2, Cfh, and Fhl2 in PLFs with or without TGF-p stimulation assessed by gPCR. CFH, complement
factor H; FHL2, four and a half LIM domains 2; a-SMA, alpha-smooth muscle actin; ACTA2, actin alpha 2, smooth muscle; PLFs, primary lung
fibroblasts; TGFp, transforming growth factor-p.

biomarkers. Furthermore, the molecular mechanism of biomarkers in
the pathogenesis of IPF and their relationship with immunity have not
been elucidated. Additional research is required to investigate and
identify potential therapeutic targets for IPE.

In summary, CFH and FHL2 have been identified as promising
novel biomarkers for IPF with strong diagnostic capabilities,
suggesting their potential utility as diagnostic aids in the future.
Further studies of the role of these two genes in IPF and their
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relationship with immune cells could help to understand the
pathogenesis of IPF and provide potential therapeutic targets.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession

frontiersin.org


https://doi.org/10.3389/fmed.2024.1363643
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org

Liu et al.

number(s) can be found below: https://www.ncbi.nlm.nih.gov/geo/,
GSE150910 https://www.ncbi.nlm.nih.gov/geo/, GSE32537 https://
www.ncbi.nlm.nih.gov/geo/, GSE132771.

Ethics statement

The animal study was approved by Committee on Ethics of
Medicine, Navy Medical University, PLA. The study was
conducted in accordance with the local legislation and institutional
requirements.

Author contributions

XL: Conceptualization, Data curation, Formal analysis,

Investigation, Methodology, Project administration, Software,
Validation, Writing - original draft, Writing - review & editing. MY:
Conceptualization, Data curation, Investigation, Methodology,
Validation, Writing - original draft, Writing - review & editing. JL:
Data curation, Formal analysis, Investigation, Validation, Writing —
original draft, Writing - review & editing. HL: Methodology, Software,
Supervision, Writing - original draft, Writing - review & editing. YD:
Conceptualization, Funding acquisition, Resources, Supervision,
Validation, Writing - original draft, Writing — review & editing. JZ:
Conceptualization, Funding acquisition, Supervision, Validation,
Visualization, Writing — original draft, Writing — review & editing.
YH: Conceptualization, Funding acquisition, Investigation,
Methodology, Resources, Supervision, Validation, Writing - original

draft, Writing - review & editing.

References

1. Raghu G, Remy-Jardin M, Richeldi L, Thomson CC, Inoue Y, Johkoh T, et al.
Idiopathic pulmonary fibrosis (an update) and progressive pulmonary fibrosis in adults:
an official Ats/Ers/Jrs/Alat clinical practice guideline. Am J Respir Crit Care Med. (2022)
205:e18-47. doi: 10.1164/rccm.202202-0399ST

2. Gribbin J, Hubbard RB, Le Jeune I, Smith CJP, West J, Tata LJ. Incidence and
mortality of idiopathic pulmonary fibrosis and sarcoidosis in the UK. Thorax. (2006)
61:980-5. doi: 10.1136/thx.2006.062836

3. Renzoni EA, Poletti V, Mackintosh JA. Disease pathology in fibrotic interstitial lung
disease: is it all about usual interstitial pneumonia? Lancet. (2021) 398:1437-49. doi:
10.1016/S0140-6736(21)01961-9

4. Olson AL, Swigris JJ, Lezotte DC, Norris JM, Wilson CG, Brown KK.
Mortality from pulmonary fibrosis increased in the United States from 1992 to
2003. Am ] Respir Crit Care Med. (2007) 176:277-84. doi: 10.1164/rccm.200701-
0440C

5. Rudd RM, Prescott R], Chalmers JC, Johnston IDA. British Thoracic Society study
on cryptogenic Fibrosing Alveolitis: response to treatment and survival. Thorax. (2007)
62:62-6. doi: 10.1136/thx.2005.045591

6. Moss BJ, Ryter SW, Rosas I0. Pathogenic mechanisms underlying idiopathic
pulmonary fibrosis. Annu Rev Pathol. (2022) 17:515-46. doi: 10.1146/annurev-
pathol-042320-030240

7. Richeldi L, Collard HR, Jones MG. Idiopathic pulmonary fibrosis. Lancet. (2017)
389:1941-52. doi: 10.1016/S0140-6736(17)30866-8

8. Heukels P, Moor CC, von der Thiisen JH, Wijsenbeek MS, Kool M. Inflammation
and immunity in Ipf pathogenesis and treatment. Respir Med. (2019) 147:79-91. doi:
10.1016/j.rmed.2018.12.015

9. Thiam F, Phogat S, Abokor FA, Osei ET. In vitro co-culture studies and the crucial
role of fibroblast-immune cell crosstalk in Ipf pathogenesis. Respir Res. (2023) 24:298.
doi: 10.1186/s12931-023-02608-x

10. Serezani APM, Pascoalino BD, Bazzano JMR, Vowell KN, Tanjore H, Taylor CJ,
et al. Multiplatform single-cell analysis identifies immune cell types enhanced in
pulmonary fibrosis. Am ] Respir Cell Mol Biol. (2022) 67:50-60. doi: 10.1165/
rcemb.2021-04180C

Frontiers in Medicine

14

10.3389/fmed.2024.1363643

Funding

The author(s) declare financial support was received for the research,
authorship, and/or publication of this article. This work was supported
by the Youth Fund Project of the First Affiliated Hospital of Navy Medical
University (2020QNB15) and Open-end Research Fund of National Key
Laboratory of Medical Immunology (NKLMI2023K01).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/
full#supplementary-material

11. King TE, Bradford WZ, Castro-Bernardini S, Fagan EA, Glaspole I, Glassberg MK,
et al. A phase 3 trial of Pirfenidone in patients with idiopathic pulmonary fibrosis. N
Engl ] Med. (2014) 370:2083-92. doi: 10.1056/NEJMoa1402582

12. Richeldi L, du Bois RM, Raghu G, Azuma A, Brown KK, Costabel U, et al. Efficacy
and safety of Nintedanib in idiopathic pulmonary fibrosis. N Engl ] Med. (2014)
370:2071-82. doi: 10.1056/NEJMoa1402584

13. Raghu G, Anstrom KJ, King TE, Lasky JA, Martinez FJ. Prednisone, azathioprine,
and N-acetylcysteine for pulmonary fibrosis. N Engl ] Med. (2012) 366:1968-77. doi:
10.1056/NEJMoall13354

14. Martinez FJ, de Andrade JA, Anstrom KJ, King TE, Raghu G. Randomized trial of
acetylcysteine in idiopathic pulmonary fibrosis. N Engl ] Med. (2014) 370:2093-101. doi:
10.1056/NEJMoa1401739

15. Obradovic A, Chowdhury N, Haake SM, Ager C, Wang V, Vlahos L, et al. Single-
cell protein activity analysis identifies recurrence-associated renal tumor macrophages.
Cell. (2021) 184:2988-3005.e16. doi: 10.1016/j.cell.2021.04.038

16. Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM, et al.
Comprehensive integration of single-cell data. Cell. (2019) 177:1888-1902.e21. doi:
10.1016/j.cell.2019.05.031

17. Aran D, Looney AP, Liu L, Wu E, Fong V, Hsu A, et al. Reference-based analysis
of lung single-cell sequencing reveals a transitional Profibrotic macrophage. Nat
Immunol. (2019) 20:163-72. doi: 10.1038/s41590-018-0276-y

18. Wang J, Liu X, JiJ, Luo J, Zhao Y, Zhou X, et al. Orthotopic and heterotopic murine
models of pancreatic Cancer exhibit different immunological microenvironments and
different responses to immunotherapy. Front Immunol. (2022) 13:863346. doi: 10.3389/
fimmu.2022.863346

19.LiY, Li C, Liu Q, Wang L, Bao AX, Jung JP, et al. Loss of Acta2 in cardiac fibroblasts
does not prevent the myofibroblast differentiation or affect the cardiac repair after
myocardial infarction. J Mol Cell Cardiol. (2022) 171:117-32. doi: 10.1016/j.
Yjmec.2022.08.003

20.Xiang G, Huang L, Zhang X, Wang N, Wang H, Mu Y, et al. Molecular
characteristics and promoter analysis of porcine COL1A1. Genes (Basel). (2022) 13:1971.
doi: 10.3390/genes13111971

frontiersin.org


https://doi.org/10.3389/fmed.2024.1363643
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmed.2024.1363643/full#supplementary-material
https://doi.org/10.1164/rccm.202202-0399ST
https://doi.org/10.1136/thx.2006.062836
https://doi.org/10.1016/S0140-6736(21)01961-9
https://doi.org/10.1164/rccm.200701-044OC
https://doi.org/10.1164/rccm.200701-044OC
https://doi.org/10.1136/thx.2005.045591
https://doi.org/10.1146/annurev-pathol-042320-030240
https://doi.org/10.1146/annurev-pathol-042320-030240
https://doi.org/10.1016/S0140-6736(17)30866-8
https://doi.org/10.1016/j.rmed.2018.12.015
https://doi.org/10.1186/s12931-023-02608-x
https://doi.org/10.1165/rcmb.2021-0418OC
https://doi.org/10.1165/rcmb.2021-0418OC
https://doi.org/10.1056/NEJMoa1402582
https://doi.org/10.1056/NEJMoa1402584
https://doi.org/10.1056/NEJMoa1113354
https://doi.org/10.1056/NEJMoa1401739
https://doi.org/10.1016/j.cell.2021.04.038
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1038/s41590-018-0276-y
https://doi.org/10.3389/fimmu.2022.863346
https://doi.org/10.3389/fimmu.2022.863346
https://doi.org/10.1016/j.yjmcc.2022.08.003
https://doi.org/10.1016/j.yjmcc.2022.08.003
https://doi.org/10.3390/genes13111971

Liu et al.

21.Bai X, Zhao G, Chen Q, Li Z, Gao M, Ho W, et al. Inhaled Sirna nanoparticles
targeting I111 inhibit lung fibrosis and improve pulmonary function post-bleomycin
challenge. Sci Adv. (2022) 8:eabn7162. doi: 10.1126/sciadv.abn7162

22. Tsukui T, Sun K-H, Wetter JB, Wilson-Kanamori JR, Hazelwood LA, Henderson
NC, et al. Collagen-producing lung cell atlas identifies multiple subsets with distinct
localization and relevance to fibrosis. Nat Commun. (2020) 11:1920. doi: 10.1038/
$41467-020-15647-5

23.Rodriguez de Cérdoba S, Esparza-Gordillo ], Goicoechea de Jorge E, Lopez-
Trascasa M, Sanchez-Corral P. The human complement factor H: functional roles,
genetic variations and disease associations. Mol Immunol. (2004) 41:355-67. doi:
10.1016/j.molimm.2004.02.005

24. Boon CJE, van de Kar NC, Klevering B], Keunen JEE, Cremers FPM, Klaver CCW,
et al. The Spectrum of phenotypes caused by variants in the Cth gene. Mol Immunol.
(2009) 46:1573-94. doi: 10.1016/j.molimm.2009.02.013

25. Piras R, Breno M, Valoti E, Alberti M, Iatropoulos P, Mele C, et al. Cth and Cthr
copy number variations in C3 Glomerulopathy and immune complex-mediated
Membranoproliferative glomerulonephritis. Front Genet. (2021) 12:670727. doi:
10.3389/fgene.2021.670727

26. Piras R, Valoti E, Alberti M, Bresin E, Mele C, Breno M, et al. Cth and Cfhr
structural variants in atypical hemolytic uremic syndrome: prevalence, genomic
characterization and impact on outcome. Front Immunol. (2022) 13:1011580. doi:
10.3389/fimmu.2022.1011580

27.Jabbarpoor Bonyadi MH, Yaseri M, Nikkhah H, Bonyadi M, Soheilian M.
Association of Risk Genotypes of Arms2/Loc387715 A69s and Cth Y402h with age-
related macular degeneration with and without reticular Pseudodrusen: a Meta-analysis.
Acta Ophthalmol. (2018) 96:¢105-10. doi: 10.1111/a0s.13494

28.Zhang ], Zeng Q, She M. The roles of Fhl2 in Cancer. Clin Exp Med. (2023)
23:3113-24. doi: 10.1007/s10238-023-01076-3

29. Wixler V, Hirner S, Miiller JM, Gullotti L, Will C, Kirfel ], et al. Deficiency in the
Lim-only protein Fhl2 impairs skin wound healing. J Cell Biol. (2007) 177:163-72. doi:
10.1083/jcb.200606043

30. Zhang W, Jiang B, Guo Z, Sardet C, Zou B, Lam CSC, et al. Four-and-a-half Lim
protein 2 promotes invasive potential and epithelial-mesenchymal transition in Colon
Cancer. Carcinogenesis. (2010) 31:1220-9. doi: 10.1093/carcin/bgq094

Frontiers in Medicine

15

10.3389/fmed.2024.1363643

31. Gullotti L, Czerwitzki J, Kirfel J, Propping P, Rahner N, Steinke V, et al. Fhl2
expression in Peritumoural fibroblasts correlates with lymphatic metastasis in sporadic
but not in Hnpcc-associated Colon Cancer. Lab Investig. (2011) 91:1695-705. doi:
10.1038/labinvest.2011.109

32. Park J, Will C, Martin B, Gullotti L, Friedrichs N, Buettner R, et al. Deficiency in
the Lim-only protein Fhl2 impairs assembly of extracellular matrix proteins. FASEB J.
(2008) 22:2508-20. doi: 10.1096/1].07-095521

33. Hinson JS, Medlin MD, Taylor JM, Mack CP. Regulation of Myocardin factor
protein stability by the Lim-only protein Fhl2. Am J Physiol Heart Circ Physiol. (2008)
295:H1067-75. doi: 10.1152/ajpheart.91421.2007

34. Wu Z, Chen H, Ke S, Mo L, Qiu M, Zhu G, et al. Identifying potential biomarkers
of idiopathic pulmonary fibrosis through machine learning analysis. Sci Rep. (2023)
13:16559. doi: 10.1038/s41598-023-43834-z

35. Bauer Y, Tedrow J, de Bernard S, Birker-Robaczewska M, Gibson KF, Guardela BJ,
et al. A novel genomic signature with translational significance for human idiopathic
pulmonary fibrosis. Am ] Respir Cell Mol Biol. (2015) 52:217-31. doi: 10.1165/
rcmb.2013-03100C

36. Shi M, Cui H, Shi ], Mei Y. Silencing Fhl2 inhibits bleomycin-induced pulmonary
fibrosis through the Tgf-B1/Smad signaling pathway. Exp Cell Res. (2023) 423:113470.
doi: 10.1016/j.yexcr.2023.113470

37.J6zsi M, Kapus A, Kerekes K, Karman J, Bajtay Z, Zipfel PE, et al. Characterization
of factor H-related cell membrane molecules expressed by human B lymphocytes and
neutrophil granulocytes. Immunol Lett. (2001) 77:55-62. doi: 10.1016/
S0165-2478(01)00194-8

38. Kiss MG, Ozsvar-Kozma M, Porsch E, Goderle L, Papac-Mili¢evi¢ N, Bartolini-
Gritti B, et al. Complement factor H modulates splenic B cell development and limits
autoantibody production. Front Immunol. (2019) 10:1607. doi: 10.3389/
fimmu.2019.01607

39. Schulz TE Scheiner O, Alsenz ], Lambris JD, Dierich MP. Use of monoclonal
antibodies against factor H to investigate the role of a membrane-associated protein
antigenically related to H in C3b-receptor function. J Immunol. (1984) 132:392-8. doi:
10.4049/jimmunol.132.1.392

40. Wixler V. The role of Fhl2 in wound healing and inflammation. FASEB J. (2019)
33:7799-809. doi: 10.1096/1).201802765RR

frontiersin.org


https://doi.org/10.3389/fmed.2024.1363643
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://doi.org/10.1126/sciadv.abn7162
https://doi.org/10.1038/s41467-020-15647-5
https://doi.org/10.1038/s41467-020-15647-5
https://doi.org/10.1016/j.molimm.2004.02.005
https://doi.org/10.1016/j.molimm.2009.02.013
https://doi.org/10.3389/fgene.2021.670727
https://doi.org/10.3389/fimmu.2022.1011580
https://doi.org/10.1111/aos.13494
https://doi.org/10.1007/s10238-023-01076-3
https://doi.org/10.1083/jcb.200606043
https://doi.org/10.1093/carcin/bgq094
https://doi.org/10.1038/labinvest.2011.109
https://doi.org/10.1096/fj.07-095521
https://doi.org/10.1152/ajpheart.91421.2007
https://doi.org/10.1038/s41598-023-43834-z
https://doi.org/10.1165/rcmb.2013-0310OC
https://doi.org/10.1165/rcmb.2013-0310OC
https://doi.org/10.1016/j.yexcr.2023.113470
https://doi.org/10.1016/S0165-2478(01)00194-8
https://doi.org/10.1016/S0165-2478(01)00194-8
https://doi.org/10.3389/fimmu.2019.01607
https://doi.org/10.3389/fimmu.2019.01607
https://doi.org/10.4049/jimmunol.132.1.392
https://doi.org/10.1096/fj.201802765RR

	Identification of CFH and FHL2 as biomarkers for idiopathic pulmonary fibrosis
	1 Introduction
	2 Materials and methods
	2.1 Dataset collection
	2.2 Identification of DEGs
	2.3 Functional enrichment analysis
	2.4 Machine learning algorithms
	2.5 Diagnostic efficacy assessment
	2.6 Mapping gene regulatory network
	2.7 Immune cell infiltration
	2.8 Single-cell RNA sequencing analysis
	2.9 Isolation, culture and treatment of primary lung fibroblasts
	2.10 Bleomycin-induced mouse lung fibrosis model
	2.11 Hematoxylin and eosin, Masson staining and immunohistochemistry
	2.12 Quantitative real-time PCR
	2.13 Western blot
	2.14 Statistical analyses

	3 Results
	3.1 Identification of DEGs
	3.2 Functional enrichment analysis
	3.3 Feature selection
	3.4 Diagnostic value of key genes
	3.5 Gene regulatory network
	3.6 Assessment of immune cell infiltration
	3.7 Single cell gene expression
	3.8 Evaluation of CFH and FHL2 expression in vivo and in vitro

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions

	References

