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Abstract

Background This study aims to identify and investigate biomarkers associated with mitochondrial-related genes
(MRGs) and programmed cell death-related genes (PCDRGs) that concurrently influence the progression of idiopathic
pulmonary fibrosis (IPF) and to explore the underlying biological mechanisms involved.

Methods The GSE28042 and GSE27957 datasets, comprising 1,136 MRGs and 1,548 PCDRGs, were utilized in this
study. Differentially expressed genes (DEGs) between the IPF and control groups were initially identified through
differential expression analysis. Subsequently, key module genes closely associated with IPF samples were selected
using Weighted Gene Co-expression Network Analysis (WGCNA). Intersection genes 1 and 2 were then identified

by overlapping DEGs with key module genes, MRGs, and PCDRGs. Candidate genes were further selected through
Spearman correlation analysis involving intersection genes 1 and 2. Additionally, biomarkers were identified, and a
risk model was developed using Cox regression analysis, proportional hazards (PH) assumption testing, and machine
learning methods. Patients with IPF were stratified into high- and low-risk cohorts. Finally, functional enrichment
analysis, immune infiltration analysis, regulatory network construction, and reverse transcription quantitative PCR
(RT-gPCR) were conducted separately to validate the findings.

Results CD28 and PF4 were identified as biomarkers, and a risk model was established. The distinct risk cohorts
exhibited differences in pathways related to hemostasis, prion diseases, and other biological processes. A significant
positive correlation with was observed between CD28 and native CD4 T cells, while PF4 showed a negative
correlation with activated NK cells. Based on these two biomarkers, 30 miRNAs and 532 IncRNAs were predicted,
resulting in the construction of a INcRNA-miRNA-biomarker network. Additionally, 11 chemicals associated with
these biomarkers were identified. RT-gPCR analysis further confirmed that expression levels of CD28 and PF4 were
significantly reduced in IPF samples (P < 0.05).
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Conclusion The results of this study suggested that the biomarkers CD28 and PF4 might play a potential role in the
pathogenesis of IPF and might have an impact on the prognosis of the disease. These findings might offer valuable
insights for future treatment strategies and prognostic evaluation for patients with IPF.

Keywords CD28, Idiopathic pulmonary fibrosis, Mitochondrion, PF4, Programmed cell death

Background

Idiopathic pulmonary fibrosis (IPF) is characterized by
diffuse alveolitis and structural abnormalities in the alve-
oli, ultimately resulting in pulmonary interstitial fibrosis
[1]. The incidence and mortality rates of IPF increase sig-
nificantly with age, with a prevalence reaching up to 94
cases per 100,000 individuals aged 65 years and older [2—
4]. IPF is a progressive disease characterized by a poor
prognosis, with survival rates comparable to those of
advanced cancers. The median survival time after diag-
nosis is approximately 3 to 4 years [5]. IPF results from
sustained or recurrent lung epithelial injury, followed by
the activation of fibroblasts and differentiation into myo-
fibroblasts. The persistent myofibroblast phenotype leads
to excessive deposition of the extracellular matrix (ECM)
and abnormal lung repair, causing tissue scarring, distor-
tion of alveolar structure, and irreversible loss of lung
function [6]. Despite ongoing research, the etiology and
pathogenesis of IPF remain only partially understood,
involving complex mechanisms such as aging and a num-
ber of changes with aging including telomere attrition,
cell senescence, and mitochondrial dysfunction, environ-
mental exposures, epithelial cell injury, and endoplasmic
reticulum stress [7]. Reactive oxygen species (ROS) from
NADPH oxidase (NOX) or mitochondria may also con-
tribute to IPF pathology [8].

Currently, pirfenidone and nintedanib have shown
efficacy in slowing the decline in pulmonary function,
however, their ability to halt disease progression and
enhance quality of life in patients remains limited [9, 10].
Although lung transplantation can improve quality of life
and extend survival, its widespread use is constrained
by high technical demands and financial costs. Conse-
quently, there is an urgent need to identify novel bio-
markers for early intervention, explore exposure-related
factors, and discover therapeutic targets essential for
improving IPF management and patient outcomes [11,
12]. ERS-related biomarkers have been identified in IPF,
highlighting SPP1 and M2 macrophages, and the corre-
sponding diagnostic and prognostic models offer strong
predictive capabilities, unveiling new therapeutic avenues
[13]. ABHD5 may also serve as a potential biomarker,
where low ABHD5 expression could potentially acceler-
ate the progression of pulmonary fibrosis [14].

Programmed cell death (PCD) is a genetically regulated
and orderly process essential for organismal develop-
ment. This process occurs through various mechanisms,
including apoptosis, anoikis, autophagy, alkaliptosis,

cuproptosis, entosis, entotic cell death, immunogenic
cell death, ferroptosis, methuosis, necroptosis, NETosis,
netotic cell death, oxeiptosis, pyroptosis, parthanatos,
lysosome-dependent cell death, and paraptosis. Collec-
tively, these mechanisms play a critical role in maintain-
ing tissue homeostasis and eliminating damaged cells
[15]. Mitochondria are integral to this process by mitigat-
ing oxidative stress, regulating signaling pathways, and
controlling PCD [16]. Disruption of mitochondrial mor-
phology and structural integrity influences the release of
pro-apoptotic factors from mitochondria. Additionally,
mitochondrial dysfunction, impaired oxidative phos-
phorylation, and reduced ATP production induce cellular
stress, triggering PCD pathways [17, 18].

Emerging evidence suggests that PCD processes, such
as proliferation, apoptosis, senescence, and autophagy,
contribute to IPF pathogenesis [19]. The senescence of
lung fibroblasts in IPF reduces apoptotic activity, while
the development of a senescence-associated secretory
phenotype (SASP) may play a pivotal role in fibrosis
progression [20]. Furthermore, mitochondrial dysfunc-
tion is a hallmark of aging-related lung diseases. In IPF,
multiple regulatory pathways governing mitochondrial
function are disrupted in epithelial cells, fibroblasts, and
macrophages, impairing stress responses and creating a
vulnerable environment conducive to fibrosis [21, 22]. To
date, the interaction between mitochondrial genes and
those involved in PCD remains poorly understood in IPF,
and the precise mechanisms underlying their combined
effects in this disease are yet to be elucidated.

In this study, differentially expressed genes (DEGs)
between IPF and normal samples were identified using
transcriptomic analysis, and key module genes were
selected through Weighted Gene Co-expression Network
Analysis (WGCNA). Based on these findings, the roles
of mitochondrial- and programmed cell death-related
genes in the pathogenesis of IPE, as well as their associa-
tion with immune infiltration, referring to the deconvo-
lution of transcriptomic data to identify the composition
and interactions of immune cells within the tissue micro-
environment, were explored. Additionally, two relevant
biomarkers were identified as potential indicators for IPF
prognosis.

Materials and methods

Data extraction

The GSE28042 and GSE27957 datasets related
to IPF were retrieved from the Gene Expression
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Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/gds).
The GSE28042 dataset comprised 75 peripheral blood
mononuclear cells (PBMCs) from patients with IPF and
19 PBMCs from control samples, utilizing the GPL6480
platform (Supplementary Table 1). The GSE27957 data-
set included 45 PBMCs from IPF samples based on the
GPL5175 platform, and 42 IPF samples with survival data
were selected for subsequent analysis (Supplementary
Table 2). A total of 1,136 mitochondrial-related genes
(MRGs) were obtained from the MitoCarta 3.0 database
(http://www.broadinstitute.org/mitocarta), while 1,548
programmed cell death-related genes (PCDRGs) were
sourced from existing literature [16].

Differential expression analysis and weighted gene
Co-expression network analysis (WGCNA)
DEGs in GSE28042 (IPF vs. control) were identified
using the “limma” R package (v 3.52.4) initially, applying
the screening criteria of P<0.05 and |log2 Fold Change
(FC)| = 0.50 [23]. The DEGs were then visualized using a
volcano plot and heatmap, created with the “ggplot2” (v
3.3.6) and “pheatmap” (v 1.1.9) R packages, respectively
[24, 25]. Subsequently, WGCNA was performed to iden-
tify key modules significantly associated with IPF sam-
ples, utilizing the “WGCNA” R package (v 1.71) [26].
Initially, the samples were clustered to eliminate out-
liers. The soft threshold () was determined such that
the scale-free R* exceeded 0.9, with mean connectivity
approaching 0. A co-expression matrix was then con-
structed, with each gene module required to contain
a minimum of 100 genes. Distinct gene modules were
identified using different colors. The correlation coeffi-
cients between all samples and gene modules were cal-
culated and displayed in a heatmap. Ultimately, crucial
modules showing a strong association with IPF samples
were selected based on the criteria |cor| > 0.30 and
P<0.05. Genes from these key modules were designated
as key module genes. The first set of intersection genes
was identified by overlapping the DEGs, key module
genes, and MRGs, while the second set of intersection
genes was selected by overlapping DEGs, key module
genes, and PCDRGs.

Identification and functional analysis of candidate genes

Spearman correlation analysis was conducted to cal-
culate the association coefficients between the first set
of intersection genes and the second set of intersection
genes, using the “corrplot” R package (v 0.92) [27]. Can-
didate genes were selected based on the screening crite-
ria of |cor| > 0.70 and adjusted P<0.05. To explore the
functional pathways associated with the candidate genes,
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) analyses were performed using
the “clusterProfiler” R package (v 4.7.1), with an adjusted
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P<0.05 [28]. Furthermore, to understand the complex
protein interactions between candidate genes and their
functional associations and to reveal their potential regu-
latory mechanisms a protein-protein interaction (PPI)
network was constructed using the STRING database
(https://string-db.org/). Screening criteria was set to
confidence > 0.4.

Establishment and validation of risk model

Univariate Cox regression analyses (P<0.05) and propor-
tional hazard (PH) hypothesis tests (P>0.05) were per-
formed using the “survival” R package (v 3.4—0) based on
information on the clinical characteristics of the disease
samples in the training set. The expression of candidate
genes was compared with survival time as a continu-
ous variable to predict whether candidate genes were
associated with patient survival [29]. Following this, the
least absolute shrinkage and selection operator (LASSO)
method was applied to further refine gene selection
based on the minimum lambda value using the “glmnet”
package [30]. After successfully passing the LASSO anal-
ysis, multivariate Cox regression analysis (P<0.05) was
conducted to identify biomarkers. Subsequently, a risk
model was constructed based on these biomarkers. The
formula for calculating the risk score is as follows:

risk score = Z (coefix Xi)

i=1

The “coef” represents the coefficients of the biomark-
ers, while “x” denotes the expression levels of these
biomarkers. Subsequently, to evaluate and validate the
risk model, patients with IPF from the GSE28042 and
GSE27957 datasets were categorized into high-risk and
low-risk groups based on the median value of their risk
scores. Furthermore, for these two risk cohorts, risk
curves, Kaplan-Meier (K - M) survival curves (P<0.05),
and the model’s 1-year, 2-year, and 3-year receiver oper-
ating characteristic (ROC) curves (Area Under the Curve
[AUC] >0.6) were plotted separately for the GSE28042
and GSE27957 datasets using the “survival” and “surviv-
alROC” R packages (v 1.0.3.1) [31].

Clinical characteristics analysis and nomogram
establishment

To further explore the relationship between the risk score
and clinical characteristics, separate analyses were con-
ducted based on age (<75 and >75 years) and sex (female
and male) (P<0.05). In addition, risk scores and clinical
characteristics (age, sex) were included in one-way Cox
regression analyses (P<0.05), PH hypothesis tests were
performed based on the results of one-way Cox regres-
sion analyses (P>0.05), and traits that passed the PH
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hypothesis test were subjected to multifactorial Cox
regression analyses (P <0.05). This process aimed to iden-
tify independent prognostic factors, and a nomogram
was constructed using the “survival” and “rms” packages
(v 6.3-0) [32]. Subsequently, calibration curves and deci-
sion curve analysis (DCA) for 1-year, 2-year, and 3-year
outcomes were plotted to assess the accuracy of the
nomogram.

Gene set enrichment analysis (GSEA)

To examine the functional diversity and pathway dif-
ferences between the two risk cohorts, differentially
expressed genes (high risk vs. low risk) were identified
and ranked. Additionally, download “c5.go.bp.v2023.2.Hs.
symbols.gmt” from the “msigdbr” (v 7.5.1) [33] database
as a background gene set, and then subjected to Gene Set
Enrichment Analysis (GSEA) (v 1.44.5) [34], including
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG). The screening criterion set at an
adjusted P<0.05.

Immune infiltration analysis

CIBERSORTx was a deconvolution tool that could be
used for immune cell proportion estimation through
deconvolution, enabling the calculation of infiltration
scores for 22 immune cell types in IPF samples from the
GSE28042 dataset. Immune cells with zero abundance
across all samples were excluded, and the results were
presented using a stacked diagram. The differences in
infiltration scores between high-risk and low-risk cohorts
were then analyzed using the Wilcoxon test. Further-
more, Spearman’s correlation analysis was conducted to
explore the relationship between the biomarkers and the
22 immune cell types.

Regulation network analysis

To investigate the expression patterns of biomarkers,
miRNAs targeting these biomarkers were predicted,
and their intersections were identified using the miRDB
(https://mirdb.org/) and TargetScan (https://www.targ
etscan.org/) databases. Subsequently, IncRNAs target-
ing the identified miRNAs were predicted through the
Starbase database (http://starbase.sysu.edu.cn/) with a
pancancerNum>10. A IncRNA-miRNA-biomarker net-
work was then constructed using Cytoscape software (v
3.8.1) [35]. Additionally, potential chemicals targeting the
biomarkers were identified in the Comparative Toxicoge-
nomics Database (CTD) (https://ctdbase.org/), applying
a threshold of reference counts greater than 2. Finally, the
biomarker-chemical network was also established using
Cytoscape software.
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Reverse transcription quantitative PCR (RT-qPCR)

A total of 10 samples, comprising 5 normal and 5 IPF
peripheral blood mononuclear cell samples, were col-
lected from patients at Hebei General Hospital. Informed
consent was obtained from all participants, and all
research procedures adhered to the principles out-
lined in the Declaration of Helsinki. The study received
approval from the Ethics Committee of Hebei General
Hospital (approval number: NO.2024-029). Total RNA
was extracted from the samples using TRIzol reagent
(Ambion, USA) in accordance with the manufacturer’s
instructions. RNA concentration was assessed using a
NanoPhotometer N50. Complementary DNA (cDNA)
was synthesized via reverse transcription with the Sure-
Script First-Strand ¢DNA Synthesis Kit, conducted
using the S1000™ Thermal Cycler (Bio-Rad, USA). The
sequences of all primers are detailed in Supplementary
Table 1. The qPCR assay was performed using the CFX
Connect Real-Time Quantitative Fluorescence PCR
Instrument (Bio-Rad, USA) with the following cycling
conditions: pre-denaturation at 95 °C for 1 min, denatur-
ation at 95 °C for 20 s, annealing at 55 °C for 20 s, and
extension at 72 °C for 30 s, totaling 40 cycles. Relative
quantification of mRNAs was calculated using the 2-24¢T
method.

Statistical analysis

Statistical analyses were performed using R (v 4.2.2). Dif-
ferences were evaluated using the Wilcox test, with a sig-
nificance threshold set at P<0.05.

Results

Identification of intersection genes

A total of 1,526 DEGs were identified in the comparison
between IPF and control samples, comprising 584 upreg-
ulated DEGs and 942 downregulated DEGs (Fig. la-b).
The maximum height of the sample cluster tree was set at
105, resulting in the removal of outlier samples (Fig. 1c).
The soft threshold (p) was determined to be 9, which first
exceeded the threshold indicated by the red line (0.9),
while the mean connectivity approached 0 (Fig. 1d). A
co-expression matrix was then constructed, resulting in
the identification of 14 gene modules, each displayed in
distinct colors (Fig. le). The modules MEgreenyellow,
MEturquoise, MEblack, MEyellow, MEbrown, MEred,
MEmagenta, and MEsalmon showed strong associations
with IPF, meeting the criteria of (Jcor| > 0.30, P<0.05)
(Fig. 1f). A total of 5,106 genes from these key modules
were designated as key module genes. Ultimately, 31
intersection genes (referred to as intersection genes 1)
were identified by overlapping the DEGs, key module
genes, and MRGs (Fig. 1g), while 107 intersection genes
(intersection genes 2) were selected by overlapping the
DEGs, key module genes, and PCDRGs (Fig. 1h).
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Fig. 1 Screening process for DEGs in the GSE28042 dataset. Panel (a): Volcano plots depicting the DEGs identified in the dataset. Panel (b): Heatmap
of the top 20 DEGs, with red indicating high expression and blue indicating low expression. Panel (c): Sample cluster tree displaying the clustering of
patients with IPF and control subjects. Panel (d): Soft threshold screening revealing the optimal soft threshold for WGCNA, determined to be 9. The hori-
zontal axis represents the weight parameter power values, while the left vertical axis indicates the scale-free fit index (signed R?), where a higher squared
correlation coefficient signifies that the network more closely resembles a scale-free distribution. The right vertical axis represents the mean of all gene
adjacency functions within the corresponding gene module. Panel (e): Establishment of a co-expression network identifying 14 gene modules. Panel
(f): Heatmap showing the correlation between these modules and various traits. Panel (g): Identification of 31 intersection genes through the overlap of
DEGs, key module genes, and MRGs. Panel (h): Identification of 107 intersection genes by overlapping DEGs, key module genes, and PCDRGs

Identification of candidate genes

Correlation analysis revealed that 66 genes exhibited
a strong correlation between intersection genes 1 and
intersection genes 2, leading to their designation as can-
didate genes for subsequent analysis. Additionally, these
candidate genes were significantly enriched in 1,045 GO
terms, including “mitochondrial matrix” and “DNA-
binding transcription repressor activity” (Fig. 2a). Fur-
thermore, the candidate genes were notably associated
with 56 KEGG pathways, such as “transcriptional mis-
regulation in cancer” and “focal adhesion,” among others
(Fig. 2b). These findings suggestted that these candidate
genes might play a role in several aspects of cellular
metabolism, regulation of gene expression, and cancer
development. Moreover, the protein-protein interaction
(PPI) network of the candidate genes revealed 117 nodes
and 54 interaction relationships, including interactions
such as MYC-CEBPB and BCL2-MAZ (Fig. 2c), these
findings provide clues for exploring the mechanisms of
candidate genes in disease development.

Efficacy of the risk model based on 2 biomarkers

Using the candidate genes, univariate Cox regression
analysis identified 21 genes with a significance level of
P<0.05 (Fig. 3a), all of which passed the PH assumption
test with P>0.05. This suggests that these genes were sig-
nificantly correlated with survival status and were poten-
tial survival-related genes. Subsequently, LASSO analysis
was performed, resulting in the selection of 7 genes at the
minimum lambda value of 0.058, which contributed more
to survival prediction (Fig. 3b). Multivariate Cox regres-
sion analysis further identified 2 biomarkers (CD28 and
PF4) with P<0.05 (Fig. 3c). Two biomarkers (CD28 and
PF4) remained statistically significantly correlated with
patient survival when the effects of other variables were
considered, and their effects were independent. There-
fore, a risk model for IPF based on these two biomark-
ers was conducted with the aim of evaluating patients to
assess the probability of survival or the risk of death of
a patient over a certain period of time. In both datasets,
the risk curves indicated a higher number of deceased
samples in the high-risk cohort (Fig. 4a-b). Additionally,
Kaplan-Meier (K-M) curves demonstrated that high-risk
patients exhibited a lower probability of survival (Fig. 4c-
d). These results suggested that patients in the high-
risk cohort had a poorer prognosis and may have had a

shorter survival, and that more attention needs to be paid
to this group of patients in future treatment and more
aggressive treatment measures considered. The receiver
operating characteristic (ROC) curves revealed that
the area under the curve (AUC) values in both datasets
exceeded 0.6, indicating a strong predictive capability of
the model (Fig. 4e-f).

Risk score as an independent prognostic factor for IPF
Analysis of the risk score across different clinical charac-
teristics revealed that the risk score in the age subgroup
of 275 years was higher than that in the <75 years sub-
group (Fig. 5a), and that older patients with IPF might
be at higher risk of disease and poorer prognosis. Fur-
thermore, univariate Cox regression analysis, the PH
assumption test, and multivariate Cox regression analy-
sis confirmed that the risk score serves as an indepen-
dent prognostic factor (Fig. 5b). Based on the identified
biomarkers, a nomogram was developed, indicating
that higher total points corresponded to a lower sur-
vival rate for patients with IPF (Fig. 5¢c). The calibration
curve’s slope for 1-, 2-, and 3-year predictions was close
to 1, showing that the nomogram serves as a reliable
predictor (Fig. 6a). Additionally, DCA indicated that the
nomogram’s net benefit exceeds that of any single factor,
highlighting its superior predictive performance (Fig. 6b).
Moreover, reverse transcription quantitative polymerase
chain reaction (RT-qPCR) results showed that both
CD28 (P=0.0140) and PF4 (P=0.0021) were significantly
downregulated in IPF samples (Figs. 6¢-d). The down-
regulation of their expression may have been related to
disease progression, inflammatory response modulation
or fibrotic process, providing new clues for further inves-
tigation of the molecular mechanism of IPF.

Biological pathways in high-risk and low-risk cohorts

Gene Set Enrichment Analysis (GSEA) revealed differ-
ences in several biological pathways between the two
risk cohorts. In terms of GO classifications, the high-risk
cohort was primarily associated with positively regulated
pathways, such as the positive regulation of interleukin-
1B production and activation of the immune response.
Conversely, pathways associated with negative regula-
tion included hemostasis and platelet activation (Fig. 7a),
suggesting that it may have been possible that wound
healing was reduced in patients in the high-risk group
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for pulmonary fibrosis. The KEGG analysis revealed
that positively regulated pathways encompassed prion
diseases and graft-versus-host disease, while negatively
regulated pathways involved extracellular matrix (ECM)
receptor interactions (Fig. 7b). These findings suggested
that biological processes in the high-risk cohort may have

been more inclined to promote the activation of inflam-
matory responses and immune responses.

Potential of immunotherapy in treating patients with IPF
Immune infiltration analysis illustrated the proportions
of 22 immune cell types present within the IPF samples
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ing two biomarkers identified through this analysis

(Fig. 8a). Four differential immune cell types were identi-
fied: naive CD4 T cells, memory CD4 T cells, activated
NK cells, and activated dendritic cells (Fig. 8b). Addi-
tionally, correlation analysis revealed that CD28 had a
significant positive association with naive CD4 T cells
(correlation coefficient = 0.34, P<0.01), while PF4 showed
a negative association with activated NK cells (correla-
tion coefficient = -0.42, P<0.01) (Fig. 8c). In the immune
microenvironment of IPF, the proportion and activity
of specific immune cell types may have been regulated,
thereby influencing disease progression, the degree of
inflammatory response, and so forth.

Regulatory network as a potential mechanism in IPF

By integrating miRNAs from the miRDB and TargetScan
databases, a total of 26 miRNAs targeting CD28 and 4
miRNAs targeting PF4 were identified. Subsequently,
532 IncRNAs were predicted. Based on these findings,
the IncRNA-miRNA-biomarker network was estab-
lished, featuring interactions such as SNHG14-‘has-miR-
224-5p’-CD28 and LINCO01146-‘has-miR-129-5p’-PF4
(Fig. 9a). Additionally, a search of potential chemicals
in the Comparative Toxicogenomics Database (CTD)
yielded 11 chemicals, leading to the construction of
a biomarker-chemical interaction network, including
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connections such as CD28-C561695 and PF4-tetrachlo-
rodibenzodioxin (Fig. 9b).

Discussion

IPF is characterized by its rapid progression and a com-
plex pathogenesis. Increasing evidence suggests that
PCD mechanisms, including cell proliferation, apoptosis,
senescence, and autophagy, contribute significantly to the
development of IPF. This study identified two biomarkers,

CD28 and PF4, as predictors of prognosis in IPF through
bioinformatics analysis and constructed a prognostic
model. Although previous studies have found that signifi-
cant downregulation of CD28 on circulating CD4 T cells
is associated with poor prognosis in IPF patients, this
study integrates multi-dimensional bioinformatics data,
combining mitochondrial and programmed cell death-
related genes, to construct a more comprehensive prog-
nostic model. This not only provides new clues for the
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development of novel therapeutic strategies for the dis-
ease but also validates the reliability of previous research,
further solidifying the status of CD28 as a prognostic bio-
marker for IPF.

Most T cells express cluster of differentiation 28
(CD28) on their surface, which is recognized as a distinc-
tive marker for T cells and plays a crucial role in their
activation pathways [36]. The involvement of immune
responses in the pathogenesis of IPF remains a subject
of debate. Notably, downregulation of CD28 expression
has been reported in the peripheral blood of patients
with IPF [37]. Recent studies indicate that a lower pro-
portion of CD28+ T cells in the bloodstream correlates
with poor prognosis and deterioration in lung function,
as measured by Forced Vital Capacity (FVC) and Diffu-
sion Lung Capacity for Carbon Monoxide (DLCO) [38].
Furthermore, diminished CD28 expression is associated
with transplant-free survival and serves as a robust pre-
dictor of outcomes in this context [39]. Some investiga-
tions have proposed that targeting the CD28-mediated
co-stimulatory pathway could represent a promising
therapeutic strategy for preventing pulmonary fibrosis
[40]. Consistent with these findings, our present study
also identified decreased CD28 expression in IPF sam-
ples, suggesting that CD28 may serve as a potential ther-
apeutic target that warrants further investigation.

Platelets are well known for their roles in coagulation
and hemostasis. However, evidence supports their con-
tribution to a diverse range of immunological processes
[41]. Research has indicated that platelets may foster a
hyperinflammatory environment by stimulating classi-
cal monocytes, which in turn produce various cytokines.
These cytokines promote further platelet activation, a
process linked to the exacerbation of lung damage and
the progression of pulmonary fibrosis [42]. Human plate-
let factor IV (PF4), a heparin-binding protein released
specifically by platelets, belongs to the chemokine fam-
ily and exerts multiple effects, including hematopoiesis,
angiogenesis inhibition, interference with platelet coagu-
lation, promotion of the host inflammatory response,
vascular suppression, and anti-tumor properties [43].

Recent studies have found that PF4 levels are elevated
in fibrotic diseases such as systemic sclerosis, chronic
liver fibrosis, cystic fibrosis, and myelofibrosis [44, 45].
However, there is a paucity of studies related to pulmo-
nary fibrosis. Some studies have reported increased PF4
concentrations in bronchoalveolar lavage fluid (BALF)
from individuals with scleroderma interstitial lung dis-
ease. Further research suggests that PF4 may play a criti-
cal role in radiation-induced pulmonary fibrosis (RIPF)
and could be a potential target for treating RIPF [46].
Through bioinformatics analysis, our study shows for the
first time that PF4 can serve as a prognostic marker, pro-
viding a new direction for the treatment of IPF.
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Using GSEA, we found that pathways related to
immunity are upregulated in the high-risk group,
including those positively regulating the production of
interleukin-1p (IL-1B), an effective pro-inflammatory
mediator. Research by Marina R. Hadjicharalambous and
colleagues has shown that a reduction in the inflamma-
tory response in IPF fibroblasts is associated with weaker
induction of inflammatory mediators by IL-1p, consistent
with our findings regarding the upregulation of this path-
way in the high-risk group [47]. Moreover, studies have
indicated that persistent damage to alveolar epithelial
cells can trigger chronic inflammation, characterized by
infiltration of mononuclear macrophages and lympho-
cytes [48, 49]. Our results also indicate significant differ-
ences between the high-risk and low-risk groups in the
activation of immune response pathways, with the high-
risk group exhibiting notable upregulation.

ECM-receptor interactions involve the binding of
extracellular matrix (ECM) molecules to receptors on
the cell surface, facilitating signal transduction across the
cell membrane. This process influences gene expression,
phenotype, and behavior [50]. ECM-receptor interac-
tion plays an important role in regulating processes such
as cell migration, invasion, and epithelial-mesenchymal
transition (EMT). Previous research has illustrated that
ECM-receptor interactions are closely related to the
regulation of IPF [51]. Our findings demonstrate that the
ECM-receptor interaction pathway is upregulated in the
high-risk group, further indicating its role in the regu-
lation of IPE. Prior research suggests that Belumosudil
(BLM) can be used to treat chronic Graft-Versus-Host
Disease (cGVHD), IPF, liver damage, and other condi-
tions. It can be inferred that cGVHD and IPF may share
common therapeutic targets [52]. Our study also indi-
cates notable differences between high-risk and low-risk
groups in the Graft-Versus-Host Disease pathway. Addi-
tionally, our study is the first to identify differences in
pathways related to hemostasis, platelet activation, and
prion diseases between these risk groups.

Immune cells have been shown to play a key role in
the onset and development of IPF [53]. In our study, we
observed differences in immune cell profiles between the
high- and low-risk groups, with a positive correlation
between native CD4 T cells and CD28, and a significant
negative relationship between PF4 and activated natural
killer (NK) cells. The upregulation of programmed cell
death-1 (PD-1) on CD4 T cells has been implicated in
the production of inflammatory factors that contribute
to lung fibrosis [54]. NK cells have the ability to sponta-
neously identify abnormal cells within the body and rap-
idly eliminate them through cytotoxic activity. They also
produce various pro-inflammatory cytokines and che-
mokines, recruiting and activating other immune cells to
initiate adaptive immune responses [55]. However,, it has
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been shown that NK cell activity and their overall content
are diminished in patients with IPF [56]. The depletion of
NK cell content has been identified as a prognostic indi-
cator for progressive fibrotic interstitial lung disease [57].
Given these findings, targeting the genes CD28 and PF4
may provide a strategic approach to modulate immune
cell expression in IPF, potentially delaying the onset and
progression of the disease.

To identify potential therapeutic agents for IPF, we
identified tetrachlorodibenzodioxin as a chemical that
co-targets the two biomarkers, CD28 and PF4. Specifi-
cally, 2, 3, 7, 8-tetrachlorodibenzo-dioxin (TCDD) is an
effective environmental pollutant and one of the major
toxic components in cigarette smoke. It is involved in
the regulation of xenobiotic metabolizing enzymes, par-
ticularly the cytochrome P450 1 family (CYP1), which is
managed by aryl hydrocarbon receptors (AHR). The role
of AHR, a unique cytochemical sensor, in tissue fibrosis
has garnered attention in recent research. The migration
and differentiation of lung fibroblasts are key events in
pulmonary fibrosis. The AHR-ligand axis plays an impor-
tant role in fibroblast migration and differentiation by
enhancing the metabolism of arachidonic acid and inhib-
iting the increased expression of a-smooth muscle actin
(a-SMA) induced by TCDD [58].

Currently, there is a lack of in-depth studies exploring
the pathogenic correlation between TCDD exposure and
IPE. In this study, we investigated the expression regula-
tion and underlying mechanisms of MRGs and PCDRGs
in patients with IPF. Two co-expressed genes identified
within the database of human MRGs and PCDRGs were
found to be involved in the response to TCDD. This sug-
gests that TCDD may contribute to the pathogenesis of
IPF by regulating genes associated with mitochondrial
phagocytosis and programmed cell death. Given these
findings, reducing TCDD exposure may be a key strategy
for preventing the onset of IPF.

In this study, two biomarkers—CD28 and PF4—asso-
ciated with IPF were selected through various analytical
methods, including differential analysis, WGCNA, cor-
relation analysis, univariate regression analysis, the PH
hypothesis test, LASSO regression analysis, and multi-
variate regression analysis.

A risk model was constructed, categorizing patients
into high- and low-risk groups based on the median
value of risk scores. The evaluation and validation of the
risk model demonstrated strong predictive performance.
Additionally, the risk score was identified as an indepen-
dent prognostic factor through univariate regression, the
PH hypothesis test, and multivariate regression analysis,
leading to the construction of a nomogram model. The
nomogram model also exhibited robust predictive per-
formance upon evaluation and validation.
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Additionally, GSEA was conducted based on the strati-
fication of high- and low-risk groups, revealing signifi-
cant enrichment in pathways associated with immune
response activation and hemostasis. Immune correlation
analysis identified four immune cell types that differed
between the high- and low-risk groups. Chemical pre-
dictions yielded a list of 11 chemical substances. These
findings offer novel insights into the pathogenesis and
prevention of IPF. Unlike previous prognostic models,
we integrated multi-omics data, including genomics, pro-
teomics, and metabolomics, to construct our prognostic
model. This cross-omics data integration approach allows
for a comprehensive understanding of the disease from
multiple levels, providing richer and more accurate prog-
nostic information compared to models that rely solely
on a single omics dataset. Additionally, our prognos-
tic model is closely linked to emerging targeted therapy
decisions. In previous models, prognostic assessments
rarely directly guided precise targeted therapy choices.
Our model incorporates specific biomarkers to identify
common targets, which have not been utilized in previ-
ous IPF treatments, representing an innovative attempt.

Disadvantages: This study has several limitations. Pri-
marily, it relies on data obtained from public databases,
which may present challenges related to varying collec-
tion standards and inconsistent data quality, potentially
challenging the accuracy and consistency of the find-
ings. Additionally, the limited sample size and insufficient
diversity may impact the generalizability and represen-
tativeness of the results. To further elucidate the under-
lying mechanisms, experimental verification may be
necessary, including biomarker validation and functional
assessments.

Conclusion

IPF is associated with a notably poor prognosis. This
study identifies CD28 and PF4 as potentially criti-
cal factors in the pathogenesis of IPE, highlighting their
influence on disease prognosis. These findings hold sub-
stantial potential for improving treatment strategies
and prognostic assessments for patients with IPF in the
future.

Abbreviations

PCD Programmed cell death

IPF Idiopathic pulmonary fibrosis
MRGs Mitochondrial related genes
PCDRGs PCD related genes

DEGs The differentially expressed genes

WGCNA  Weighted Gene Co-expression Network Analysis
PH Proportional hazards

RT-gPCR  Reverse transcription quantitative PCR

SASP Senescence-associated secretory phenotype
GEO The Gene Expression Omnibus

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genome

PPI Protein-protein interaction

LASSO Least absolute shrinkage and selection operator



Yan et al. Hereditas (2025) 162:98

K-M Kaplan-Meier
ROC Receiver operating characteristic
AUC Area Under Curve

DCA Decision curve analysis

GSEA Gene Set Enrichment Analysis

cTD Comparative toxicogenomics database
RT-gPCR  The reverse transcription quantitative PCR
FVC Forced Vital Capacity

DLCO Diffusion Lung capacity for CO

PF4 Platelet factor IV

RIPF Radiation-induced pulmonary fibrosis
I-1B Interleukin-13

ECM Extracellular matrix

EMT Epithelial-mesenchymal transition

BLM Belumosudil

cGVHD Chronic Graft-Versus-Host Disease

NK Natural killer

PD-1 The programmed cell death-1

TCOD Tetrachlorodibenzo-dioxin

CYP1 The cytochrome P450 1

AHR Aromatic hydrocarbon receptors

AhR Aryl hydrocarbon receptors
a-SMA a-smooth muscle actin

Supplementary Information
The online version contains supplementary material available at https://doi.or
g/10.1186/541065-025-00464-x.

Supplementary Material 1

Supplementary Material 2

Acknowledgements
We thank the library of Hebei General Hospital for providing literature search
service.

Author contributions

LY conceived the study. BP. DM, SG, QF, YS and LD engaged in sample
collection and analysis. LY and AZ performed the experiments. JL, YS and LY
did the bioinformatics data analysis. LY and JL drafted the manuscript. LY and
AZ revised and finally approved the manuscript for submission. All authors
read and approved the final manuscript.

Funding
This work was supported by the Medical Science Research Project of Hebei
Province (NO.20230300, 20230316).

Data availability
All data generated or analysed during this study are included in this article.
Further enquiries can be directed to the corresponding author.

Declarations

Ethics approval and consent to participate

The study was conducted in accordance with the Declaration of Helsinki(as
was revised in 2013). The study was approved by Ethics Committee of

the Hebei General Hospital (NO.2024-029). Written informed consent was
obtained from all participants.

Consent to publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Department of Pulmonary and Critical Care Medicine, Hebei General
Hospital, No. 348 of Heping West Road, Xinhua District,

Shijiazhuang 050051, Hebei Province, China

Page 16 of 17

’Department of Graduate College, Hebei Medical University,
Shijiazhuang 050000, Hebei Province, China

Received: 27 April 2025 / Accepted: 25 May 2025
Published online: 07 June 2025

References

1.

20.

21.

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 RESP
CRIT CARE. 2022;205(9):e18-47.

Ebner L, Christodoulidis S, Stathopoulou T, Geiser T, Stalder O, Limacher A, et
al. Meta-analysis of the radiological and clinical features of usual interstitial
pneumonia (UIP) and nonspecific interstitial pneumonia (NSIP). PLoS ONE.
2020;15(1):20226084.

Kishaba T. Acute exacerbation of idiopathic pulmonary fibrosis. MEDICINA-
LITHUANIA. 2019;55(3):1-7.

Lee HY, Cho J, Kwak N, Lee J, Park YS, Lee CH, et al. Prognostic impact

of malignant diseases in idiopathic pulmonary fibrosis. Sci Rep.
2020;10(1):18260.

Strongman H, Kausar |, Maher TM, Incidence. Prevalence, and survival

of patients with idiopathic pulmonary fibrosis in the UK. ADV THER.
2018;35(5):724-36.

Mei Q, Liu Z, Zuo H, Yang Z, Qu J. Idiopathic pulmonary fibrosis: an update on
pathogenesis. Front Pharmacol. 2022;12:797292.

Pardo A, Selman M. Lung fibroblasts, aging, and idiopathic pulmonary fibro-
sis. Ann Am Thorac Soc. 2016;13(Suppl 5):5417-21.

Veith C, Boots AW, Idris M, van Schooten FJ, van der Vliet A. Redox imbalance
in idiopathic pulmonary fibrosis: A role for oxidant Cross-Talk between
NADPH oxidase enzymes and mitochondria. Antioxid Redox Signal.
2019;31(14):1092-115.

King TE, Bradford WZ, Castro-Bernardini S, Fagan EA, Glaspole |, Glassberg

MK; et al. A phase 3 trial of Pirfenidone in patients with idiopathic pulmonary
fibrosis. NEW ENGL J MED. 2014;370(22):2083-92.

Richeldi L, du Bois RM, Raghu G, Azuma A, Brown KK, Costabel U, et al.
Efficacy and safety of nintedanib in idiopathic pulmonary fibrosis. NEW ENGL
JMED. 2014;370(22):2071-82.

He X, JiJ, Liu C, Luo Z, Tang J, Yan H, et al. Body mass index and weight loss as
risk factors for poor outcomes in patients with idiopathic pulmonary fibrosis:
a systematic review and meta-analysis. ANN MED. 2024;56(1):2311845.

Wu Z, Smith DJF, Yazbeck L, Saunders P, Smith JA, Maher TM, et al. Cough
severity visual analog scale assesses cough burden and predicts survival in
idiopathic pulmonary fibrosis. AM J RESP CRIT CARE. 2024;209(9):1165-7.
LiaoY, Peng X, Yang Y, et al. Integrating cellular experiments, single-cell
sequencing, and machine learning to identify Endoplasmic reticulum stress
biomarkers in idiopathic pulmonary fibrosis. Ann Med. 2024;56(1):2409352.
LiaoY, Peng X, Yang Y, Zhou G, Chen L, Yang Y, Li H, Chen X, Guo S, Zuo Q, Zou
J. Exploring ABHDS as a Lipid-Related biomarker in idiopathic pulmonary
fibrosis: integrating machine learning, bioinformatics, and in vitro experi-
ments. Inflammation. 2024. https://doi.org/10.1007/510753-024-02107-1.
Epub ahead of print. PMID: 39046603.

Galluzzi L, Vitale |, Aaronson SA, Abrams JM, Adam D, Agostinis P, et al.
Molecular mechanisms of cell death: recommendations of the nomenclature
committee on cell death 2018. CELL DEATH DIFFER. 2018;25(3):486-541.

Qin H, Abulaiti A, Maimaiti A, Abulaiti Z, Fan G, Aili Y, et al. Integrated machine
learning survival framework develops a prognostic model based on inter-
crosstalk definition of mitochondrial function and cell death patterns in a
large multicenter cohort for lower-grade glioma. J Transl Med. 2023;21(1):588.
Dadsena S, Zollo C, Garcia-Sdez AJ. Mechanisms of mitochondrial cell death.
BIOCHEM SOCT. 2021,49(2):663-74.

Horbay R, Bilyy R. Mitochondrial dynamics during cell cycling. Apoptosis.
2016;21(12):1327-35.

He J, Li X. Identification and validation of Aging-Related genes in idiopathic
pulmonary fibrosis. Front Genet. 2022;13:780010.

Alvarez D, Cardenes N, Sellarés J, Bueno M, Corey C, Hanumanthu VS, et al.
IPF lung fibroblasts have a senescent phenotype. AM J PHYSIOL-LUNG C.
2017;313(6):L1164-73.

Zank DC, Bueno M, Mora AL. Idiopathic pulmonary fibrosis: aging, mitochon-
drial dysfunction, and cellular bioenergetics. Front Med (Lausanne). 2018;5:10.


https://doi.org/10.1186/s41065-025-00464-x
https://doi.org/10.1186/s41065-025-00464-x
https://doi.org/10.1007/s10753-024-02107-1

Yan et al. Hereditas

22.

23.

24,

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

(2025) 162:98

Bueno M, Lai YC, Romero Y, Brands J, St Croix CM, Kamga C, et al. PINK1
deficiency impairs mitochondrial homeostasis and promotes lung fibrosis. J
Clin Invest. 2014;125(2):521-38.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers dif-
ferential expression analyses for RNA-sequencing and microarray studies.
NUCLEIC ACIDS RES. 2015;43(7).e47.

Gustavsson EK, Zhang D, Reynolds RH, Garcia-Ruiz S, Ryten M. Ggtranscript:
an R package for the visualization and interpretation of transcript isoforms
using ggplot2. Bioinformatics. 2022,38(15):3844-6.

Zhang X, Chao P, Zhang L, Xu L, Cui X, Wang S, et al. Single-cell RNA and tran-
scriptome sequencing profiles identify immune-associated key genes in the
development of diabetic kidney disease. Front Immunol. 2023;14:1030198.
Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics. 2008;9:559.

XuP LiS, LiuK, Fan R, Liu F, Zhang H, et al. Downregulation of dermatopontin
in cholangiocarcinoma cells suppresses CCL19 secretion of macrophages
and immune infiltration. J CANCER RES CLIN. 2024;150(2):66.

WuT, HuE XuS, Chen M, Guo P, Dai Z, et al. ClusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innov (NY). 2021,2(3):100141.
Chrysostomou SE, Eder S, Pototschnig |, Mayer AL, Derler M, Mussbacher

M, et al. R-ketorolac ameliorates cancer-associated cachexia and prolongs
survival of tumour-bearing mice. J CACHEXIA SARCOPENI. 2024;15(2):562-74.
Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized linear
models via coordinate descent. J Stat Softw. 2010;33(1):1-22.

Zhang S, Sun L, Cai D, Liu G, Jiang D, Yin J, et al. Development and valida-
tion of PET/CT-Based nomogram for preoperative prediction of lymph

node status in esophageal squamous cell carcinoma. ANN SURG ONCOL.
2023,30(12):7452-60.

LiuTT, Li R, Huo C, Li JP, Yao J, Ji XL, et al. Identification of CDK2-Related
immune forecast model and CeRNA in lung adenocarcinoma, a Pan-Cancer
analysis. Front Cell Dev Biol. 2021,9:682002.

Liberzon A, Subramanian A, Pinchback R, Thorvaldsdéttir H, Tamayo P,
Mesirov JP. Molecular signatures database (MSigDB) 3.0. Bioinformatics.
2011,27(12):1739-40.

Ren Z, HeY,Yang Q, Guo J, Huang H, Li B, et al. A comprehensive analysis

of the glutathione peroxidase 8 (GPX8) in human Cancer. Front Oncol.
2022;12:812811.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape:
a software environment for integrated models of biomolecular interaction
networks. GENOME RES. 2003;13(11):2498-504.

Ciesielska-Figlon K, Lisowska KA. The role of the CD28 family receptors in
T-Cell Immunomodulation. Int J Mol Sci. 2024:25(2):1-14.

Habiel DM, Espindola MS, Kitson C, Azzara AV, Coelho AL, Stripp B, et al. Char-
acterization of CD28null T cells in idiopathic pulmonary fibrosis. MUCOSAL
IMMUNOL. 2019;12(1):212-22.

Mendoza N, Casas-Recasens S, Olvera N, Hernandez-Gonzalez F, Cruz

T, Albacar N, et al. Blood immunophenotypes of idiopathic pulmonary
fibrosis: relationship with disease severity and progression. Int J Mol Sci.
2023;24(18):1-11.

Bonham CA, Hrusch CL, Blaine KM, Manns ST, Vij R, Oldham JM, et al. T cell Co-
Stimulatory molecules ICOS and CD28 stratify idiopathic pulmonary fibrosis
survival. Respir Med X. 2019;1:1-22.

Okazaki T, Nakao A, Nakano H, Takahashi F, Takahashi K, Shimozato O, et al.
Impairment of bleomycin-induced lung fibrosis in CD28-deficient mice. J
IMMUNOL. 2001;167(4):1977-81.

Ali RA, Wuescher LM, Worth RG. Platelets: essential components of the
immune system. Curr Trends Immunol. 2015;16:65-78.

Urban-Solano A, Flores-Gonzalez J, Cruz-Lagunas A, Pérez-Rubio G, Buendia-
Roldan I, Ramon-Luing LA, et al. High levels of PF4, VEGF-A, and classical
monocytes correlate with the platelets count and inflammation during active
tuberculosis. Front Immunol. 2022;13:1016472.

43.

45.

46.

47.

48.

49.

50.

5T

52.

53.

54.

55.

56.

57.

58.

Page 17 of 17

Liu Z LiL, Zhang H, Pang X, Qiu Z, Xiang Q et al. Platelet factor 4(PF4) and its
multiple roles in diseases. BLOOD REV. 2024,64:101155.

Gleitz HFE, Dugourd AJF, Leimkuhler NB, Snoeren IAM, Fuchs SNR,

Menzel S, et al. Increased CXCL4 expression in hematopoietic cells links
inflammation and progression of bone marrow fibrosis in MPN. Blood.
2020;136(18):2051-64.

Lande R, Mennella A, Palazzo R, Pietraforte |, Stefanantoni K, lannace N, et al.
Anti-CXCL4 antibody reactivity is present in systemic sclerosis (SSc) and cor-
relates with the SSc type | interferon signature. Int J Mol Sci. 2020,21(14):1-16.
Sun Z,LouY,Hu X, Song F, Zheng X, Hu'Y, et al. Single-cell sequencing analy-
sis fibrosis provides insights into the Pathobiological cell types and cytokines
of radiation-induced pulmonary fibrosis. BMC Pulm Med. 2023;23(1):149.
Hadjicharalambous MR, Roux BT, Feghali-Bostwick CA, Murray LA, Clarke DL,
Lindsay MA. Long Non-coding RNAs are central regulators of the IL-13-
Induced inflammatory response in normal and idiopathic pulmonary lung
fibroblasts. Front Immunol. 2018;9:2906.

Richeldi L, Collard HR, du Bois RM, Jenkins G, Kolb M, Maher TM, et al. Map-
ping the future for pulmonary fibrosis: report from the 17th international
colloquium on lung and airway fibrosis. EUR RESPIR J. 2013;42(1):230-8.
Wynn TA, Chawla A, Pollard JW. Macrophage biology in development,
homeostasis and disease. Nature. 2013;496(7446):445-55.

Horiguchi K, Fujiwara K, llmiawati C, Kikuchi M, Tsukada T, Kouki T, et al.
Caveolin 3-mediated integrin 31 signaling is required for the proliferation

of folliculostellate cells in rat anterior pituitary gland under the influence of
extracellular matrix. J ENDOCRINOL. 2011;210(1):29-36.

Montgomery RL, Yu G, Latimer PA, Stack C, Robinson K, Dalby CM, et

al. MicroRNA mimicry blocks pulmonary fibrosis. EMBO MOL MED.
2014;6(10):1347-56.

Ali F, llyas A. Belumosudil with ROCK-2 inhibition: chemical and therapeutic
development to FDA approval for the treatment of chronic graft-versus-host
disease. Curr Res Transl Med. 2022;70(3):103343.

Chen H, Xia Z, Qing B, Wang W, Gu L, Chen'Y, et al. Analysis of necroptosis-
related prognostic genes and immune infiltration in idiopathic pulmonary
fibrosis. Front Immunol. 2023;14:1119139.

Celada LJ, Kropski JA, Herazo-Maya JD, Luo W, Creecy A, Abad AT, et

al. PD-1 up-regulation on CD4+T cells promotes pulmonary fibrosis
through STAT3-mediated IL-17A and TGF-B1 production. SCI TRANSL MED.
2018;10(460):1-14.

Maskalenko NA, Zhigarev D, Campbell KS. Harnessing natural killer cells for
cancer immunotherapy: dispatching the first responders. NAT REV DRUG
DISCOV. 2022;21(8):559-77.

CruzT, Agudelo Garcia PA, Chamucero-Millares JA, Bondonese A, Mitash N,
Sembrat J, et al. End-Stage idiopathic pulmonary fibrosis lung microenviron-
ment promotes impaired NK activity. J IMMUNOL. 2023;211(7):1073-81.
Shao C, Xia N, ZhenY, Zhang X, Yan N, Guo Q. Prognostic significance of
natural killer cell depletion in predicting progressive fibrosing interstitial
lung disease in idiopathic inflammatory myopathies. Front Immunol.
2024;15:1404828.

Su HH, Lin HT, Suen JL, Sheu CC, Yokoyama KK, Huang SK; et al. Aryl hydro-
carbon receptor-ligand axis mediates pulmonary fibroblast migration and
differentiation through increased arachidonic acid metabolism. Toxicology.
2016;370:116-26.

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



	﻿The potential role of biomarkers CD28 and PF4 in the pathogenesis of idiopathic pulmonary fibrosis and their impact on the prognosis: an immune microenvironment analysis
	﻿Abstract
	﻿Background
	﻿Materials and methods
	﻿Data extraction
	﻿Differential expression analysis and weighted gene Co-expression network analysis (WGCNA)
	﻿Identification and functional analysis of candidate genes
	﻿Establishment and validation of risk model
	﻿Clinical characteristics analysis and nomogram establishment
	﻿Gene set enrichment analysis (GSEA)
	﻿Immune infiltration analysis
	﻿Regulation network analysis
	﻿Reverse transcription quantitative PCR (RT-qPCR)
	﻿Statistical analysis

	﻿Results
	﻿Identification of intersection genes
	﻿Identification of candidate genes
	﻿Efficacy of the risk model based on 2 biomarkers
	﻿Risk score as an independent prognostic factor for IPF
	﻿Biological pathways in high-risk and low-risk cohorts
	﻿Potential of immunotherapy in treating patients with IPF
	﻿Regulatory network as a potential mechanism in IPF

	﻿Discussion
	﻿Conclusion
	﻿References


