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Abstract

Objective: To ascertain the function of necroptosis in IPF (idiopathic pulmonary fibrosis) using bioinformatic techniques.
Methods: GSE10667 and GSE24206 datasets were obtained from the Gene Expression Omnibus (GEO) database.
Necroptosis-related differentially expressed genes (NRDEGs) were identified based on the differentially expressed gene (DEG)
and necroptosis gene collection. The gene enrichment signaling pathways in IPF were assessed using gene set enrichment
analysis (GSEA). Protein-protein interaction (PPI) networks were created and visualized using the STRING database and
Cytoscape, which also identified essential NRDEG functional components. The Kyoto Encyclopedia of Genes and Genomes
(KEGG) and Gene Ontology (GO) were used for pathway enrichment analyses of NRDEGs. The necroptosis-related
transcription factor-target gene regulatory network was built using the CellMiner database, and immune infiltration patterns
were examined using the CIBERSORTx algorithm.

Results: IPF samples showed significant enrichment and activation of the necroptosis pathway. PEL1, MEFV, and SERTAD1
were among the 44 NRDEGs identified. Hub genes were abundant in the IL-17 signaling pathway, RIG-I-like receptor
signaling pathway, and apoptosis, and the NRDEGs were largely involved in endopeptidase activity and ficolin-1-rich granules.
Twenty-two possible immune cells, including neutrophils, NK cells, CD4, and CD8, were elevated in both datasets.
Conclusion: We found differential genes related to IPF necroptosis and various immune cell infiltrates, among which CHL1,
EGFR, and KRT14, and NRDEG-related drugs and compounds might provide new targets for treatment of IPF.
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molecular pathways [4]. Hallmark characteristics of
necrosis and apoptosis, such as the loss of cell
membrane integrity, cell lysis, organelle expansion,
leakage of intracellular components, and activation of
death receptor ligands, are present in necroptosis [5].
There is a growing body of research that examines the
crucial function of necroptosis in the biological

Introduction

Idiopathic pulmonary fibrosis (IPF) is an irreversible
and lethal lung disease characterized by progressive
interstitial fibrosis. In recent years, IPF has been the
most prevalent disease worldwide apart from cancer.
The death rates exceed those of some cancers,
especially in the elderly the and middle-aged patients,
and the general survival time is less than five years [1,
2]. The etiology of IPF is unclear and its early clinical
manifestations are nonspecific. Known risk factors are

operations of many cancers. However, the significance
of necroptosis-related markers in IPF prognosis has
not been extensively studied.

In this study, we used bioinformatic methods to
analyze the biological pathways and hub genes
associated with necroptosis, which are linked to the
progression of IPF. Our goal was to create a unique
prognostic signature using these genes and to identify
new therapeutic targets for IPF after a deeper

associated with genetic susceptibility, drug use, and
smoking [3]. The early clinical symptoms of IPF are
not clear, with only a mild dry cough, progressive
dyspnea, and lung function decline in the middle and
late stages. Currently, approved targeted drugs only
delay disease progression and do not reduce mortality.

Hence, new and reliable prognostic models are understanding of the molecular mechanisms to
)

required to improve targeted therapies.

Multicellular organisms undergo necroptosis, a type
of programmed necrosis or inflammatory cell death
that is regulated and controlled by several cellular and
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develop new therapeutic agents for patients with IPF.

Materials and Methods

Data acquisition and preprocessing
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The GSE10667 [6] and GSE24206 (7] datasets were
obtained from the Gene Expression Omnibus (GEO)
database using R (version 4.1.0, http://r-project.org/)
and the GEO (https://www.ncbi.nlm.nih.gov/geo/)
query tool [8]. All samples were drawn from Homo
sapiens; the GSE10667 dataset (Platform: GPL4133)
included eight IPF samples and 15 normal healthy
lung tissue samples as controls, and the GSE24206
dataset (Platform: GPL570) included 11 IPF samples
and five normal healthy lung tissue samples as
controls. Affy [9] was used to read the raw data for the
GSE10667 and GSE24206 datasets. Background
correction and data normalization were then
performed to produce gene expression matrices for
the two datasets, and the intersample correction
effect was displayed by constructing plots in ggplot2
[10] packages.

Identification of differentially expressed
genes with necroptosis

The differentially expressed genes (DEGs) in the
GSE10667 and GSE24206 datasets were screened
using the limma package, and a heatmap was drawn
using the pheatmap package [11] to depict the
differential distribution of sample DEGs. The
volcano map of DEGs was constructed using ggplot2
to display the differential expression of DEGs that
satisfied p < 0.05 and | log2FC | > 0.2.

We used the search term "necroptosis" to download
the list of necrotizing apoptosis-associated genes
(necroptosis-related  genes, NRGs) from the
GeneCards database (https://www.genecards.org/)
[12], which offers detailed information about human
genes. Similarly, necroptosis-related genes were
obtained using gene set enrichment analysis (GSEA)
with the word "necroptosis" as the search term. In
addition, the keyword search term "necroptosis-
related genes" was used to obtain the NRG set in the
published literature [13, 14] in the PubMed database.
In total, 625 NRGs were obtained after merging and
deduplication, as shown in Table S1. The NRDEG
subset of DEGs was screened using a Venn diagram.

Functional enrichment analysis

Crucially  influential ~ functional  enrichment
investigations, including biological processes (BP),
molecular functions (MF), and cell components (CC),
frequently employ Gene Ontology (GO) analysis [15].
The widely used Kyoto Encyclopedia of Genes and
Genomes (KEGQ) [16] database contains data about
genes, biological processes, illnesses, and medications.
The clusterProfiler package [17] was used to perform
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GO and KEGG enrichment analyses of NRDEGs.
Statistical significance was set at P < 0.05 (adjusted).

The distribution trend of genes in a predetermined
gene set in a gene table ranked by phenotypic
correlation was evaluated using GSEA, and its
contribution to the phenotype was determined. In
this study, the GSE10667 and GSE24206 datasets
were divided into two groups according to the
phenotypic ranking, and  the
clusterProfiler package was used to compare the two
groups of high and low phenotypic correlation. The
parameters used in this GSEA were as follows: seed
2020, number of calculations 10000, the minimum

correlation

number of genes contained in each gene set 10,
maximum number of genes 500; the P-value
correction method used was Benjamini-Hochberg
(BH). The c2.cp.v?.2.symbols.gmt gene set was
obtained from the Molecular Signatures Database
(MSigDB) [18], and the screening criteria for
significant enrichment were P <0.05, and FDR (q
value) < 0.05.

Protein interaction network analysis

Protein-protein interaction are composed of proteins
that interact with each other. In this study, we used
the STRING (https://string-db.org/) database [19], a
tool designed to predict PPI and enable construction
of PPI networks for selected genes. The protein
interaction relationship of NRDEGs was analyzed,
genes with a score higher than 0.4 were selected to
construct the network model visualized using
Cytoscape (www.cytoscape.org/).[20] (V3.9.1), and
the CytoHubba [21] plug-in was used to screen hub
genes.

NRDEGs and miRNA network analysis

MicroRNAs (miRNAs) play important regulatory
roles in biological development and evolution. They
can regulate a variety of target genes, and the same
target gene can be regulated by multiple miRNAs. To
analyze the relationship between NRDEGs and
miRNAs, the multiMiR package [22] was used to
predict the possible miRNAs of NRDEGs, and the
miRTarBase database information contained in the
multiMiR  package was selected. The luciferase
reporter assay, with the most rigorous experimental
grade, was used to verify the results. Cytoscape(v3.9.1)
was used to visualize NRDEGs and miRNA results.

NRDEGs and transcription factor analysis

Transcription factors (TFs) control gene expression by
interacting with target genes (mRNAs) at the post-
transcriptional stage. The TRRUST?2[23]

2
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(https://www.grnpedia.org/trrust/) database was
used to analyze the regulatory relationship between
NRDEGs and transcription factors, and Cytoscape
was used to visualize the correlation between
NRDEGs and transcription factors and tissues.

Relationship between hub genes and drug
response

Direct and indirect drug targets of NRDEGs were
predicted  using the  CellMiner  database
(https://discover.nci.nih.gov/cellminer/home.do)
[24] by downloading the Processed Data Set, checking
RNA expression data (RNA: RNA-seq) and drug data
(Compound Activity: DTP NCI-60), and using the
impute package [25] and limma package for drug
sensitivity analysis.

Receiver operating characteristic (ROC) curve

A graphical analysis tool called the receiver operating
characteristic (ROC) curve [26] can be used to choose
the best model, eliminate the second-best model, or
establish the best threshold within the same model.
The composition technique reflects the correlation
between sensitivity and specificity, and the ROC
curve is a comprehensive indicator of continuous
variables reflecting both sensitivity and specificity.
The normal range of the area under the curve (AUC)
is 0.5-1. The better the diagnostic performance, the
closer the AUC is to 1. The accuracy is low, moderate,
and high when AUC is 0.5-0.7, 0.7-0.9, and above
0.9, respectively. The survivaROC R package was
used to draw the ROC curves of NRDEGs, survival
time, and survival status of patients with pulmonary
fibrosis.

Assessment of immune cell infiltration
The CIBERSORTx [27] method was used to uncoil

the expression matrix and obtain various immune cell
subtypes. It is based on the theory of linear support
vector regression. We entered the LM22 characteristic
gene matrix together with the gene expression matrix
data into CIBERSORTx and removed any samples
with P <0.05. The immune cell infiltration matrix was
obtained. The specific immune cell infiltration matrix
results were then produced after the data with
immune cell enrichment scores higher than O had
been removed. Finally, a histogram created using the
R language ggplot2 tool revealed that each sample's
distribution contained 22 different types of immune
cells.
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Statistical Analysis

The R programming language was used for all data
processing and analyses (version 4.0.2). The
independent Student’s t-test was used to calculate the
statistical ~ significance of normally distributed
variables for the comparison of continuous variables
between the two groups, while the Mann-Whitney U
test was used to evaluate differences between non-
normally distributed variables. Chi-square tests or
Fisher’s exact tests were used to evaluate and analyze
the statistical significance between two sets of
categorical variables, and Pearson correlation analysis
was used to determine the correlation coefficients
between various genes. Statistical significance was set

at P <0.05.

Results
Data preparation and DEG identification

The research design is illustrated in Figure 1. First, the
samples of the GSE10667 and GSE24206 datasets
were combined; then, homogenization and
standardization were performed. The boxplot before
and after homogenization is shown in Figure 2. The
results show that the two groups of samples had good
uniformity after preprocessing. Next, we used the R
software to analyze the heat map (Figure 3A, C) and
volcano map (Figure 3B, D) of the GSE10667 and
GSE24206 datasets. The results showed that The
GSE10667 dataset contained 2,160 upregulated and
1,548 downregulated genes, and the GSE24206
dataset contained 2,990 upregulated and 2,736
downregulated genes. Then, 1,286 common
differential genes were extracted from the GSE10667
and GSE24206 datasets, including 663 upregulated
and 623 downregulated genes (Figure 4A). We
identified a list of 625 necroptosis-related genes from
GeneCards, and the two gene subsets were displayed
by Venn diagram to obtain the NRDEGs in the
GSE10667 and GSE24206 datasets. A total of 44
differentially expressed genes related to necroptosis
(PELI1, MEFV, SERTAD1, CD274, MERTK, PANX1,
FASN, NFKBIA, TNEFSF10, AIFM2, CISB, IDI,
CYP3A4, SGK1, TRADD, CHLI1, DDX58, CCL2,
MAPKS8, GSN, BUBIB, BDNF, DIRAS3, EGEFR,
IDH2, MMP13, GJA1, EPASI, VCP, KIF11, KRT14,
KRT5, DDX3X, ATF4, FUS, PABPNI, PARKZY,
CALU, KLF6, ELAVLI, DYNLLI1, PDIA6, MYL6B,
and RPS27L) were identified (Figure 4B).
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Figure 1: A flow chart
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Figure 2: Boxplot plots before and after sample correction for GSE10667 and GSE24206 data sets. For GSE10667 dataset,
before correction (A) and after correction by removing the inter-batch difference (B); GSE24206 data set before correction

idiopathic pulmonary fibrosis.

(C), and after correction to remove the inter-batch difference (D). IPF
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Figure 3: Acquisition of differential genes associated with necroptosis in GSE10667 dataset and GSE24206 dataset. A:
DEGs heat map of GSE10667 dataset; B: DEGs heat map of GSE24206 dataset; C: Volcano map of DEGs for the
GSE10667 dataset, D: volcano map of DEGs for the GSE24206 dataset, red represents upregulated DEGs, blue represents
downregulated DEGs, and gray represents no differentially expressed genes. DEGs: Differentially expressed genes.
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Figure 4: Acquisition of the NRDEGs associated with necroptosis in the GSE10667 dataset and the GSE24206 dataset. A:
DEGs Venn diagram for GSE10667 dataset and GSE24206 dataset. B: DEGs were intersected with the gene set of
necroptosis by Venn diagram to obtain NRDEGs. NRDEGs: Differentially expressed genes of necroptosis; DEGs:

Differentially expressed genes.
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Functional correlation analysis of NRDEGs

GO and KEGG analyses were conducted to further
explore the BP, MF, CC, and biological pathways of
44 NRDEGs, and their association with pulmonary
fibrosis.

The results of GO analysis showed that NRDEGs
were mainly related to the positive regulation of
cysteine-type endopeptidase activity, regulation of
cysteine-type  endopeptidase  activity,  positive
regulation of endopeptidase activity, ficolin-1-rich
granule, melanosome, pigment granule, scaffold
protein binding, protease binding, and gap junction

ISSN:2837-4681

BioRes Scientia Publishers

channel activity (Figure 5A-D), and the detailed
results are shown in Table 1.

The results of KEGG analysis are shown in Figure 5E-
F. The pathways enriched by NRDEGs mainly
included IL-17 signaling pathway, RIG-I-like receptor
signaling pathway, apoptosis; the detailed results are
shown in Table 1. GO (Figure 5B-D) and KEGG
(Figure 5E-F) network diagrams were drawn based on
the functional enrichment analysis of GO and KEGG
genes. The lines indicate the corresponding molecules
and annotations of the corresponding entries; the
larger the node, the more molecules the entry

contains.
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Figure 5: Functional correlation analysis of NRDEGs in necroptosis. A. Enrichment analysis of GO-KEGG overall
biological function. The X horizontal axis represents the proportion of DEGs enriched in GO team, and the color of the
bubble represents the corrected P-value: the redder the color, the smaller the corrected P-value. The greener the color, the

larger the corrected P-value. B. Functional enrichment analysis of GO-BP. C. Functional enrichment analysis of GO-CC. D.
Functional enrichment analysis of GO-MF. E. Bubble diagram shows KEGG pathway enrichment analysis. F. Ring diagram
shows KEGG pathway enrichment analysis.

NRDEGs: Differentially expressed genes of necroptosis; DEGs: Differentially expressed genes; GO: Gene Ontology; KEGG: Kyoto

Encyclopedia of Genes and Genomes; BP: Biological process; MF: Molecular function; CC: Cell component.
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Table 1: GO KEGG analysis
Ontology 1D Description Gene Ratio | P value
BP GO:2001056 | positive regulation of cysteine-type endopeptidase activity /43 4.53e-08
BP GO:2000116 regulation of cysteine-type endopeptidase activity 8/43 6.32e-08
BP GO:0010950 positive regulation of endopeptidase activity /43 1.53e-07
CC G0O:0101002 ficolin-1-rich granule 5/43 4.97e05
CC G0:0042470 melanosome 4/43 8.29e-05
CC G0O:0048770 pigment granule 4/43 8.29e-05
MF GO:0097110 scaffold protein binding 5/43 3.03e-07
MF G0:0002020 protease binding 4/43 2.59e-04
MF G0O:0005243 gap junction channel activity 2/43 5.93e-04
KEGG hsa04657 1L-17 signaling pathway 6/35 2.62e-06
KEGG hsa04622 RIG-Llike receptor signaling pathway 5/35 1.12e-05
KEGG hsa04210 Apoptosis 6/35 2.22e05

The link between DEG expression in the BP, CC, and
MF in the GSE10667 and GSE24206 datasets was
examined using GSEA to ascertain the impact of
DEG expression level on IPF. The results showed that
the GSE10667 and GSE24206 datasets were divided
into two groups of high and low phenotypic
correlation. Some biological functions and signaling

pathways were downregulated such as the KEGG JAK
STAT signaling pathway, KEGG MAPK signaling
pathway, PID HIF1 TF pathway, REACTOME DNA
METHYLATION, WP INSULIN signaling, WP
VITAMIN D RECEPTOR pathway (Figure 6A-F).
The detailed results are presented in Table 2.
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Figure 6: A: GSEA of KEGG JAK STAT signaling pathway. B: KEGG MAPK signaling pathway. C: PID HIF1 TF pathway.
D: REACTOME DNA METHYLATION. E: WP INSULIN signaling. F: WP VITAMIN D RECEPTOR pathway. GSEA:

Gene set enrichment analysis.
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Table 2: GSEA
1D Description Set Size | Enrichment Score NES P value
REACTOME_DNA_M | REACTOME_DNA_M 13 -0.637218138 -2.053612352 | 0.002325581
ETHYLATION ETHYLATION
KEGG_JAK_STAT_SIG | KEGG_JAK_STAT_SIG 46 0.519682964 -2.391021543 | 0.002427184
NALING_PATHWAY NALING_PATHWAY
PID_HIF1 TFPATHW | PID_HIF1_TFPATHW 24 -0.570975875 -2.218436344 | 0.00243309
AY AY
WP_VITAMIN_D_REC | WP_VITAMIN_D_REC 55 -0.434148718 -2.069859876 | 0.002475248
EPTOR_PATHWAY EPTOR_PATHWAY
KEGG_MAPK_SIGNA | KEGG_MAPK_SIGNAL 4 -0.430301016 -2.163282109 | 0.002673797
LING_PATHWAY ING_PATHWAY
WP_INSULIN_SIGNA | WP_INSULIN_SIGNAL 52 -0.357136638 -1.688856661 | 0.014527845
LING ING

Protein interaction network analysis

We used the STRING database to construct a PPI
network of NRDEGs. Cytoscape was used to visually
display their interactions (Figure 7A), the
MCODE plugin was used to obtain four closely
related genes, ELAVLI1, DDX3X, FUS, and PABPNI1
(Figure 7B). Further Cyto Hubba screening was
conducted to obtain 10 NRDEGs with

and

close

interaction using MCC: TNESF10, DDX58, TRADD,
EGFR, NFKBIA, CCL2, DYNLLI, MAPKS, PARK?,
and BDNF (Figure 7C). Ten NRDEGs with close
interactions were obtained using the DEGREE
method: MAPKS, TNFSF10, BDNF, TRADD, EGFR,
CD274, NFKBIA, CCL2, DDX58, and FUS (Figure
7D).
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Figure 7: Protein Interaction analysis of NRDEGs. A. PPI analysis of NRDEGs, light blue represents down-regulated genes,
pink represents up-regulated genes, and line connecting represents the association between genes. B. The MCOD method
was used for Hub Genes prediction. C. MCC method of CytoHubba software predicts hub genes with a gradual change
from yellow to red, where the darker the red color, the higher the accuracy of the prediction result. D. The Degree method
of CytoHubba software to predict hub genes. NRDEGs: Differentially expressed genes of necroptosis; PPI: Protein-protein
interaction.
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Next, we obtained miRNAs that were related to
NRDEGs from the miRTarBase database to construct
the mRNA-miRNA regulatory network. Cytoscape
was used to visually display their interaction (Figure
8A). It contains all 44 NRDEGs (PELI1, MEFV,
SERTADI, CD274, MERTK, PANXI, FASN,
NFKBIA, TNFSF10, AIFM2, CTSB, ID1, CYP3A4,
SGK1, TRADD, CHLI1, DDX58, CCL2, MAPKS,
GSN, BUBIB, BDNF, DIRAS3, EGEFR, IDH2,
MMP13, GJA1, EPAS1, VCP, KIF11, KRT14, KRTS5,
DDX3X, ATF4, FUS, PABPNI, PARK7, CALU,
KLF6, ELAVL1, DYNLLI, PDIA6, MYL6B, RPS27L)

ISSN:2837-4681
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and 212 miRNA molecules, of which PABPN1 gene
was associated with 39 miRNAs (Figure 8A).

Next, the transcriptional factors (TF) binding to
NRDEGs were obtained from TRRUST?2 database to
construct the mRNA-TF regulatory network, and
Cytoscape was used for visualization (Figure 8B). It
contained 27 NRDEGs, namely, ATF4, BDNF,
BUBIB, CCL2, CTSB, CYP3A4, DDX58, DIRAS3,
EGFR, ELAVLI, EPASI, FASN, FUS, GJA1, ZNF148,
KLF6, KRT5, KRT14, MAPKS8, MEFV, MMP13,
NFKBIA, PDIA6, SET, SGK1, TNFSF10, VCP, and

215 transcription factors.

Figure 8: Target Gene PPI Analysis. A. Target Gene-miRNA Network Analysis. Blue represents the predicted miRNA and
yellow represents the target gene. B. Target gene-transcription factor analysis. Predicted transcription factors are represented
in purple and target genes are represented in yellow. PPI: Protein-protein interaction.

To search for drug targets, the CellMiner database was
used to identify potential drugs or molecular
compounds for NRDEGs. The mRNA-drug
regulatory network was constructed and visualized
(Figure 9). There was a correlation between CHL1
and vemurafenib (0.728, P <0.01) (Figure 9A),
dabrafenib (0.674, P <0.01) (Figure 9B), and other

© 2024 Lin Luo, et al.

drugs, and KRT14 might be a potential karenitecin
resistance target (-0.630, P <0.01) (Figure 9C). There
was a correlation between EGFR and dasatinib
expression (0.598, P < 0.01) (Figure 9D). These results
suggest that CHLI, EGFR, and KRT14 are important
therapeutic targets.



https://bioresscientia.com/

Journal of BioMed Research and Reports ISSN:2837-4681 BioRes Scientia Publishers
A B
CHL1, Vemurafenib CHL1, Dabrafenib
Cor=0.728, p<0.001 Cor=0.674, p<0.001
3 -
34
24 -
2
194 e
11 .
“
01 0- l..
an o .
k., .
-14 s
0 1 2I 3 (I) 1 5 3
C D

KRT14, Karenitecin
Cor=—0.630, p<0.001

EGFR, Dasatinib
Cor=0.598, p<0.001

Figure 9: Target Gene-Drug Network Analysis. A: The correlation between CHL1 and Vemurafenib was 0.728, P <0.01. B:
The correlation between CHL1 and Dabrafenib was 0.674, P <0.01. C: The correlation between KRT14 and Karenitecin
was -0.630 (P <0.01). D: The correlation between EGFR and Dasatinib was 0.598, P <0.01.

The expression of the three genes (CHL1, KRT14, and
EGFR) that were strongly correlated with drugs in the
previous step was further analyzed in the GSE10667
and GSE24206 datasets, and the ROC curve was used
to predict the diagnostic efficacy of GSE10667. It was
observed that KRT14 was significantly higher in the
[PF group than in the normal control group in both

© 2024 Lin Luo, et al.

data sets (P <0.05, Fig. 10A-C). In the ROC curve
results, it was further observed that the diagnostic
efficacy of CHL1 (AUC = 0.817), EGFR (AUC =
0.742), and KRT14 (AUC = 0.858) in the GSE10667
dataset was higher, and the AUC was greater than 0.7,
as shown in Figure 10D-F.
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Figure 10: Expression analysis of TRRDEGs in GSE10667 and GSE24206 datasets and ROC curve prediction of diagnostic

performance. A: Group comparison of the NRDEGs molecule CHLI1. B: Group comparison of NRDEGs molecule KRT14.

C: Group comparison of NRDEGs molecule EGFR. Ns represented P value > 0.05, which was not statistically significant. *

Represents P value < 0.05, indicating statistical significance; ** represents a P value < 0.01 and highly statistically significant.
D: ROC curve diagnostic efficacy of NRDEGs molecule CHL1. E: ROC curve diagnostic efficacy of NRDEGs molecule

KRT14. F: ROC curve diagnostic efficacy of NRDEGs molecule EGFR. The AUC has a low accuracy when it is between 0.5
and 0.7, and a certain accuracy when it is between 0.7 and 0.9. NRDEGs: Differentially expressed genes of necroptosis;

ROC: Receiver operating characteristic curve.

Identifying and illustrating immune cell
infiltration

CIBERSORTx online database was used to analyze
the infiltration of immune cells in GSE10667 and
GSE24206 datasets, and it was found that 22
potential immune cells were enriched in GSE10667
data set (Figure 11A), and the correlation of 22
immune cells is shown in Figure 11B. In contrast, in

the GSE24206 dataset, the involvement of 22

© 2024 Lin Luo, et al.

potential immune cells was enriched (Figure 12A),
and the correlation of 22 immune cells is shown in
Figure 12B. Finally, Laplace plots were used to show
the correlation between drugrelated NRDEGs
(CHL1, EGFR, and KRT14) and the abundance of
immune cell infiltration in the pulmonary fibrosis
dataset GSE10667 (Figure 11C-E) and the combined
dataset GSE24206 (Figure 12C-E).
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Figure 11: Assessment and Visualization of Immune Cell Infiltration. A. GSE10667 data set, enriched to the underlying
immune cell distribution heat map. B. GSE10667 data set, enriched to the underlying immune cell distribution heat map.
N represented P value > 0.05, which was not statistically significant. * Represents P value < 0.05, indicating statistical
significance; ** represents a P value < 0.01 and highly statistically significant. C-E. Correlation between drug-related
NRDEGs and abundance of immune cell infiltration Lollipop plot, NRDEGs were: CHL1 (C), EGFR (D), KRT14 (E). The

X-axis represents the magnitude of correlation, and the Y-axis represents specific immune cells.

The different colors of the circles represent the P
value obtained by the correlation statistical method.
The size of the circle represents the degree of
correlation. The higher the degree of correlation, the
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larger the circle is. The greater the distance of the bar
from O, the higher the degree of correlation.

NRDEGs:

necroptosis.

Differentially

expressed

of

genes
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Figure 12: Assessment and Visualization of Immune Cell Infiltration. A. GSE24206 data set, enriched to the underlying
immune cell distribution heat map. B. GSE24206 dataset, enriched to the underlying immune cell distribution heat map.
N represented P value > 0.05, which was not statistically significant. * Represents P value < 0.05, indicating statistical
significance; ** represents a P value < 0.01 and highly statistically significant. C-E. Correlation between drug-related
NRDEGs and abundance of immune cell infiltration Lollipop plot, NRDEGs were: CHL1 (C), EGFR (D), KRT14 (E). The
X-axis represents the magnitude of correlation, and the Y-axis represents specific immune cells. The different colors of the
circles represent the P value obtained by the correlation statistical method. The size of the circle represents the degree of
correlation. The higher the degree of correlation, the larger the circle is. The greater the distance of the bar from O, the
higher the degree of correlation. NRDEGs: Differentially expressed genes of necroptosis

Discussion

Idiopathic pulmonary fibrosis is an interstitial lung
disease with a crude mortality rate represented by a
progressive decline in respiratory function. With the
development of bioinformatics tools, several intricate
biological systems can now be solved.These tools have
been extensively used in the study of disease-causing
genes [40]. However, owing to the small number of
studies, the pathogenesis of IPF is not fully
understood. The identification of novel molecular
therapeutic targets and biomarkers can be used to

© 2024 Lin Luo, et al.

assess the prognosis and treatment of IPF. An earlier
bioinformatic study discovered that the MAPK
signaling pathway is associated with the occurrence
and progression of IPF and that DEGs may be
potential targets and biomarkers of the disease [39].

Necroptosis plays a significant role in the
pathogenesis of many conditions, such as liver and
kidney injury, cardiovascular disease, tumor
progression, and metabolic disease [28]. Dysregulated
necroptosis genes may contribute to IPF progression.
The aim of this study was to clarify the connection
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between the differential expression of necroptosis
genes and IPF, further explore the possible
pathogenic genes related to IPF, use bioinformatic
methods to clarify the key differential genes and
signaling pathways involved in the pathogenesis of
IPF, and identify new drug targets. In this study, we
identified 44 DEGs associated with necroptosis in IPF
and normal tissues.

According to GO analysis, the DEGs were primarily
abundant in ficolin-1-rich  granules, positive
regulation of endopeptidase activity, and cysteine-type
endopeptidase activity, which was connected to the T
cell receptor signaling pathway and sphingolipid
signaling pathway. The results of KEGG analysis
demonstrated that the hub genes were enriched in the
IL-17 signaling pathway, RIG-I-like receptor signaling
pathway, and apoptosis. These biological pathways are
involved in apoptosis, inflammation, and fibrotic
remodeling. Other biological pathways that were
significant and possibly pertinent to IPF were also
identified using GSEA. Notably, the JAK/STAT and
MAPK signaling pathways were enriched and active in
IPF, which may promote extrinsic apoptosis and
necroptosis.

Our analysis indicated potential drugs or molecular
compounds for NRDEGs, specifically for CHLI,
EGEFR, and KRT14. The cell adhesion molecule L1,
which is closely related to CHLI, is essential for the
appropriate functioning of tumor and brain cells [29].
Overexpression of CHL1 may reduce inflammatory
responses by inhibiting AKT activation [30]. EGFR is
the first member of the ErbB receptor family and is
involved in several cellular processes [31]. The
expression of mucins, tissue injury, and
carcinogenesis, which are linked to EGFR signaling,
are significant consequences [32]. EGFR s
upregulated in the hyperplastic alveolar epithelium
in different forms of IPF, and is overexpressed in
many cancers [33].

KRT14 is positively correlated with the metastasis of
triple-negative breast cancer (TNBC), and deletion of
KRT14 significantly reduces the migration, invasion,
and peritoneal metastasis of TNBC [34]. KRT14 is
absent in the distal airways of healthy lungs and plays
an important role in the human pulmonary epithelial
cells of IPF [35, 36].

The immune microenvironment is a hotspot for
cancer and other related diseases. Lung cancer and
IPF may have comparable pathogenic traits, including
genetic sensitivity and mutations [37]. Many studies
have found a variety of immune microenvironment

© 2024 Lin Luo, et al.
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disorders associated with elevated IPF risk, and
different types of programmed cell death pathways
may contribute to the pathogenesis of IPF
development [38]. In our study, we found that 22
potential immune cells, including neutrophils, NK
cells, and CD4+ and CD8+ cells, were enriched in
both datasets. These findings may help in the
development of new targeted therapeutic approaches
to stop IPF progression.

The present study had several limitations. We need to
carefully evaluate the results of our bioinformatic
analysis in future experiments and clinical trials. Large
prospective studies and those investigating the
underlying mechanisms to verify our results and
better guide clinical practice.

Conclusion

Bioinformatics analysis showed that IPF and normal
lung tissue samples had significantly different
expression levels of genes related to necroptosis. We
found DEGs related to IPF necroptosis and a variety
of immune cell infiltrates. Among these, CHLI,
EGFR, and KRT14 and drugs and compounds related
to NRDEGs might provide new targets for treatment.
We hope that our findings will lead to the
development of new drugs for IPF patients.
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