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Background: Studies suggest that immune and inflammation processes may be involved in the development of idiopathic pulmonary
fibrosis (IPF); however, their roles remain unclear. This study aims to identify key genes associated with immune response and
inflammation in IPF using bioinformatics.

Methods: We identified differentially expressed genes (DEGs) in the GSE93606 dataset and GSE28042 dataset, then obtained
differentially expressed immune- and inflammation-related genes (DE-IFRGs) by overlapping DEGs. Two machine learning algo-
rithms were used to further screen key genes. Genes with an area under curve (AUC) of > 0.7 in receiver operating characteristic
(ROC) curves, significant expression and consistent trends across datasets were considered key genes. Based on these key genes, we
carried out nomogram construction, enrichment and immune analyses, regulatory network mapping, drug prediction, and expression
verification.

Results: 27 DE-IFRGs were identified by intersecting 256 DEGs, 1793 immune-related genes, and 1019 inflammation-related genes.
Three genes (RNASE3, S100412, S10048) were obtained by crossing two machine algorithms (Boruta and LASSO),which had good
diagnostic performance with AUC values. These key genes were all enriched in the same pathways, such as GOCC_azurophil granule,
IL-12 signalling and production in macrophages is the pathway with the strongest role for key genes. Six distinct immune cells,
including naive CD4 T cells, T cells CD4 memory resting, T cells regulatory (Tregs), Monocytes, Macrophages M2, Neutrophils were
identified. Real-time quantitative polymerase chain reaction (RT-qPCR) results were consistent with the training and validation sets,
and the expression of these key genes was significantly upregulated in the IPF samples.

Conclusion: This study identified three key genes (RNASE3, S100412 and S100A48) associated with immune response and
inflammation in IPF, providing valuable insights into the diagnosis and treatment of IPF.

Summary: This study focuses on cutting-edge research in IPF, with special attention to the development dynamics and application
potential of IPF. By systematically reviewing the research results in recent years, this paper aims to provide a comprehensive
perspective on the latest field. It is submitted to the journal not only because of its high international recognition, but also because
of its emphasis on a progress in this field. The research scope covers a wide range of content from basic theory to practical cases,
which has a guiding effect on clinical research.

This manuscript is closely related to the core purpose and readership of Journal of Inflammation Research, a journal known for its
in-depth and comprehensive coverage of the immune system and encouragement of original research. The content of this study is
highly aligned with the journal’s advocacy of pushing the boundaries of knowledge in the immune system and is expected to bring new
insights to journal readers and positively influence the future direction of research in the field.
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Introduction

IPF is a chronic interstitial lung disease marked by the deterioration of lung architecture and fibrosis." Approximately
3 million individuals globally are afflicted with IPF with an incidence rate of 2-9 per 100,000.” The initial non-specific
symptoms of IPF render early identification and treatment challenging. Diagnosis necessitates the exclusion of estab-
lished causes of interstitial lung disease (ILD) and a thorough evaluation of high-resolution computed tomography
(HRCT) findings alongside the UIP characteristics observed in lung biopsy, or a holistic assessment of HRCT and
histological patterns.® At present, pirfenidone and nintedanib are authorized for the management of IPF, demonstrating
efficacy in decelerating functional deterioration and disease advancement; however, they do not provide a cure and are
linked to tolerance complications.4 Ruaro B et al have motivated us to suggest IPF preventative techniques informed by
IPF risk factors, including GERD, among others.” Lung transplantation is the sole effective curative intervention for
patients with IPF; however, due to age and comorbidities, it is appropriate for only a limited subset of patients.®
Consequently, prompt and precise identification of IPF is essential for developing successful treatment strategies and
enhancing patient survival rates. Consequently, employing bioinformatics and next-generation sequencing data analysis
to thoroughly investigate the fundamental gene markers in the diagnosis and treatment of IPF, as referenced in,” has
emerged as an imperative necessity in contemporary research to enhance diagnostic and therapeutic precision and
efficacy.

Inflammation, as a subsequent occurrence following the activation of the innate and adaptive immune systems,
manifests at various phases of IPF. Certain studies indicate that persistent inflammation contributes to the etiology of
IPE.® IPF is thought to be caused by certain molecular pathways that involve endoplasmic reticulum stress, TGF-p
overactivation, and the release of growth factors, chemokines, or Wnt. These pathways affect epithelial-mesenchymal
transition (EMT), fibroblast recruitment, and fibroblast differentiation. During the disease development phase, pathogenic
interstitial cells release unusual types and amounts of matrix proteins, which changes the lungs even more and makes
scars.” Likewise, inflammation mediators are essential in IPF. In comparison to healthy controls, the expression levels of
pro-inflammation factors (TNF-a and IL-8) in the lungs of patients with IPF are higher.'” Even though anti-inflammation
drugs that target pro-inflammation factors in IPF patients did not show any significant effects in clinical trials,'" this does
not mean that IPF is not immune-mediated. Recent studies suggest that immunological responses significantly contribute
to IPF.'? IPF is caused by immune cells and fibroblasts not being able to tolerate T cells and B cells. This leads to
autoimmune responses and interactions between these cells and fibroblasts.® The inflammation response resulting from
immunological dysregulation may contribute to the development of IPF.'* Regulating the pulmonary immune system can
substantially enhance the severity of IPF."* Numerous studies have shown a strong link between IPF and immune and
inflammation processes. However, the exact mechanisms by which IPF and these factors interact are still not fully
understood.

In this study, we used a comprehensive bioinformatics approach to explore the links between immunity, inflammation
and IPF. Leveraging machine learning algorithms, diagnostic analysis, and expression validation, we aim to identify key
genes crucial in the diagnosis of IPF. In addition, a series of bioinformatics analyses were conducted to better understand
the regulatory mechanisms and functions of immune- and inflammation-related genes in the occurrence and development
of IPF. This integrated bioinformatics analysis provides valuable insights into the molecular pathways involved in IPF
pathogenesis and highlights potential diagnostic and therapeutic implications of immune and inflammation genes in IPF.

Materials and Methods

Study Design and Data Collection
To investigate the role of immune- and inflammation-related genes in IPF, we used GSE93606 and GSE28042 datasets
from the GEO database along with an existing list of known immune- and inflammation-related genes. This provided
a theoretical foundation for exploring early IPF diagnosis and potential therapeutic targets.

First, we used the GSE93606 dataset to identify differentially expressed genes (DEGs), isolating immune- and
inflammation-related genes. Next, intersections of inflammation-related genes, immune-related genes, and DEGs were
identified. Significant genes were then validated in external datasets and further screened using multiple machine learning
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methods. We analyzed the function of key genes, developed a patient evaluation nomogram, and investigated the
upstream regulation of key genes to identify potential therapeutic targets. A polymerase chain reaction (PCR) was
conducted to confirm the expression of the key genes.

The technology roadmap is shown in Figure 1.

Data Sources

The Gene Expression Omnibus (GEO) database (https.//www.ncbi.nlm.nih.gov/gds) provided transcriptome datasets for
IPF (GSE93606 and GSE28042). GSE93606 included 20 controls and 50 IPF peripheral blood samples, whereas
GSE28042 included 19 controls and 75 IPF peripheral blood mononuclear cell (PBMC) samples. The ImmPort database
(https.:.//www.immport.org/home) showed 1793 immune-related genes, including those related to antigen-presenting cells,

chemokines and receptors, cytokines and receptors, interferons, and interleukins.'> The GeneCards database (https.//
www.genecards.org/) provided 1019 inflammation-related genes (correlation score > 3).'¢

Identification and Analysis of Differentially Expressed Immune- and

Inflammation-Related Genes (DE-IFRGs)

DEGs in the GSE93606 dataset (IPF vs control) were identified using the limma program (P < 0.05 and |log, fold change
(FC)| > 0.5)"7 and visualized using the ggplot2 and pheatmap packages.'®'® DEGs, immune-related genes, and
inflammation-related genes were intersected to identify DE-IFRGs. Enrichment analysis, based on the Kyoto
Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) (P,gjust < 0.05 and count > 1), was performed
using the clusterProfiler program.”® The STRING database (https://string-db.org/) was used to create the protein—protein

interaction (PPI) network,”' and candidate genes were identified based on significant interactions within the PPI network.
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Figure | The technology roadmap.
Abbreviations: IPF, idiopathic pulmonary fibrosis; GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, protein-protein interaction.
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Machine Learning

Feature genes were screened using the Boruta (Boruta package) and the LASSO (least absolute shrinkage and selection
operator) (glmnet package) algorithms.?* The results of the Boruta and LASSO algorithms were intersected to obtain
candidate genes. We then plotted the receiver operating characteristic (ROC) curve for candidate genes using the
GSE93606 and GSE28042 datasets™ with the pROC software. Genes with an area under the curve (AUC) of > 0.7
were chosen for gene expression analysis, and those showing significant expression and consistent trends across both

datasets were designated as key genes.

Construction of a Nomogram
Using the rms package, a nomogram comprising candidate genes was constructed for the GSE93606 and GSE28042
datasets.”* ROC and calibration curves were generated to evaluate the predictability of the model.

Gene Set Enrichment Analysis (GSEA) and Ingenuity Pathway Analysis (IPA)

Samples were divided into high- and low-expression groups based on the median expression values of candidate genes.
GSEA was then carried out for both the groups using the clusterProfiler package and the org.Hs.eg.db package (INES| >
1, NOM P < 0.05, ¢ < 0.25) on the ¢5.go.v7.4.entrez.gmt and c2.cp.kegg.v7.4.entrez.gmt backgrounds.”® The IPA tool

(www.ingenuity.com) was used to analyze signaling pathways associated with candidate genes, with a z-score of > 0

indicating pathway activation and a z-score of < 0 indicating pathway suppression.

Immune Analysis
The CIBERSORT method was used to determine the percentage abundance of infiltrating immune cells in the GSE93606
dataset. Using Pearson correlation analysis, the relationship between immune cells and candidate genes was examined.

Construction of a Regulatory Network

Using the miRWalk database (http:/mirwalk.umm.uni-heidelberg.de/), we identified miRNAs (energy < —30) of the
candidate genes. We then used the miRTarBase database (https://mirtarbase.cuhk.edu.cn/) to predict the IncRNAs
interacting with these miRNAs. Transcription factors (TFs) within 10 kb upstream of the candidate genes
(TFRP_score > 0.5) were identified using the Cistrome database (http://cistrome.org/). The DrugBank database
(https.//go.drugbank.com/drugs/) provided information on potential therapeutic drugs targeting candidate genes.

Finally, Cytoscape software was used to visualize the complete network.*’

Expression Level Verification

Between February 2023 and March 2024, eight patients with IPF were recruited from the Respiratory and Critical Care
Medicine Department of author contribution. The inclusion criterion was confirmed IPF and the exclusion criterion was
other respiratory system diseases and tumors. Simultaneously, eight age- and sex-matched healthy volunteers were
recruited. We collected 10 mL of venous blood samples from both patients and controls. Signed informed consent forms
were obtained from all participants. This study was approved by the Medical Ethics Committee of The First People’s
Hospital of Yunnan Province (no. KHLL2024-KY121).

PBMCs were isolated from the blood samples using a PBMC separation solution. RNAs were extracted using TRIzol
solution (Ambion, Austin, Texas), and concentration was determined using NanoDrop. mRNAs were reverse transcribed
into cDNA using SureScript First-Strand cDNA Synthesis Kit (Servicebio, Wuhan, China), as per instructions. Table 1
lists all the primers. A real-time fluorescence quantitative PCR was performed using CFX96 for 40 cycles, and Ct values

2—AACt

were obtained. Relative gene expression was quantified using the method, and GraphPad Prism 5 was used to

calculate the P value.
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Table | List of Primer Sequences

Primer Sequences

RNASE3 F CCCTGAACCCCAGAACAACC
RNASE3 R CCTCGTAAACTGTGGGGGTC
SI00AI2 F GCTGTAGCTCCACATTCCTGT
SI00AI2 R GCCCCTTCCGAACTGAGTAT
SI00A8 F AGGGAGAAGCTGTCTCTGATG
SI00A8 R GGCAGCTCCTTTTTATAGCGG
GAPDH F | CGAAGGTGGAGTCAACGGATTT
GAPDH R | ATGGGTGGAATCATATTGGAAC

Statistical Analysis

Data were processed and analyzed using the R package (v 4.1).Differences in gene expression levels between IPF
patients and control samples in the dataset were compared using limma (v 3.48.3); functional enrichment analyses were
performed using cluster Profiler (v 4.0.2); the diagnostic performance of the model was determined using pROC (v
1.18.0); the rms (v 6.1-0) package to construct column line plots and calibration curves for key genes; and correlation
analysis with Pearson; the two groups were compared using the Wilcoxon rank sum test, with a P value of < 0.05
considered significant.

Results

Identification of 25 DE-IFRGs as Candidate Genes

In the GSE93606 dataset, 256 DEGs—including 192 upregulated and 64 downregulated—were identified between IPF and
control samples (Figure 2a and 2b). By overlapping DEGs, immune-related genes, and inflammation-related genes, 27 DE-
IFRGs were obtained (Figure 2¢). A functional enrichment analysis was performed to investigate the biological activities and
pathways of DE-IFRGs. In the GO biological process (BP) category, DE-IFRGs were primarily enriched in defense
responses to bacteria, responses to lipopolysaccharides, and responses to bacterial molecules. In the GO cellular component
(CC) category, DE-IFRGs were primarily linked to the lumen of secretory granules, cytoplasmic vesicles, and vesicles. In the
GO molecular function (MF) category, DE-IFRGs were mostly associated with immune receptor activity, cytokine binding,
and cytokine receptor activity (Figure 2d and Supplementary Material-Table Section). DE-IFRGs were also involved in Th17

cell differentiation, cytokine—cytokine receptor interactions, and T-cell receptor signaling pathways (Figure 2e and Table 2).
In addition, the PPI network identified 25 DE-IFRGs with significant interactions as candidate genes (Figure 2f).

Identification of Key Genes: RNASE3, SI00A12, and S100A8

Two machine learning methods were used to screen key genes from candidate genes. Using the Boruta algorithm, 15 feature
genes were identified, including S10048, S100412, ORM1, LCK, IL7R, CD247, SLPI, CX3CR1, CAMP, PF4, MMP9, RNASE3,
PI3, PRKCA, and IL2RB (Figure 3a). The LASSO algorithm identified five feature genes: S7100412, ORM1, S10048, RNASE3,
and PF4 (Figure 3b and 3c). By combining the results of both algorithms, five genes (S100412, ORM1, S10048, RNASE3, and
PF4) were selected for further analysis (Figure 3¢). S100412, S10048, RNASE3, and PF4 showed an AUC of greater than 0.7 in
both GSE93606 and GSE28042 datasets, suggesting their potential to distinguish between IPF and control samples and serving
as effective diagnostic markers (Figure 3e and 3f). Of these, RNASE3, S100412, and S100A48 were significantly upregulated in
IPF samples across both datasets. Therefore, these three genes were chosen for further analysis (Figure 3g and 3h).

Nomograms Constructed Based on Three Key Genes Showed High Predictive

Accuracy

Nomograms based on the three key genes were created for both databases (Figure 4a and 4b). Calibration curves showed
no significant difference between the expected and actual findings, with S.p=1 > 0.05 for both models (Figure 4c and 4d).
AUCs for both models were above 0.8, suggesting a high predictive accuracy of the models (Figure 4e and 4f).
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Figure 2 Identification and of Functional enrichment analysis DE-IFRGs in the GSE93606 dataset. (a) Volcano plot of the DEGs. (b) Heatmap of the DEGs. (c) Venn diagram
of DEGs, immunity-related genes, and inflammation-related genes. (d) The enriched GO terms of DE-IFRGs. (e) The KEGG enrichment results of DE-IFRGs. (f) The PPI
network of DE-IFRG.

Abbreviations: DEGs, differentially expressed gene; DE-IFRGs differentially expressed immunity-inflammation-related genes; GO, Gene Ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes; PPI, Protein-protein interaction.

IL-12 Signalling and Production in Macrophages Is the Pathway With the Strongest
Role for Key Genes

RNASE3, S100412, and S10048 were enriched in pathways associated with GOBP_antibacterial humoral responsea,
GOCC _azurophil granule, GOCC specific_granule, GOCC specific_granule lumen, GOCC tertiary granule, and
GOCC tertiary granule lumen (Figure 5a, 5¢ and 5e). RNASE3 and S10048 were enriched in pathways associated
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Table 2 Results of KEGG Enrichment Analysis

ID Description Gene Bg Ration p Value p. Adjust q Value Gene ID Count
Ration

hsa04660 | hsa04660 | T cell receptor signaling pathway | 5/21 104/8157 5.29E-06 0.000284645 | 0.000192298 | 919/3932/940/2353/959 5

hsa04060 | hsa04060 | Cytokine-cytokine receptor 7121 295/8157 5.66E-06 0.000284645 | 0.000192298 | 3575/3560/1524/7850/ 7
interaction 3554/5196/959

hsa04659 | hsa04659 | Thl7 cell differentiation 521 108/8157 6.37E-06 0.000284645 | 0.000192298 | 919/3932/3560/3554/2353 5

hsa05235 | hsa05235 | PD-LI expression and PD-I 4/21 89/8157 6.88E-05 0.001902434 | 0.001285227 | 919/3932/940/2353 4
checkpoint pathway in cancer

hsa04658 | hsa04658 | Thl and Th2 cell differentiation 4/21 92/8157 7.83E-05 0.001902434 | 0.001285227 | 919/3932/3560/2353 4

hsa04657 | hsa04657 | IL-17 signaling pathway 4/21 94/8157 8.52E-05 0.001902434 | 0.001285227 | 6279/4318/2353/3934 4

hsa05340 | hsa05340 | Primary immunodeficiency 3/21 38/8157 0.000117092 | 0.001961872 | 0.001325381 3932/3575/959 3

hsa05146 | hsa05146 | Amoebiasis 4/21 102/8157 0.000117127 | 0.001961872 | 0.001325381 | 7850/5578/3554/1511 4

hsa05166 | hsa05166 | Human T-cell leukemia virus | 5/21 222/8157 0.000203365 | 0.003027878 | 0.002045542 | 3932/3560/7850/3554/2353 | 5
infection

hsa05322 | hsa05322 | Systemic lupus erythematosus 4/21 136/8157 0.00035497 0.004307797 | 0.002910216 | 940/1511/959/1991 4

hsa05162 | hsa05162 | Measles 4/21 139/8157 0.000385773 | 0.004307797 | 0.002910216 | 3560/940/2353/4938 4

hsa05418 | hsa05418 | Fluid shear stress and 4/21 139/8157 0.000385773 | 0.004307797 | 0.002910216 | 4318/7850/3554/2353 4
atherosclerosis

hsa04613 | hsa04613 | Neutrophil extracellular trap 4/21 190/8157 0.001250958 | 0.012690055 | 0.008573014 | 820/5578/1511/1991 4
formation

hsa05202 | hsa05202 | Transcriptional misregulation in 4/21 193/8157 0.001325827 | 0.012690055 | 0.008573014 | 4318/3560/7850/1991 4
cancer

hsa04640 | hsa04640 | Hematopoietic cell lineage 321 99/8157 0.001967967 | 0.01596553 0.010785826 | 3575/7850/3554 3

hsa05417 | hsa05417 | Lipid and atherosclerosis 4/21 215/8157 0.001974093 | 0.01596553 0.010785826 | 4318/5578/2353/959 4

hsa0406| hsa04061 | Viral protein interaction with 3/21 100/8157 0.002025478 | 0.01596553 0.010785826 | 3560/1524/5196 3
cytokine and cytokine receptor

hsa04064 | hsa04064 | NF-kappa B signaling pathway 321 104/8157 0.002266016 | 0.016869233 | 0.01139634 3932/3554/959 3

hsa05310 | hsa05310 | Asthma 2/21 31/8157 0.002806373 | 0.019792318 | 0.013371087 | 6037/959 2

hsa04380 | hsa04380 | Osteoclast differentiation 3/21 128/8157 0.004082613 | 0.025385229 | 0.017149487 | 3932/3554/2353 3

hsa04926 | hsa04926 | Relaxin signaling pathway 3/21 129/8157 0.004172912 | 0.025385229 | 0.017149487 | 4318/5578/2353 3

hsa05330 | hsa05330 | Allograft rejection 2/21 38/8157 0.004196991 | 0.025385229 | 0.017149487 | 940/959 2

hsa04650 | hsa04650 | Natural killer cell mediated 3/21 131/8157 0.004357166 | 0.025385229 | 0.017149487 | 919/3932/5578 3
cytotoxicity

hsa04672 | hsa04672 | Intestinal immune network for 2/21 49/8157 0.006902336 | 0.038538044 | 0.026035128 | 940/959 2
IgA production

hsa05161 | hsaO5161 | Hepatitis B 3/21 162/8157 0.007863389 | 0.041426949 | 0.027986784 | 4318/5578/2353 3

hsa05320 | hsa05320 | Autoimmune thyroid disease 2/21 53/8157 0.008038065 | 0.041426949 | 0.027986784 | 940/959 2

with KEGG_alzheimers_disease, KEGG ribosome, and KEGG parkinsons_disease pathways (Figure 5b and 5d),
whereas S100412 and S10048 were associated with KEGG _allograft rejection and
KEGG cell adhesion _molecules cams pathways (Figure 5d and 5f). In addition, IPA of the key genes identified
involvement in six pathways, including the S100 family signaling pathway and LXR/RXR activation (Figure 6a), with
the genes being most active in the IL-12 signaling and production in macrophages (Figure 6b). Supplementary pathways
are shown in Supplementary Material-Figure section. This suggested that these genes might influence the immune

function of macrophages by regulating IL-12 production.

SI00A12 Correlated Significantly With Naive CD4 T Cells and Neutrophils

In the GSE93606 dataset, 22 infiltration immune cells were detected in each sample (Figure 7a). Correlation analysis
showed interaction among certain immune cells, such as, a strong negative correlation between monocytes and
neutrophils (Cor = —0.62; Figure 7b). Six immune cell types, including M2 macrophages and neutrophils, showed
significant differences between the two groups (Figure 7¢). The scatter plot showed that S700412 had a strong negative
correlation with naive CD4 T cells, whereas a significant positive correlation with neutrophils (Figure 7d). S100412 may

have been involved in processes such as differentiation, functional regulation or quantitative changes of immune cells.
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Abbreviations: ROC, receiver operating characteristic; LASSO, least absolute shrinkage and selection operator.

Key Genes Were Significantly Upregulated in IPF and || Targeted Potential
Therapeutic Agents Were Screened

Using miRWalk and miRTarBase databases, we predicted 61 miRNAs and 23 IncRNAs for the construction of ceRNA
networks. C6orf223 regulated the expression of RNASE3 through hsa-miR-6769a-5p in the network. LINC00598 could
simultaneously regulate RNASE3 and S100412 through hsa-miR-4691-5p and hsa-miR-6779-5p, respectively
(Figure 8a). Furthermore, a TF—mRNA network was constructed involving 69 TFs upstream of key genes, selected
from the database. TCF7, PRKDC, and HDACI regulated S/0048; H2AZ and POLR2A regulated RNASE3; and DPF2,
CEBPG, and HDAC?2 regulated S/00412 (Figure 8b). These key genes may have been involved in the pathogenesis of
IPF through multiple mechanisms. Using DrugBank database, 11 potential therapeutic drugs targeting key genes were
identified; for example, S100412 predicted DB00768 and DB01025 (Figure 8c). A real-time quantitative PCR (RT-
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Figure 4 (a) Nomogram of overall survival based on the Cox model derived from dataset GSE36909. (b and c) Calibration curves versus ROC curves assessing the
predictive value of the model for the prognosis of patients in the discovery cohort. (d) Cox model-based nomogram for overall survival derived from dataset GSE28042.
(e and f) Calibration curves versus ROC curves assessing the predictive value of the model for the prognosis of patients in the validation cohort.

Abbreviation: ROC, receiver operating characteristic.

gPCR) analysis confirmed the significant upregulation of the three key genes in IPF samples (Figure 9a—9c). This was
consistent with the dataset results and further confirmed the reliability of our results.

Discussion
IPF is a chronic, progressive, and lethal lung illness of unclear etiology, marked by interstitial fibrosis. Researchers have
found that immune and inflammation responses play a big role in the development of IPF. These responses hurt
pulmonary epithelial cells, encourage the deposition of extracellular matrix (ECM) and activate fibroblasts.”® Immune
cells exert therapeutic effects on IPF via innate immunity and the modulation of inflammation responses. Consequently,
we assert that inflammation and immunological processes are pivotal in the initiation and advancement of IPF. This work
utilized advanced machine learning techniques, Boruta and LASSO, to identify three significant genes: RNASES3,
S100412, and S10048. These genes are essential in the immunological and inflammation mechanisms of IPF and
effectively differentiate IPF patients from the control group. RT-qPCR technology has corroborated this discovery.
Ding et al’s study®’ demonstrates that S100412, S100A8 and S10049 serve as biomarkers for inflammation illnesses, with
their serum levels markedly increased in patients with IPF.Qiu et al*® found a strong correlation between five genes
(CXCL14, SLC40A1, RNASE3, CCR3, and RORA) and overall survival (OS) in patients with IPF, noting that patients
with elevated RNASE3 expression have inferior survival results. These research findings align with our findings;
however, by utilizing more advanced machine learning techniques, this study pinpoints essential genes that not only
intricately link to inflammation but also significantly influence immunological systems. The nomogram model developed
from these three pivotal genes demonstrates outstanding discriminatory capability, with an AUC value surpassing 0.9,
reinforcing the significant diagnostic potential of these genes in IPF.

RNASE3 is a substantial particle found within eosinophilic granules, released upon activation by immunological
stimuli. The protein molecular structure comprises a phycobiliprotein with a quaternary structure consisting of three
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Running Enrichment Score

Figure 5 GSEA enrichment analysis of three key genes. (a and b) GSEA enrichment analysis of the RNASE3 gene: GO enrichment of the top 10 of significance and KEGG
pathway mapping. (c and d) GSEA enrichment analysis of SAI00A12 gene: GO enrichment of top |0 of significance and KEGG pathway mapping. (e and f) GSEA enrichment

analysis of SAI00A8 gene: top 10 significance GO enrichment and KEGG pathway mapping.
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subunits: a, B, and v, which can interact with bacterial lipopolysaccharides and lipoteichoic acid.?® Studies indicate that
RNASE3 exhibits significant cytotoxicity and can harm pulmonary epithelial cells.>® RNASE3 may facilitate pulmonary
fibrosis by harming lung epithelial cells. This research validated the notable overexpression of this gene in IPF patients
with RT-qPCR. S100 calcium-binding protein A12, a constituent of the S100 calcium-binding protein family, is situated
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Figure 7 Immune infiltration analysis. (a) Immune cell stacking plots in samples: the CIBERSORT algorithm was used to determine the percentage abundance of infiltrating
immune cells in each sample, along with the proportion of infiltrating immune cells in the disease and normal groups. (b) Immune Cell Correlation Plot: A Pearson
correlation study was used to illustrate the interaction of immune cell infiltration in the immune environment. (c) Box plot of the proportion of immune cells in the disease
group versus the normal group: the rank sum test was used to validate the difference in immune cell infiltration between the disease and normal. (d) Scatterplot of
correlation between key genes and immune cells; Immune cell scores were compared between groups by Ryu yan, and immune cells that differed in the disease and normal
groups were identified using rank and test analysis. **: P < 0.01; **: P < 0.001; **** P < 0.0001.

Abbreviation: ns, not significant.

on chromosome 1q21.3 and comprises 92 amino acids. It is predominantly situated in the cytoplasm, and upon an
increase in intracellular calcium levels, and it translocates from the cytoplasm to the cytoskeleton and cell membrane.
The activation of neutrophils correlates with the production of S7/00412 via the microtubule-mediated alternative
pathway. This investigation confirmed a substantial positive correlation between S100412 expression and neutrophil
levels.S100412 interacts with calcyclin in a calcium-dependent way and has been recognized as a predictive serum
biomarker for IPE.>'S700412 expression is markedly elevated in the blood and bronchoalveolar lavage fluid (BALF) of
patients with IPF, particularly in those with unfavorable prognoses.>2S100412 suppresses lung fibroblast migration via
the RAGE-p38 MAPK signaling pathway, contributing to the healing of defective lung tissue. This pathway is
anticipated to serve as a therapeutic target for the repair and remodeling of lung tissue.>® The protein expressed by the
S100 calcium-binding protein A8 gene belongs to the S100 protein family, characterized by its calcium-binding zinc
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finger domain and its role in cell cycle regulation. This family comprises over 13 members, predominantly situated in the
cytoplasm and nucleus, impacting many cellular processes. S70048 enhances leukocyte recruitment in the inflammation
milieu of bleomycin-induced lung injury via exacerbating acute lung injury. This mechanism relies on the activation of
AECs via Toll-like receptor 4 and is measured by the release of interleukin-6, cytokines, and monocyte chemoattractant
protein-1.** This aligns with our findings that S10048 levels are considerably positively linked with neutrophil levels.
Studies indicate that blood S/00AS levels in patients experiencing acute exacerbation of IPF are markedly elevated
compared to age-matched controls, and those with elevated S70048 levels exhibit reduced short-term survival rates. This
study corroborates this finding. Consequently, the blood concentration of S/0048 serves as a significant predictive
biomarker for individuals with qualitative pneumonia during acute exacerbation; however, the precise mechanism
requires additional investigation.

The IPA enrichment analysis shows that the three main genes that were looked at are strongly linked to macrophages
making and signaling IL-12. Monocytes, macrophages, and dendritic cells predominantly synthesize IL-12, a pivotal
cytokine. You can make more interferon-y (IFN-y) when you take it. This helps helper T cells 1 (Thl) become more
specific.’® IPF is a condition mostly caused by Th2, and the lack of IFN-y is linked to the disease getting worse over time
due to fibrosis.>® A rise in prostaglandin E2 (PGE2) may be linked to a rise in IL-13 and a fall in IL-12 in people with
IPF.*” This suggests that blocking the IL-12 signaling pathway may play a major role in the development of IPF. Finally,
these important genes may have an indirect effect on the Th1/Th2 balance by stopping the production of IL-12 or the
expression and function of its receptors, which can make IPF worse. The precise methods of action for these three pivotal
genes in IPF necessitate additional experimental investigation for clarification.

The subsequent stage is to assess the immune cell infiltration between the diseased cohort and the healthy cohort.
There are big differences in the numbers of six types of immune cells: naive CD4 T cells, resting CD4 memory T cells,
regulatory T cells (Tregs), monocytes, M2 macrophages, neutrophils. Simultaneously, we identified a substantial link
between essential genes and varying immune cells. IPF is made worse by M2 macrophages, Th17 cells, CD8+ T cells,
and Tregs. On the other hand, Thl and tissue-resident memory (TRM) CD4+ T cells seem to protect against it. Also,
studies show that CD4+ T cells help IPF get worse by increasing CD4(+)IL-21(+)T cells and CD4(+)21R(+)T cells and
also by encouraging the growth of Th17 cells through IL-21%*. The production of macrophage inflammation protein 1 by
CD4+ T lymphocytes helps pulmonary fibrosis cells move to the lungs, which ultimately speeds up the progression of
pulmonary fibrosis.>” CD4+ T cells that release TGF-p can increase the expression of PD-1 in people with fibrotic lung
disease. Inhibiting the PD-1 pathway can similarly diminish bleomycin-induced lung fibrosis. Consequently, CD4+
T lymphocytes may be associated with pulmonary fibrosis via the PD-1 pathway.*® Quiescent M2 macrophages can
suppress inflammation responses and facilitate the resolution of advanced fibrosis. They can also mitigate lung fibrosis by
secreting inhibitory chemokines and cytokines.*' People with very different types of IPF and their related groups can use
peripheral blood monocyte counts to guess how likely they are to die from any cause. Higher levels of monocytes are
linked to higher risks of hospitalization, death and IPF getting worse. This means that the number of monocytes may be
a simple and inexpensive way to predict IPF.*> Neutrophil elastase (NE) levels are higher in the BALF of people with
IPF. This activates the transforming growth factor-B pathway and encourages fibroblast participation in the pathophy-
siological mechanisms of IPF, among other things.*> In conclusion, further research is required to comprehensively
comprehend IPF.

The DrugBank database ultimately led to the identification of potential therapeutic agents targeting 11 pivotal genes
associated with IPF. The drugs include Calcium, Copper, Zinc, Zinc acetate, Zinc chloride, Zinc sulfate, Pranlukast,
Adenosine-2’-5’-Diphosphate, Citric acid, Amlexanox, and Olopatadine. Calcium-activated potassium channel targets
have demonstrated potential for modulating the pathogenesis of IPF and therefore impeding disease progression.** In
IPFAEC?2 cells, zinc metabolism is out of whack, and the zinc transporter SLC39A8/ZIP8 has been identified as a key
pathogenic factor contributing to IPF fibrosis. Zinc supplementation in the diet may mitigate lung fibrosis.*> Precisely
predicting the essential genes targeted by pharmaceuticals could serve as potential biomarkers for the clinical diagnosis
and management of IPF.

This study undoubtedly possesses numerous limitations. The database’s sample lacks comprehensive diagnostic and
treatment data, which could potentially affect the subsequent analysis of key genes in the study of IPF. Secondly, this
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work is a GEO retrospective investigation characterized by a relatively limited sample size and an absence of data from
multicenter clinical trials. Third, the independent expression analysis of each gene in the sample leaves the potential
synergistic effect among the genes ambiguous; fourth, the function of essential genes in IPF remains unelucidated.
Ultimately, this study does not do enough functional studies to figure out how the key genes in IPF work and how much
of the related biomolecules are expressed. We did not evaluate the expression of these genes in other interstitial lung
disorders. In order to get around these problems, we plan to do bigger prospective studies, collect a lot of clinical samples
for validation, and use animal models and functional experiments to learn more about how key genes in IPF work. We
will also look at how these genes are similar and different in other ILDs to get a fuller picture.

Conclusion

RT-gPCR further verified the identification of three key genes (RNASE3, S100412, and S100A48) that effectively
distinguish health status from IPF in this work, using two machine learning algorithms. It is important to emphasize
that these three genes are not only associated with immune control but also intricately linked to the inflammation
response. Key genes exhibiting a singular characteristic may demonstrate low diagnostic accuracy for diseases; however,
the integration of key genes with many disease traits might enhance diagnostic precision. This work developed
a nomogram model utilizing these three pivotal genes, which showed a robust capacity for differentiation. A thorough
investigation also shows that the three key genes in the IL-12 production and signaling pathway in macrophages are very
important. This gives a strong theoretical basis for more mechanistic studies. Most importantly, we were able to find 11
possible therapeutic agents by using these three unique genes. This gives us a new perspective and a solid base for future
clinical research on IPF treatment.
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