Articl Discovery Medicine 2025; 37(198): 1274-1296
rticle https://doi.org/10.24976/Discov.Med.202537198.112

Construction of a Prognostic Model for Sepsis-Induced
Acute Lung Injury Based on Neutrophil Extracellular
Traps and Key Inflammatory Genes

Wenxing Zhang!, Wen Tang?, Zhao Li', Juncai Lu!, Zhengyu Li', Jichao Peng?,
Xiaoran Liul45*

LEmergency and Trauma College, Hainan Medical University, 571199 Haikou, Hainan, China
2Department of Orthopedics Center, The First Affiliated Hospital, Hengyang Medical School, University of South China, 421001 Hengyang, Hunan,
China
3School of Public Health, Hainan Medical University, 571199 Haikou, Hainan, China
4Emergency Department, The First Affiliated Hospital of Hainan Medical College, 570102 Haikou, Hainan, China
5Key Laboratory of Emergency and Trauma of Ministry of Education, Hainan Medical University, 571199 Haikou, Hainan, China
*Correspondence: hy0203049@muhn.edu.cn (Xiaoran Liu)
Published: 20 July 2025

Background: Sepsis, a life-threatening condition resulting from a dysregulated host response to infection, frequently progresses
to acute lung injury (ALI), a severe complication associated with high mortality due to the lack of reliable early-stage biomark-
ers. Neutrophil extracellular traps (NETs) and the associated inflammatory cascade aggravate disease progression via positive
feedback mechanisms. This study aimed to investigate the heterogeneity of NETs- and inflammation-related genes (NIRGsS) in
sepsis-induced ALI (siALI), construct a diagnostic model, and characterize the immune microenvironment (IME) and its associ-
ation with immune cell infiltration (ICI).

Methods: Publicly available transcriptomic datasets from the Gene Expression Omnibus (GEO) (GSE66890, GSE32707,
GSE10474), GeneCards and relevant literature were used to identify differentially expressed Neutrophil extracellular traps
and Inflammatory-Related Differentially Expressed Genes (NIRDEGs), which were subsequently validated. Perturbed biolog-
ical processes and immune-cell dynamics were examined via Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes
(KEGG), and Gene Set Enrichment Analysis (GSEA), as well as immune cell deconvolution using CIBERSORT. Multiple machine
learning algorithms were employed to construct a diagnosis model, which was evaluated using receiver operating characteristic
(ROC) curve analysis, calibration plots, decision curve analysis (DCA), and external validation. Regulatory networks (mRNA-
transcription factor, nRNA-miRNA, and mRNA-drug) were constructed using ChIPBase, StarBase 3.0, and the Comparative
Toxicogenomics Database (CTD).

Results: Eight genes, S100 Calcium Binding Protein A12 (S100A412), Proteinase 3 (PRTN3), Toll-like receptor 2 (7LR2), triggering
receptors expressed on myeloid cells-1 (TREM1I), Serum and glucocorticoid-induced kinanse-1 (SGKI), Phosphatidylinositol-4,5-
bisphosphate 3-kinase catalytic subunit gamma (PIK3CG), Fibrinogen-like protein 2 (FGL2), and Toll-like receptor 8 (TLRS),
were identified as candidate diagnostic biomarkers and therapeutic targets for siALI. High-risk patients showed enrichment in
thrombopoietin (TPO), receptor for advanced glycation end-products (RAGE), Toll-like receptor (TLR), and NOD-like receptor
(NLR) signaling pathways. Distinct patterns of ICI effectively distinguished sepsis from siALI, and the identified genes were
related to immune regulation.

Conclusions: This study elucidates the molecular architecture and immune microenvironment of siALI, offering a robust foun-
dation for early diagnosis and personalized therapeutic strategies.
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Introduction induced ALI (siALI) is associated with a more intense in-
flammatory response, delayed pulmonary recovery, and in-
creased mortality [3,4]. The pathogenesis of siALI is mul-
tifaceted, involving alveolar-capillary barrier disruption,
dysregulated inflammatory responses, surfactant dysfunc-
tion, and coagulopathy, factors that collectively hinder the
identification of effective therapeutic targets and reliable
biomarkers [5,6]. A surge of pro- and anti-inflammatory

Sepsis, a life-threatening syndrome characterized by
a dysregulated host response to infection and subsequent
multi-organ dysfunction, remains a major global health
burden, contributing to high morbidity and mortality rates
[1,2]. Approximately 75% of acute lung injury (ALI) cases
originate from sepsis. Compared to non-septic ALI, sepsis-

Copyright: © 2025 The Author(s). Published by Discovery Medicine. This is an open access article under the CC BY 4.0 license.
Note: Discovery Medicine stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.24976/Discov.Med.202537198.112
https://creativecommons.org/licenses/by/4.0/

mediators released from diverse cell types drives the patho-
logical progression of siALI [7]. When the equilibrium
between these mediators is disrupted, an uncontrolled sys-
temic inflammatory response syndrome (SIRS) may occur,
leading to early pulmonary inflammatory edema [8]. In
murine models of sepsis, genetic deletion of Z-DNA bind-
ing protein (ZBP1), a crucial regulator of pro-inflammatory
signaling, was shown to suppress cytokine release, reduce
macrophage-endothelial cross-talk, attenuate the inflamma-
tory cascade, and improve endothelial function [9]. Clin-
ically, elevated levels of circulating interleukin-17A (IL-
17A) have been associated with worsening organ dysfunc-
tion in ALI [10]. Other cytokines, including tumor necrosis
factor-ao (TNF-), interleukin-15 (IL-17), and interleukin-
6 (IL-6), have also been proposed as candidate biomarkers
for predicting ALI onset and mortality [11].

Neutrophil extracellular traps (NETs) are complex,
web-like extracellular structures released by activated neu-
trophils, consisting of decondensed chromatin, proteins
from azurophilic granules such as neutrophil elastase and
histones, and modified cytoplasmic proteins [12]. Ini-
tially recognized for their role in antimicrobial defense,
NETs exert their effects by presenting antimicrobial com-
ponents that support pathogen clearance and tissue repair
within an inflammatory milieu [12]. However, growing
evidence implicates NETs in causing direct lung tissue in-
jury, promoting thrombosis, and amplifying inflammatory
responses, thereby exacerbating lung injury and disease
progression [13]. In patients with acute respiratory dis-
tress syndrome (ARDS), the concentration of NETs in bron-
choalveolar lavage fluid has been inversely correlated with
clinical outcomes [14]. Moreover, animal studies have
shown that NETs degradation mitigates pulmonary edema,
hemorrhage, and inflammatory cell infiltration [ 15]. There-
fore, identifying genes involved in NETs formation and in-
flammation may uncover key molecular targets for inter-
vention and diagnosis, thereby facilitating the development
of novel therapeutic and diagnostic strategies in siALI.

Bioinformatics, an interdisciplinary field merging bi-
ology and computer science, harnesses advanced compu-
tational algorithms to analyze complex, high-dimensional
biomedical data [16]. Its primary objective is to uncover
early disease signatures and elucidate the molecular and
cellular mechanisms that drive disease onset and progres-
sion. Recent studies have highlighted the predictive value
of gene expression profiling for siALI [17]. Gene expres-
sion analyses have been central to recent investigations and
demonstrate strong potential for diagnosing siALI [18]. For
example, one study identified eight signature genes capa-
ble of distinguishing healthy individuals from siALI pa-
tients [19], while another reported significant upregulation
of neutrophil-associated transcripts in affected individuals
[20]. Nevertheless, many of these studies were limited by
small sample sizes and lacked direct comparative analyses
between sepsis and siALI.
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In this study, we leveraged Gene Expression Omnibus
(GEO) datasets to conduct differential expression analy-
sis (DEA) and employed machine-learning-based bioinfor-
matic pipelines to identify genes associated with both NETs
formation and inflammatory pathways in siALI. A diag-
nostic model was developed, complemented by compre-
hensive profiling of the immune microenvironment (IME)
and assessment of the relationships between NETs- and
inflammation-related genes (NIRGs) and immune cell in-
filtration (ICI). Our findings provide a mechanistic frame-
work that may inform future development of novel targeted
therapies and diagnostic tools for siALI.

Materials and Methods

Data Download

In this study, publicly available transcriptomic
datasets related to siALI were retrieved from the GEO
database [21,22], including GSE66890 [23], GSE32707
[24], and GSE10474 [19]. These datasets encompass di-
verse clinical sources and detection platforms. All blood
or plasma-derived samples were included in the analysis.
Detailed dataset characteristics are presented in Table 1.

To systematically identify core genes associated with
NETs and inflammation, the GeneCards database [25] was
queried using the keywords “NETs” and “Inflammatory”,
respectively. Protein-coding genes with relevance scores
>1 were selected. These gene lists were further refined and
expanded based on published literature [26,27]. After re-
moving duplicates and integrating the data, NETs-related
genes (NRGs) and inflammation-related genes (IRGs) were
identified [28-30]. The intersection of these two gene sets
constituted the final list of NIRGs.

Before data integration, batch effects were corrected
using the “sva” R package [31]. The expression matrices
of GSE66890 and GSE32707 were subsequently merged to
form the GEO training set. The effectiveness of normaliza-
tion and batch correction was assessed using boxplots and
principal component analysis (PCA) [32].

siALI-Associated NIRDEGs

Differential expression analysis (DEA) was conducted
in the training set using the “limma” package (version
3.58.1) [33] to identify differentially expressed genes
(DEGs) between siALI and sepsis samples. Genes with
[logFC| >0 and p < 0.05 were considered differentially
expressed. These DEGs were intersected with the prede-
fined NIRG set to obtain the final list of Neutrophil extra-
cellular traps and Inflammatory-Related Differentially Ex-
pressed Genes (NIRDEGs). The top 20 most significant
NIRDEGs were visualized using a heatmap generated with
the “pheatmap” package (version 1.0.12), and their chromo-
somal distributions were mapped using “RCircos” (version
1.2.2) [34].
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Table 1. Summary of dataset characteristics.

Dataset ID Platform Species Sample source  siALI samples  Sepsis samples Reference (PMID)
GSE66890  GPL6244  Homo sapiens Blood 29 28 25795726
GSE32707 GPL10558  Homo sapiens ~ Whole blood 18 30 22461369
GSE10474 GPL571 Homo sapiens Plasma 13 21 19174476

Abbreviations: siALI, sepsis-induced acute lung Injury.

Validation of Differential Expression and ROC Curve
Analysis

To further evaluate the expression differences of
NIRDEGs between siALI and sepsis groups in the inte-
grated GEO training dataset, group-wise comparisons were
visually depicted based on NIRDEGs expression profiles.
The diagnostic performance of individual NIRDEGs for
siALI was evaluated using receiver operating characteristic
(ROC) curve analysis performed with the “pROC” package
(version 1.18.5) in R [35]. The area under the curve (AUC)
values were interpreted as follows: 0.5-0.7, marginal; 0.7—
0.9, acceptable; and >0.9, exceptional diagnostic accuracy.

GO and KEGG Enrichment Analysis

Gene Ontology (GO) [36] provides functional anno-
tations for genes, while the Kyoto Encyclopedia of Genes
and Genomes (KEGG) [37] outlines biological pathways
and molecular interactions of genes and genomes. Enrich-
ment analyses of NIRDEGs for GO terms and KEGG path-
ways were conducted using the “clusterProfiler” package
(version 4.10.0) in R [38]. Enrichment results with ad-
justed p-value (paqj) < 0.05 and false-discovery rate (FDR
or g-value) < 0.25 were considered statistically signifi-
cant. Multiple testing correction was performed using the
Benjamini-Hochberg method.

siALI Diagnostic Model Development

A diagnostic mode for siALI was built using the inte-
grated GEO datasets. Logistic regression (LR) was initially
applied to the NIRDEGs. Genes meeting the significance
threshold (p < 0.05) were retained in the final model, and
their expression profiles were visualized using a forest plot.

Random forest (RF) analysis was then performed us-
ing the “randomForest” package (version 4.7-1.2) [39], in-
corporating the NIRDEGs identified in the logistic regres-
sion model. The model was trained using 1000 decision
trees (ntree = 1000). Through five iterations of 10-fold
cross-validation, the optimal subset of variables was deter-
mined. Genes with a mean decrease in Gini coefficient >1
were selected for subsequent analyses.

Subsequently, support vector machine (SVM) analysis
[40] was employed to construct a predictive model based on
the NIRDEGs retained from the RF analysis. Gene selec-
tion was optimized to balance classification accuracy and
error rates, resulting in the identification of NIRDEGs.

Next, Least Absolute Shrinkage and Selection Op-
erator (LASSO) regression analysis was performed using

the “glmnet” (version 4.1-8) [41], applied to the NIRDEGs
identified by the SVM model. The results were visualized
using coefficient path and model plots.

The intersection of genes identified by LR, RF, SVM,
and LASSO analyses was designated the final set of model
genes. A Venn diagram was generated to illustrate the over-
lap among the four approaches. A LASSO-derived risk
score was calculated based on the corresponding regression
coefficients using the following formula:

RiskScore = >, Coefficient (gene;) x mRNA Expres-
sion (gene;)

Validation of the siALI Diagnostic Model

To evaluate the diagnostic performance of the risk
score, the “pROC” package (version 1.18.5) [35] was used
to plot the ROC curves and compute AUC values using both
the combined GEO dataset and the independent GSE10474
validation set. A nomogram [42] was generated using the
“rms” package (version 6.7-1) to visually display the con-
tribution of each model gene to the overall risk of siALI.
DCA [43] was conducted using the “ggDCA” package (ver-
sion 1.1) to evaluate the clinical utility of the diagnostic
model by estimating the net benefit across a range of de-
cision thresholds. The thresholds examined ranged from 0
to 1, in increments of 0.01. The analysis was visualized in a
decision curve plotted over a threshold range from 0 to 0.6.

Friends Similarity and Correlation Analyses

The functional similarity (Friends) between model
genes was quantitatively assessed based on GO annota-
tions [36]. Functional similarity analysis was performed
using the “GOSemSim” (version 2.28.0) [44]. To further
investigate the relationships among model genes, their ex-
pression correlations were examined using Spearman cor-
relation analysis, based on data from the combined GEO
dataset. Correlation coefficients were visualized using the
“pheatmap” (version 1.0.12) and ggplot2 (version 3.4.4)
packages.

Gene Set Enrichment Analysis (GSEA)

To explore the functional enrichment of gene sets in
siALI, GSEA [45] was performed. Genes from the inte-
grated GEO dataset were ranked by their logFC values be-
tween siALI and sepsis-only samples. GSEA was then per-
formed using “clusterProfiler” (version 4.10.0), with refer-
ence gene sets obtained from the MSigDB. Statistical sig-
nificance was defined as adjusted p-value (paqj) < 0.05 and
false discovery rate (FDR or g-value) <0.25.
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GSEA Between High- and Low-Risk Groups

Samples in the training cohort were stratified into
high-risk and low-risk groups based on the median risk
score. DEGs between these groups were identified us-
ing the “limma” package (version 3.58.1), ranked by their
logFC values. GSEA was performed using “clusterPro-
filer” (version 4.10.0), with gene sets retrieved from the
MSigDB c2.all.v2024.1.Hs.symbols.gmt collection. Path-
ways significantly enriched in high-risk samples were iden-
tified using a significance threshold of p,¢; < 0.05 and FDR
(g-value) <0.25.

PPI Network

Protein-Protein Interaction (PPI) networks are power-
ful tools for systematically investigating complex biolog-
ical activities within cells, providing insight into intricate
biological processes (BPs) and helping clarify numerous bi-
ological questions, including signal transduction, gene reg-
ulation, and metabolism [46]. Known or predicted PPIs can
be explored using the STRING database [47] (https://cn.str
ing-db.org/). A PPI network was constructed based on the
model genes, with a minimum interaction score threshold
set at >0.150.

To further predict genes functionally related to the hub
genes, GeneMANIA [48] (https://genemania.org/), a com-
prehensive functional gene prediction platform, was em-
ployed. This tool integrates PPI, co-expression, and other
genomic data to identify genes with functional similarity to
the hub genes and to generate a supplementary PPI network.

Regulatory Network Construction

To investigate the regulatory mechanisms underly-
ing model gene expression, transcription factors (TFs) tar-
geting the model genes were identified using “ChIPBase”
[49] (http://rna.sysu.edu.cn/chipbase/). Additionally, inter-
actions between miRNAs and model genes were retrieved
from StarBase 3.0 [50] (https://starbase.sysu.edu.cn/). For
drug-gene interaction prediction, the CTD [51] (https://ct
dbase.org/) was used to explore both direct and indirect
regulatory associations. All regulatory networks, including
mRNA-TF, mRNA-miRNA, and mRNA-drug interactions,
were constructed and visualized using “Cytoscape” [52].

Immune Infiltration Analysis

Enrichment scores reflecting relative ICI levels in
individual samples were calculated using single-sample
GSEA (ssGSEA) [53]. Boxplots were used to illustrate
the expression differences of significantly altered immune
cells across cohorts in the training set, utilizing the “gg-
plot2” package (version 3.4.4). The associations between
immune cells and model genes were examined via Spear-
man correlation analysis, with results visualized using the
“pheatmap” (version 1.0.12) and “ggplot2” (version 3.4.4)
packages in R.
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Statistical Analysis

Data integration and statistical analyses were con-
ducted using R (version 4.3.0). For continuous variables,
inter-group comparisons were performed using indepen-
dent Student’s #-tests, while comparisons involving three
or more cohorts were analyzed via the Kruskal-Wallis test.
Correlation coefficients were determined following Spear-
man correlation analysis. A p-value < 0.05 was considered
statistically significant. Significance levels were indicated
as follows: *p < 0.05, **p < 0.01, and ***p < 0.001.

Results

Technology Roadmap

The overall study design and analytical workflow are
presented in Fig. 1.

siALI Dataset Standardization

To assess data comparability, the combined GEO
dataset was evaluated using distribution box plots, which
showed minimal differences in expression values after
batch effect removal (Fig. 2A,B). PCA further confirmed
the effectiveness of batch correction, with no obvious clus-
tering biases observed between datasets (Fig. 2C,D). Addi-
tionally, expression distribution box plots of the GSE10474
dataset (Fig. 2E,F) showed minimal variation between pre-
and post-normalization states.

siALI-Associated NIRDEGs

Differential expression analysis of the training set
identified 1620 DEGs, comprising 847 upregulated and 773
downregulated genes, and were visualized using a volcano
plot (Fig. 3A). Intersection of the DEGs with the prede-
fined NIRG set resulted in 30 NIRDEGs (Fig. 3B). Ex-
pression profiles of the top 20 NIRDEGs were displayed
(Fig. 3C). Furthermore, chromosomal mapping of the 30
NIRDEGs was conducted, and a chromosomal location plot
was generated (Fig. 3D). Our chromosomal location plot re-
vealed that a majority of the NIRDEGs, including Coagu-
lation Factor III (#3), S100 Calcium Binding Protein A12
(§100412), S100 Calcium Binding Protein A8 (S10048),
Interferon Gamma Inducible Protein 16 (IF116), Absent In
Melanoma 2 (4/M?2), and Immunoglobulin FcyRIIa recep-
tor (FCGR2A), are located on chromosome 1.

Differential Expression Verification and ROC Curve
Analysis

A comparative analysis of NIRDEGs expression lev-
els within the training cohort is presented in Fig. 4A, con-
firming that all 30 NIRDEGs exhibited significant differen-
tial expression (p < 0.05). ROC curve analysis, performed
using the “pROC” package (Fig. 4B—G), demonstrated that
29 NIRDEGs possessed moderate diagnostic potential for
distinguishing siALI from sepsis (AUC range: 0.5-0.7),
whereas AIM2 achieved superior diagnostic accuracy with
an AUC of 0.713.
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Fig. 1. Flow chart of the comprehensive NIRDEGs analysis. NIRDEGs, NETs- and inflammation-related DEGs; GSEA, Gene Set
Enrichment Analysis; NIRGs, NETs- and inflammation-related genes; DEGs, differentially expressed genes; ROC, receiver operating

characteristic; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PP, Protein-Protein Interaction.

Enrichment Analysis

The results of GO and KEGG were visualized by a
bubble chart (Fig. 5A). Gene Ontology enrichment anal-
ysis revealed that the 30 NIRDEGs were primarily asso-
ciated with BPs such as antibacterial defense, cytokine
production regulation, foreign cell elimination, and degra-
dation of anatomical structures from external organisms
(Fig. 5B). These findings suggest that the identified genes
possibly play pivotal roles in inflammatory and immune-

related pathways. For cellular component (CC) terms,
NIRDEGs were enriched in the secretory granule, cytoplas-
mic vesicle, vesicle, azurophil granule lumen, and primary
lysosome, indicating their potential role in NETs formation
(Fig. 5C). Regarding molecular functions (MF), the genes
were associated with pattern recognition receptor activity,
serine-type endopeptidase activity, serine hydrolase activ-
ity, and glycosaminoglycan binding, further suggesting a
functional contribution to NETs formation and the initia-
tion of inflammatory and immune responses (Fig. 5D). Ad-
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Fig. 2. Removal of batch effects in the siALI datasets. (A) Box plot showing gene expression distribution before batch effect removal.
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(E) Box plot of gene expression distribution in the GSE10474 dataset before normalization. (F) Box plot of gene expression in the

GSE10474 dataset following normalization. PCA, principal component analysis.

ditionally, KEGG pathway enrichment analysis identified
significant associations with pathways including NETs for-
mation, COVID-19, C-type lectin receptor signaling, Toll-
like receptor (TLR) signaling, and tuberculosis, support-
ing their potential roles in host immunity and inflammation
(Fig. 5E).

GSEA for siALI

GSEA identified four significantly enriched pathways
in siALI (Fig. 6A). These included several biologically rel-

evant processes and signaling cascades, notably the Kegg
Medicus Reference PRNP-PI3K-NOX2 cascade (Fig. 6B),
Gilmore’s Core NF-xB signaling pathway (Fig. 6C), Reac-
tome’s Interleukin-mediated signaling pathway (Fig. 6D),
and the WikiPathways (WP) IL-1 signal transduction mech-
anism (Fig. 6E).

siALI Diagnostic Model Establishment

Logistic regression (LR) was performed using the 30
NIRDEGs, and a diagnostic LR model was developed. All
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30 NIRDEGs were statistically significant (p < 0.05), with
results presented in a forest plot (Fig. 7A).

Following the initial analysis, the expression profiles
of 30 NIRDEGs were analyzed using a random forest (RF)
approach to compare the siALI cohort with the sepsis-only
controls. The RF model employed 1000 decision trees and
a fixed random seed (2024). Model performance assess-
ment revealed stabilization of the error rate at the prede-
termined tree count (Fig. 7B). To determine key diagnostic
markers, MeanDecreaseGini scores were computed for all
candidate genes (Fig. 7C), resulting in 28 genes with sub-
stantial diagnostic relevance for sepsis-induced lung injury.
They included: Lactotransferrin (L7F), Myeloperoxidase
(MPO), AKT serine/threonine kinase 2 (4K72), Cathep-
sin G (CTSG), F3, neutrophil elastase (ELANE), Proteinase
3 (PRTN3), Azurocidin 1 (4ZUI), AIM?2, Fibrinogen-
like protein 2 (FGL2), Phosphatidylinositol-4,5- bisphos-
phate 3-kinase catalytic subunit gamma (PIK3CG), C-Type
Lectin Domain Containing 7A (CLEC7A4), triggering re-

ceptors expressed on myeloid cells-1 (TREM1), Autophagy
Related 7 (ATG7), Nuclear Factor Erythroid 2-Related
Factor 2 (NFE2L2), Caspase-1 (CASPI), nuclear factor
interleukin 3-regulated (NFIL3), Lysozyme (LYZ), Inter-
leukin 1 Beta (IL1p), Toll-like receptor 2 (TLR2), Serum
and glucocorticoid-induced kinanse-1 (SGKI), Comple-
ment C5a Receptor 1 (C54R1), S100412, Toll-like receptor
8 (TLRS), Mitogen-Activated Protein Kinase 1 (MAPKI),
IF116, Mitogen-Activated Protein Kinase 14 (MAPKI4),
and Ras-related protein Rab27A (RAB274).

The 28 candidate biomarkers were then incorpo-
rated into a support vector machine (SVM)-based predic-
tive framework. Optimization through error minimization
(Fig. 7D) and accuracy maximization (Fig. 7E) led to the
identification of nine optimal predictive genes: S7100412,
PRTN3, TLR2, TREMI, SGKI, PIK3CG, FGL2, TLRS,
and AZUI. These nine genes were further subjected to
LASSO regression analysis to construct a refined diagnostic
model. Model characteristics were illustrated using coeffi-
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cient plots (Fig. 7F) and variable trace diagrams (Fig. 7G).
A Venn diagram illustrating gene overlaps among the LR,
RF, SVM, and LASSO models is shown in Fig. 7H. This
integrative approach yielded eight core diagnostic genes:
S100412, PRTN3, TLR2, TREM1, SGK1, PIK3CG, FGL2,
and TLRS. The final diagnostic model incorporated a
LASSO-derived risk assessment metric (RiskScore), com-
puted as follows:

RiskScore = FGL2 x (-0.607) + PIK3CG x (—1.285)
+ 8100412 x (—0.517) + TLRS x (0.045) + TREM1 x (-
0.533) + SGK1 x (-0.115) + TLR2 x (-0.451) + PRTN3 x
(0.589)

Internal Validation and Functional Similarity
(Friends) Analysis of the Diagnostic Model for siALI

Internal validation of the model using ROC curve
based on the risk score demonstrated strong discriminative
power in the training set, with an AUC of 0.843, indicating
high diagnostic accuracy (Fig. 8A). The clinical applicabil-
ity of the siALI model was assessed through a nomogram
incorporating the identified biomarker genes (Fig. 8B). Cal-
ibration plots demonstrated excellent concordance between
predicted and observed outcomes, indicating robust predic-
tive accuracy (Fig. 8C). DCA confirmed the superior net
clinical benefit of the model compared to extreme treatment
strategies, as indicated by its elevated position on the ben-
efit curve (Fig. 8D).
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Finally, Friends analysis prioritized the candidate
genes based on their association with sepsis-induced lung
injury pathways (Fig. 8E). Among these, S100412 emerged
as a potentially key mediator in siALI pathogenesis.

External Validation and Functional Similarity
(Friends) Analysis of the Diagnostic Model for siALI

The risk score demonstrated moderate discriminatory
ability in the validation dataset (GSE10474), with an AUC
of 0.674 (Fig. 9A). Additionally, a nomogram based on the
model genes showed that these genes still had diagnostic
value in the validation set (Fig. 9B). Calibration analysis
was carried out to further assess the model’s prediction per-
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formance in the validation dataset, and the corresponding
calibration curve was plotted (Fig. 9C). Although the cali-
bration curve (dashed line) deviated from the ideal diagonal
line, the model still exhibited acceptable predictive ability.
DCA in the validation cohort further confirmed the supe-
rior net clinical benefit of our model compared to extreme
treatment strategies, as evidenced by its elevated position
on the benefit curve (Fig. 9D).

Finally, Friends analysis identified key genes involved
in siALI by evaluating similarity scores (Fig. 9E). The re-
sults highlighted S/00412 as a key gene in the disease
mechanism.

Correlation Analysis of Model Genes

The differential expression of the eight model genes
between the high-risk and low-risk groups was illustrated
using a group comparison plot (Fig. 10A). Among them,
PIK3CG and TLRS exhibited highly significant expression
differences between the risk groups in siALI samples (p <
0.001), while FGL2 and PRTN3 showed markedly signifi-
cant differences (p < 0.01).

A heatmap displayed the pairwise correlations among
the eight model genes (Fig. 10B). Notably, a significant
positive relation was observed between 7LRS and TLR?2 (r
=0.57, p < 0.05) (Fig. 10C).

GSEA Between High- and Low-Risk Cohorts

Comparative analysis between the high-risk and low-
risk cohorts identified 495 DEGs, including 213 upregu-
lated and 282 downregulated genes (Fig. 11A). The ex-
pression profiles of the top 20 DEGs, ranked by their ab-
solute log fold change (|logFC|), were visualized using
the “pheatmap” package (Fig. 11B). GSEA revealed four
significantly enriched pathways (Fig. 11C), indicating that
these DEGs are primarily involved in key biological pro-
cesses and signaling pathways. These included throm-
bopoietin (TPO)-mediated signaling (Fig. 11D), receptor-
mediated pathways for advanced glycation end-products
(Fig. 11E), TLR cascades (Fig. 11F), and NLR signaling
mechanisms (Fig. 11G).
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Shrinkage and Selection Operator.

PPI Network

A PPI network comprising the eight model genes was
constructed using the STRING database (Fig. 12A). Addi-
tionally, a broader interaction network including the eight
model genes and their functionally related counterparts was

generated through the GeneMANIA platform (Fig. 12B).
This expanded network comprised a total of 28 genes, en-
compassing the original eight model genes and 20 function-
ally associated proteins.
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Regulatory Network Construction

The mRNA-transcription factor (TF) regulatory net-
work comprised five model genes and 46 TFs (Fig. 13A).
An mRNA-miRNA regulatory network was also con-
structed, comprising one model gene and 35 microRNAs
(Fig. 13B). Additionally, an mRNA-drug regulatory net-
work was established, involving seven model genes and 31
drugs or molecular compounds (Fig. 13C).

Immune Infiltration Analysis

The ssGSEA method was applied to the training
dataset to estimate enrichment scores and evaluate in-
teractions among 28 immune cell populations. Immune
cell types showing statistically significant differences (p
< 0.05) between the siALI and sepsis-only groups were
identified and visualized using comparative group plots.
As shown in Fig. 14A, seven immune cell types dis-
played statistically significant differences in infiltration:
activated B cells and neutrophils showed significant dif-
ferences (p < 0.05); macrophages and natural killer (NK)
T cells showed highly significant differences (p < 0.01);
eosinophils, myeloid-derived suppressor cells (MDSCs),
and T follicular helper (Tth) cells exhibited significant dif-
ferences (p < 0.001).

Subsequently, the interactions among the seven differ-
entially infiltrated immune cell types within the integrated
GEO dataset were visualized using a correlation heatmap
(Fig. 14B). The analysis revealed predominantly positive
associations among most immune cell populations. No-
tably, MDSCs and Tth cells demonstrated a moderate posi-
tive correlation (r = 0.603, p < 0.05), while eosinophils and
neutrophils also exhibited a marked positive relation (r =
0.517, p < 0.05).

Moreover, correlations between the eight model genes
and the seven differentially infiltrated immune cell types
were examined and presented using a correlation heatmap
and a bubble plot (Fig. 14C). Key findings included a neg-
ative correlation between S700A412 and activated B cells, a
positive association of PRTN3 with macrophages, and a fa-
vorable correlation between 7LR2 and neutrophils. TREM1
and SGK1 exhibited positive relationships with Tth cells,
eosinophils, macrophages, MDSCs, NK T cells, and neu-
trophils. FGL2 showed positive correlations with MD-
SCs, eosinophils, NK T cells, Tth cells, and macrophages.
TLRS was positively correlated with eosinophils and neu-
trophils, but negatively associated with activated B cells.
The strongest correlation was observed between 7LRS and
neutrophils (r = 0.61, p < 0.05).
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Discussion

This study systematically identified and validated key
genes and molecular pathways associated with NETs and
inflammation in siALI via a comprehensive evaluation
framework based on bioinformatics. The goal was to eluci-
date the potential pathological mechanisms by which NETs
and inflammatory processes contribute to siALI develop-
ment and explore their diagnostic potential, thereby pre-
senting novel insights for future research and clinical ap-
plications.

A total of 1620 DEGs were identified from blood
samples of the siALI and sepsis cohorts. GSEA revealed
that these DEGs were primarily enriched in pathways such
as IL-1 signaling, interleukin-mediated signaling cascades,
the NF-xB core pathway, and the PI3K/AKT/NOX2 sig-
naling axis. These findings highlight a strong association
between the identified DEGs and both NETs formation and
inflammatory responses. ROC analysis further confirmed
that the NIRDEGs possessed moderate diagnostic value in
distinguishing siALI from sepsis. Functionally, these genes
play central roles in antibacterial defense, cytokine secre-
tion, and disruption of cellular and tissue integrity in distal
anatomical regions. Enrichment analysis indicated signifi-
cant involvement in key immune-related pathways, includ-
ing NETs formation, C-type lectin receptor (CLR) signal-
ing, and TLR signaling pathways.

CLRs, primarily expressed on myeloid cells, consti-
tute a diverse family of receptors with multiple subtypes
and capable of recognizing diverse ligands. These receptors
mediate key immune functions such as phagocytosis, cy-
tokine production, and antigen presentation, playing essen-
tial roles in immune surveillance and regulation [54]. In the
pulmonary endothelium, upregulated CLRs can stimulate
cytokine and chemokine production, ameliorating the in-
nate immune response and mitigating lung injury [55]. No-
tably, C-type lectin domain family 4, member A (CLEC4A)
has been shown to facilitate NETs formation and enhance
the release of pro-inflammatory cytokines, thereby intensi-
fying pulmonary inflammation [56]. Similarly, TLRs serve
as pattern recognition receptors that initiate innate immune
signaling cascades upon pathogen detection [57]. Suppres-
sion of the TLR4/Nrf2/NF-xB signaling axis by bacterial
protease inhibitors or trypsin inhibitors has been found to
alleviate lipopolysaccharide (LPS)-induced ALI [58]. Col-
lectively, these findings further prove the significant role
of NIRDEGs in NETs formation, immune defense, and
inflammatory processes, implicating them as key contrib-
utors to siALI pathogenesis. Consequently, these genes
may serve as potential therapeutic targets and diagnostic
biomarkers for siALI.

To translate these findings into clinical application, the
30 identified NIRDEGs were subjected to feature selection
via LR, RF, SVM, and LASSO regression analyses. This
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integrative approach led to the identification of eight key
biomarker genes: S100412, PRTN3, TLR2, TREM1,SGKI,
PIK3CG, FGL2, and TLRS.

S100A12, a member of the myeloid-related S100 pro-
tein subfamily, plays a pivotal role in host defense against
microbial infections and the maintenance of immune home-
ostasis. It exerts antimicrobial activity by chelating essen-
tial metal ions required for pathogen proliferation and inter-
acts with cell surface receptors to activate pro-inflammatory
signaling pathways, stimulate cytokine production, and
modulate immune responses. Due to its sensitivity to
pathological alterations, SI00A12 has been proposed as a
potential biomarker for disease detection and monitoring

[59]. S100A12 and soluble receptors for advanced gly-
cation end-products (SRAGE) are elevated in the serum
of siALI patients and mouse models, leading to activa-
tion of the NLRP3 inflammasome and increased expres-
sion of inflammatory cytokines, adhesion molecules, and
apoptosis-related factors. Therefore, SIO0A12 is a poten-
tial biomarker for diagnosing sepsis-induced acute respi-
ratory distress (ARD) [60]. In allergic pneumonia mod-
els, SI00A12 is highly expressed in neutrophils, and its in-
hibition has been shown to alleviate airway smooth mus-
cle hypertrophy, reduce inflammation, and suppress air-
way hyperresponsiveness [61]. Taken together with our
findings, these observations suggest that the upregulation
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of S100A12 during sepsis contributes to lung injury by
amplifying inflammatory responses. Moreover, although
S100A12 demonstrates high sensitivity, it has a relatively
short biological half-life. Its serum levels rise early fol-
lowing injury in postoperative siALI patients, while bron-
choalveolar lavage fluid concentrations gradually decline

over time [62]. In our study, Friends analysis further con-
firmed that SIO0A12 is central to disease progression, fur-
ther demonstrating its potential as a novel therapeutic target
and diagnostic biomarker for siALI.

PRTN3, a member of the serine protease family, is lo-
calized within the azurophilic granules of neutrophils. Fol-
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lowing neutrophil activation, it is released into the extracel-
lular environment where it contributes to pathogen elimina-
tion [63]. Elevated PRTN3 expression has been detected in
the blood of COVID-19 patients, with its levels positively
correlating with disease severity [64]. However, specific
evidence defining the role of PRTN3 in siALI remains lim-
ited and requires further investigation.

TLR2, a pattern recognition receptor (PRR) within the
innate immune system, is essential for the early recognition
of invading microorganisms and endogenous danger sig-
nals through its recognition of pathogen-associated molecu-
lar patterns (PAMPs) and damage-associated molecular pat-
terns (DAMPs) [65]. In a model of endothelial cell injury,
miR-328-3p was shown to target TLR2, thereby suppress-
ing NETSs formation [66]. TLR2 also acts as a key upstream
receptor in the activation of the ERK1/2 signaling path-
way, which mediates autophagy, an essential homeostatic
process in mammalian cells involved in immune responses
[67]. In murine sepsis models, enhanced autophagy was
associated with improved survival outcomes through pro-
motion of NETs formation, whereas autophagy inhibition
in traumatic brain injury-induced ALI models aggravated
pulmonary pathology [68,69]. However, the precise molec-
ular regulatory network linking autophagy, NETs, and in-
flammation remains incompletely defined. Based on the
present findings, it is hypothesized that downregulation of
TLR2 may contribute to siALI progression by inhibiting
autophagy. However, these mechanistic pathways warrant
further experimental validation.

Triggering Receptor Expressed on Myeloid cells-1
(TREM-1), expressed on immune cells, acts as a criti-
cal regulator of inflammation. Upon activation, it initi-

ates signaling cascades that promote the release of pro-
inflammatory mediators, thereby amplifying the inflam-
matory response [70]. Although upregulation of TREM-1
strengthens immune defense and facilitates pathogen clear-
ance, it can also exacerbate tissue injury and contribute to
organ dysfunction [71,72]. Additionally, TREM-1 plays a
role in mitochondrial metabolism and energy production
[73]. In this study, TREM-1 expression was downregu-
lated in siALI patients, which may impair the NETs forma-
tion and compromise pathogen elimination. Furthermore,
reduced TREM-1 expression could result in mitochondrial
dysfunction, thereby impairing cellular proliferation and
tissue repair, ultimately contributing to disease progression.

SGK1, a stress-responsive gene, regulates the dif-
ferentiation of various immune cells such as T cells,
macrophages, and neutrophils, thereby exerting im-
munomodulatory and anti-inflammatory functions [74].
However, our findings demonstrated that SGK/ expres-
sion was decreased in siALI patients, which may pro-
mote lung injury by impairing alveolar fluid clearance
[75]. In experimental models investigating the ameliora-
tion of sepsis-induced lung injury by melatonin, it has been
demonstrated that melatonin mitigates lung damage and en-
hances survival by increasing alveolar epithelial sodium
channel activity. This occurs through activation of the
silent information regulator (SIRT1)/SGK1/Neural precur-
sor cell expressed developmentally down-regulated gene 4-
like (Nedd4-2) signaling pathway, thereby improving alve-
olar clearance [75].

Fibrinogen-like protein 2 (FGL2) is a multifunctional
immunoregulatory protein that serves as an essential im-
munosuppressive effector molecule of regulatory T cells
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(Tregs). FGL2 suppresses the expression of Th1 cytokines
while simultaneously promoting Th2 cytokine production
[76]. Th2 cytokines function as effective anti-inflammatory
mediators, reducing inflammatory cell infiltration in lung
tissues and mitigating pulmonary inflammation [77]. More-
over, studies suggest that FGL2 promotes neutrophil apop-
tosis and clearance through interaction with monocytes,
thereby accelerating the resolution of sepsis [78]. In murine
sepsis models, reduced FGL2 expression has been associ-
ated with worsened inflammatory outcomes [79].

TLR8, a member of the pattern recognition receptor
family within the innate immune system, is expressed on
monocytes, neutrophils, and macrophages, and plays a piv-
otal role in innate immune regulation [80]. Studies have
shown that infants infected with human respiratory syncy-
tial virus exhibit reduced TLR&8 levels, while levels increase
during the recovery phase [81]. Severe COVID-19 is as-
sociated with diminished expression of TLR7 and TLRS.
Notably, critically ill patients showed reduced mRNA lev-
els of TLR7 and TLRS in macrophages and epithelial cells
derived from bronchoalveolar lavage fluid [82].
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Suppression of PIK3CG impairs macrophage recruit-
ment and decreases bacterial clearance, thereby promot-
ing the progression of streptococcal pneumonia [83]. This
study suggests that reduced expression of PIK3CG in siALI
may result in diminished NETs formation, leading to im-
paired bacterial clearance and consequently contributing to
the development of lung injury.

Our diagnostic prediction model was constructed
based on eight hub genes. Calibration and decision
curve analyses demonstrated robust predictive performance
across both internal and external datasets in differentiat-
ing sepsis from siALI yielding a high net clinical bene-
fit. The identified hub genes exhibited functional inter-

connections, suggesting potential synergistic roles in dis-
ease pathogenesis. Further stratification of the siALI cohort
into high- and low-risk groups revealed significant differ-
ential expression of PIK3CG, TLRS, FGL2, and PRTN3.
Among these, PIK3CG, TLRS, and FGL2 were downregu-
lated, while PRTN3 was upregulated in the high-risk group.
GSEA indicated the main enrichment of associated DEGs in
TPO, NLR, and TLR pathways, as well as signaling routes
involving advanced glycation end-product. These find-
ings highlight key molecular pathways and genes associated
with high-risk siALI and provide a theoretical foundation
for phenotype-based molecular classification and precision
therapy.
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The primary function of the immune system is to de-
tect and respond to potential threats, and distinct patterns
of ICI may serve as early indicators of disease progres-
sion. Therefore, this study further investigated the IME of
siALI The results demonstrated significant differences in
the infiltration levels of various immune cell subtypes be-
tween the siALI group and the sepsis-only group, includ-
ing activated B cells, neutrophils, macrophages, NK T cells,
eosinophils, MDSCs, and Tth cells. In sepsis, activated B
cells tend to increase over time, whereas Tth cells exhibit a
gradual decline [84]. Therefore, monitoring the proportions
of these seven immune cell types may provide early warn-
ing indicators for the onset of siALI. Previous studies have
shown that reduced peripheral eosinophil activity is asso-
ciated with worse survival outcomes in sepsis [85]. In this
study, correlation analysis among immune cells revealed a
positive association between neutrophils and eosinophils,
suggesting a potential synergistic role for these cell types
in the transition from sepsis to siALI. By focusing on the
differentially infiltrated immune cell subsets and integrat-
ing key model genes, the potential regulatory mechanisms
were further examined.

S100A412 exhibited a negative correlation with ac-
tivated B cells, implying a possible inhibitory effect on
adaptive immune responses. The positive association be-
tween PRTN3 and macrophages suggests a role in promot-
ing inflammatory responses and enhancing phagocytic ac-
tivity. TLR2 was positively correlated with neutrophils, in-
dicating its involvement in innate immune activation and
NETs formation. Both TREM1 and SGK1 were positively
correlated with Tth cells, eosinophils, macrophages, MD-
SCs, NKT cells, and neutrophils, highlighting their func-
tion as immunoregulatory hubs that facilitate interactions
among immune cells. FGL2 demonstrated positive corre-
lation with MDSCs, eosinophils, NKT cells, Tth cells, and
macrophages, suggesting its role in modulating immuno-
suppression and inflammatory responses during siALI pro-
gression. TLRS8 demonstrated positive correlations with
eosinophils and neutrophils, and a negative correlation with
activated B cells, with the strongest association observed
with neutrophils (r = 0.61, p < 0.05), indicating its central
role in regulating granulocyte-mediated immune responses.
These findings indicate that key genes shape a unique IME
by influencing the recruitment, differentiation, and func-
tional status of immune cells, thereby driving the patholog-
ical progression of siALI. A deeper understanding of the
diverse immune cell subsets and their gene-mediated inter-
actions provides a theoretical foundation for precise disease
classification and targeted interventions in siALI.

The progression of siALI is not driven by dysregula-
tion of a single gene but rather by the coordinated activity of
multiple genes. Based on the constructed mRNA-miRNA
regulatory network, this study identified 35 key miR-
NAs potentially regulating SGK1, including miR-15a-5p,
miR-16-5p, and miR-19a-3p. Suppression of miR-15a-5p
maturation has been shown to reduce lipopolysaccharide-

induced apoptosis in pulmonary cells [86]. miR-16-5p is
considered an oncogenic miRNA. Its inhibition attenuates
inflammatory responses and oxidative stress, significantly
enhances pulmonary epithelial cell viability, and reduces
apoptosis [87,88]. These findings highlight the essential
roles of miR-15a-5p, miR-16-5p, and miR-19a-3p in reg-
ulating inflammation and immune responses, and under-
score the potential of miRNAs as biomarkers of disease pro-
gression and therapeutic targets in siALI. Additionally, this
study identified 46 TFs as primary regulators of the eight
hub genes, forming a core transcriptional regulatory net-
work.

Furthermore, by utilizing the CTD, our study iden-
tified 31 candidate drugs or molecular compounds target-
ing the model genes, including cyclosporine A, dexam-
ethasone, estradiol, tretinoin, calcitriol, mestranol, and val-
proic acid. Cyclosporine A has been reported to alleviate
pulmonary inflammation and improve siALI outcomes by
suppressing the release of mitochondrial DNA [89]. Dex-
amethasone is widely used in the clinical management of
ALI, and a randomized clinical trial has demonstrated its
capacity to improve outcomes in patients receiving me-
chanical ventilation [90]. Estradiol ameliorates pulmonary
edema and lung injury in a siALI mouse model by ac-
tivating the PI3K/AKT/SGK1 pathway and upregulating
sodium channels in alveolar epithelial cells [91]. Our study
also observed decreased SGK1 expression in siALI, sup-
porting the possibility that estradiol exerts its protective ef-
fects via this target. Additionally, other compounds such as
tretinoin and calcitriol have demonstrated protective roles
in ALI [92,93]. However, the mechanisms through which
agents like mestranol and valproic acid modulate ALI re-
main poorly understood and warrant further investigation.

This study has several limitations. First, the inherent
heterogeneity of siALI and the absence of detailed clini-
cal parameters (such as age, sex, and disease severity) in
some publicly available datasets prevented the incorpora-
tion of these variables into the model analysis, potentially
limiting the precision and generalizability of the risk pre-
diction model. Moreover, the external validation dataset
GSE10474 differed from the training set in terms of sam-
ple source. GSE10474 was derived from plasma sam-
ples, whereas the training set primarily utilized blood or
whole blood samples. Gene expression profiles may exhibit
tissue-specific variability depending on the biological sam-
ple (e.g., plasma, whole blood, or blood). Future research
should incorporate multicenter external validation cohorts
using diverse sample types (including whole blood, plasma,
and serum), alongside experimental investigations into the
gene expression mechanisms across different tissue origins,
to improve the clinical translational potential of the diag-
nostic model. Lastly, due to the limited sample size of the
GEO datasets, the selection of machine learning algorithms
was constrained. Validation using large-scale cohorts with
detailed clinical information and the development of novel
computational algorithms will be necessary to ensure the
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clinical applicability and robustness of the proposed diag-
nostic model.

Conclusions

The study identified eight key genes (S100412,
PRTN3, TLR2, TREMI, SGKI, PIK3CG, FGL2, TLRS)
associated with NETs formation, inflammation, and im-
mune dysregulation in siALI, and developed a diagnostic
model demonstrating robust predictive performance. These
genes influence critical signaling pathways, including TPO,
TLR, and NLR, and regulate immune cell dynamics. Ad-
ditionally, several potential therapeutic agents, such as cy-
closporine A and dexamethasone, were identified, offering
novel insights into targeted interventions for siALIL.
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