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Background: Sepsis-induced acute lung injury (ALI) remains a life-threatening condition due to the lack of reliable early diagnostic
biomarkers. Machine learning offers powerful tools for analyzing high-dimensional gene expression data and identifying potential
biomarkers and therapeutic targets.

Methods: Five datasets (GSE10474, GSE32707, GSE66890, GSE10361, GSE3037) were obtained from the GEO database. After
assessment and normalization, GSE10474, GSE32707, and GSE66890 were combined as a training set to identify differentially
expressed genes (DEGs). DEGs were intersected with genes from key modules identified by weighted gene co-expression network
analysis (WGCNA), yielding 213 overlapping genes. These were analyzed via Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGQG) enrichment. Eight machine learning algorithms (RF, SVM, GLM, GBM, KNN, NNET, LASSO, DT) were used
to develop diagnostic models, which were validated on GSE10361 and GSE3037. Model performance was evaluated using
a nomogram, calibration curves, and decision curve analysis (DCA). Immune and inflammatory states were assessed using the
CIBERSORT algorithm. Potential therapeutic compounds were identified through the DSigDB database via the Enrichr platform.
Molecular docking and molecular dynamics simulations examined interactions between Resveratrol and selected targets. In vitro
experiments validated these findings.

Results: A total of 213 candidate genes were identified by intersecting DEGs with WGCNA-derived MEblue module genes. GO and
KEGG analyses indicated associations with immune activation and bacterial infection. Four key genes (DDAH2, PNPLA2, STXBP2,
TCN1) were selected using eight machine learning algorithms. The diagnostic model showed good performance via nomogram,
calibration curve, and DCA. Molecular docking revealed stable binding of Resveratrol to these genes. In vitro, Resveratrol pretreat-
ment alleviated LPS-induced ALI by modulating the core genes.

Conclusion: The four genes may serve as diagnostic biomarkers for sepsis-ALI. Resveratrol represents a potential therapeutic
strategy by targeting these genes.
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Introduction

Sepsis is a critical condition characterized by organ dysfunction resulting from an imbalanced immune response to
infection, which can eventually progress to multiple organ failure and mortality.'* ALI is a frequent and deadly
complication of sepsis and may further develop into acute respiratory distress syndrome (ARDS).> A large international
study has shown that approximately 75% of ALI cases are sepsis-induced.* Reports from the United States indicate that
over 210,000 cases of sepsis-induced ALI occur each year. Additionally, patients suffering from sepsis-related ALI tend
to experience more severe disease, slower lung recovery, and higher mortality rates compared to those with ALI from
other causes.” ALI progresses rapidly following the initial injury, and there is no consensus on biomarkers that can
directly diagnose ALI or assess lung damage. Therefore, identifying diagnostic biomarkers for ALI is crucial.
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Machine learning, as a rapidly advancing field, has become indispensable in the analysis of gene expression profiles, which
reflect the collective expression patterns of all genes within a cell or tissue under specific conditions.® These data are typically
high-dimensional, encompassing inherent complexity and potential noise, posing challenges for traditional statistical methods
in their interpretation. Machine learning algorithms exhibit unique advantages in handling such high-dimensional, non-linear,
and noisy data, making them particularly crucial for identifying key genes associated with diseases. By integrating bioinfor-
matics tools with advanced machine learning techniques, researchers can efficiently identify genes closely linked to disease
progression, ultimately providing critical insights for disease prevention, diagnosis, and treatment.”* For instance, Ming et al’
applied machine learning techniques, including LASSO, to identify critical genes involved in sepsis-associated ARDS and
explored their relationship with immune cell infiltration, which has been recognized as a key factor in the pathogenesis of
sepsis.'® Moreover, computational approaches such as CIBERSORT provide powerful tools for analyzing immune cell
populations from bulk gene expression data, contributing to a deeper understanding of disease mechanisms.

In this study, three datasets related to sepsis-induced ALI were retrieved from the GEO database. DEGs were determined
and overlapped with key gene modules identified via WGCNA. To screen for biomarkers linked to sepsis-related ALI, eight
distinct machine learning methods were applied. Immune infiltration characteristics were assessed using the CIBERSORT
algorithm, and the selected biomarkers were further validated with an external dataset. Finally, molecular docking was
performed to identify potential therapeutic compounds, and validation was carried out in cell models.

Materials and Methods

Data Sources Used for Analysis
We queried the GEO database (https://www.ncbi.nlm.nih.gov/geo/) using relevant keywords including “sepsis-induced
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acute lung injury”, “sepsis”, and “human” to identify appropriate transcriptomic datasets. Based on predefined inclusion
criteria, five datasets (GSE10474, GSE32707, GSE66890, GSE10361, and GSE3037) were selected for downstream
analysis. Among these, GSE10474, GSE32707, and GSE66890 were integrated to construct a diagnostic model for
sepsis-induced ALI, while GSE10361 and GSE3037 were used to evaluate the robustness and generalizability of the
model. The overall analytical workflow is illustrated in Figure 1.

Identificated DEGs

To minimize batch effects between datasets, gene expression matrices were combined using the “sva” package in
R. Principal component analysis (PCA), a commonly used method for feature extraction and reducing dimensionality,
was then applied to detect underlying patterns, simplify the data structure, and reveal hidden correlations among
variables.'""'? The expression matrices from GSE10474, GSE32707, and GSE66890 were merged into a unified dataset.
Subsequently, The “limma” R package was employed to carry out differential expression analysis. DEGs were identified
based on the following thresholds: |log2FoldChange| > 0.6 and a false discovery rate (FDR) < 0.05.

WGCNA Analysis

WGCNA utilizes gene expression data to build a scale-free network, clustering genes with comparable expression trends into
separate modules. These modules can then be correlated with specific phenotypic traits or clinical variables, enabling the
identification of gene networks potentially linked to biological processes or disease states. This methodology provides
a powerful framework for uncovering candidate biomarkers or therapeutic targets. Modules are defined by applying a soft-
thresholding power to emphasize strong gene-gene correlations, facilitating the detection of tightly co-expressed gene clusters.

Functional Enrichment Analysis

Functional gene analysis is a cornerstone of biological research, aiming to elucidate the roles of genes and their
expression products in cellular processes and disease mechanisms. With continuous advancements in computational
tools, increasingly sophisticated methods have emerged to interpret gene function at the systems level. In this research,
GO functional annotation and KEGG pathway enrichment were conducted using the R package clusterProfiler, based on
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the normalized gene expression data matrix."*
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Figure | The flow chart portraying the investigation procedure.
Abbreviations: GEO, Gene Expression Omnibus; CIBERSORT, Cell-Type Identification by Estimating Relative Subsets of RNA Transcripts; DEGs, Differentially Expressed
Genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; ROC, Receiver Operating Characteristic Curve; DCA, Decision Curve Analysis.

Using Machine Learning to Screen Hub Genes

In this study, eight different machine learning models were established. Their performance was assessed by computing the area
under the receiver operating characteristic curve (AUC), with the model demonstrating the highest predictive accuracy chosen
for subsequent analyses. Feature genes, referred to as hub-DEGs, were defined as those identified by at least three of the
machine learning algorithms. The intersection of selected genes across models was visualized using the R package Upset.'”

Construction of Nomogram and Analysis of ROC Curve

A nomogram, commonly utilized for outcome prediction based on multiple variables, was developed in this study using
the rms package in R. The diagnostic utility of the identified hub genes was evaluated through receiver operating
characteristic (ROC) curve analysis. To further validate the model’s reliability, ROC curves were also plotted using the
GSE10361 and GSE3037 datasets as independent validation sets. AUC values exceeding 0.5 were regarded as indicative
of acceptable predictive performance.'® All ROC-related computations were conducted with the pROC package in R.

Analysis of Immune Infiltration

To explore the association between immune cell infiltration and sepsis-induced ALI, the CIBERSORT algorithm'” was applied to
estimate the relative proportions of 22 immune cell subsets. Subsequently, we analyzed the correlations between the expression
levels of critical genes and immune cell distribution in both healthy individuals and patients with sepsis-related ALI.

Drugs Screened and Molecular Docking

We performed drug-gene interaction analysis via the DSigDB database on the Enrichr platform to identify candidate
drugs targeting key genes (DDAH2, PNPLA2, STXBP2, and TCN1). The structural information of bioactive compounds
was sourced from the Traditional Chinese Medicine Active Compound Database. Using ChemBio3D 14.0, the spatial
conformations of these molecules were optimized for energy and saved in mol2 format. Subsequently, the compounds
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were prepared in pdbq format with AutoDockTools 1.5.6."% The 3D crystal structures of target proteins were retrieved
from UniProt, where water and organic molecules were removed using Notepad2. The protein structures were further
processed in AutoDockTools 1.5.6 to add hydrogens, assign charges, and define atom types,'® then saved in pdbqt format.
Molecular docking was conducted with AutoDock Vina, and the docking poses were visualized using PyMOL 2.6.%°

Cell Culture and Viability Assay

The human bronchial epithelial cell line BEAS-2B (Cat No.: SCSP-5067) was sourced from the Chinese Academy of
Sciences. Cells were maintained in high-glucose DMEM supplemented with 10% fetal bovine serum and 1% penicillin-
streptomycin, incubated at 37°C with 5% CO,. BEAS-2B cells were plated in 96-well plates at a density of 5 x 10° cells per
well. After adherence, cells were exposed to varying concentrations of lipopolysaccharide (LPS; Sigma, USA) at 0, 2.5, 5, and
10 pg/mL for 24 hours.”' One hour before LPS exposure, cells were pretreated with 10 uM resveratrol (Selleck, Shanghai,
China).?* Following treatment, 10 uL of Cell Counting Kit-8 (CCK-8; Solarbio, China) reagent was added to each well and
incubated for 2 hours at 37°C. Cell viability was assessed by measuring absorbance at 450 nm using a microplate reader.

Quantitative Real-Time PCR (qRT-PCR)

Total RNA was isolated from cells using TRIzol reagent following the manufacturer’s protocol. Complementary DNA
(cDNA) synthesis was performed by reverse transcription using a commercial kit. The relative expression levels of genes
were determined by the 27*““T method, with GAPDH as the internal control. Primer sequences used were: DDAH2
(forward: 5'-GTCTCCACTGTGCCAGTCTC-3'; reverse: 5'-TCAGGGAGGCATATGGGTGA-3"); PNPLA2 (forward:
5-CTCCAAGGACGAGCTCATCC-3"; reverse: 5-GAAGGGGGACACTGTGATGG-3'); STXBP2 (forward: 5'-
CACTGGCACAAGAACAAGGC-3’; reverse: 5-CCAATGAGCACCTCCCACTT-3"); TCN1 (forward: 5'-
GGGAACTTCTGAGTGGAGGC-3’; reverse: 5-CTCCAGCGAACCTCCAAGTT-3'); GAPDH (forward: 5'-
GGAGCGAGATCCCTCCAAAAT-3'"; reverse: 5'-GGCTGTTGTCATACTTCTCATGG-3).

Western Blot Assays

Proteins were extracted from cells using RIPA lysis buffer containing 1% protease and phosphatase inhibitor cocktails.
The protein concentration of each sample was measured with the BCA Protein Assay Kit following the manufacturer’s
protocol. To achieve consistent protein loading, samples were mixed with suitable amounts of 4x loading buffer and
additional RIPA buffer to equalize protein amounts across all samples. Proteins were separated by SDS-PAGE using gels
of 7.5%, 10%, or 12.5% concentration according to their molecular sizes, then transferred onto 0.22 um PVDF
membranes. The membranes were blocked with 5% non-fat milk in TBST at room temperature for 2 hours, followed
by overnight incubation at 4 °C with primary antibodies targeting DDAH2 (1:3000, 14966-1-AP, Proteintech), PNPLA2
(1:5000, 55190-1-AP, Proteintech), STXBP2 (1:1000, 15312-1-AP, Proteintech), and TCN1 (1:1000, 16078-1-AP,
Proteintech). After washing, membranes were incubated with HRP-linked anti-rabbit secondary antibodies at room
temperature for one hour. Protein signals were detected using an enhanced chemiluminescence (ECL) system. Band
intensities were quantified using ImageJ software and normalized against B-actin.

Statistical Analysis
Data were analyzed using one-way ANOVA with GraphPad Prism 9.0, considering p-values less than 0.05 as statistically
significant.

Results

Screening for DEGs

In this study, the GSE10474, GSE32707, and GSE66890 datasets were selected as the training cohort. Given the
differences in sample sources and experimental conditions across these datasets, initial analyses revealed substantial
baseline batch effects (Figure 2A), which could introduce systematic bias into downstream analyses. To address this
issue, principal component analysis (PCA) was first applied to assess and correct inter-dataset variation. All raw
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Figure 2 Identification of differentially expressed genes (DEGs). (A) Principal component analysis (PCA) of datasets GSEI10474, GSE32707, and GSE66890 before batch
effect correction. (B) PCA of the same datasets after batch effect correction. (C) Heatmap illustrating the expression profiles of DEGs. (D) Volcano plot depicting the
distribution of DEGs.

microarray data were uniformly preprocessed using the Robust Multi-array Average (RMA) normalization method. PCA
was repeated after normalization, revealing a significant reduction in batch effects and more coherent clustering of
samples, indicating successful correction (Figure 2B). Subsequently, differential expression analysis was performed on
the combined and normalized dataset using the /imma package. Differentially expressed genes were defined based on
a false discovery rate (FDR) < 0.05 and |log, fold change| > 0.6. As a result, a total of 771 DEGs were identified,
including 343 upregulated and 428 downregulated genes (Figure 2C and D). These DEGs provided a solid foundation for
subsequent feature selection, pathway enrichment analysis, and mechanistic exploration.

WGCNA Analysis

To identify gene modules with extensive co-expression patterns, we applied WGCNA to the GSE32707 dataset. To achieve
a scale-free network structure, the soft-thresholding power () was selected at the lowest value where the scale-free fit index
neared 1, resulting in a final choice of p = 14 (Figure 3A and B). Hierarchical clustering combined with a dynamic tree-cutting
algorithm identified four distinct co-expression modules (Figure 3C and D). Among them, the MEblue module demonstrated
the strongest correlation with sepsis-induced ALI (R = 0.46, P = 1e—04). A scatter plot of module membership versus gene
significance (GS) further underscored the robust association between the MEblue module and clinical phenotype (Figure 3E).

Based on this, 1,616 genes from the MEblue module were chosen for further analysis.
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Underlying Biological Mechanisms

To further identify key genes implicated in sepsis-induced ALI, we intersected genes from the MEblue module identified
by WGCNA with the DEGs, yielding 213 candidate genes for downstream functional annotation (Figure 4A). GO and
KEGG enrichment analyses were performed to elucidate the potential molecular mechanisms underlying sepsis-related
ALI. GO enrichment revealed significant overrepresentation of immune- and inflammation-related biological processes,
including regulation of inflammatory response, leukocyte migration, response to bacterium-derived molecules, phago-
cytosis, response to lipopolysaccharide, and immune receptor activity (Figure 4B). KEGG analysis further indicated that
these candidate genes were enriched in key inflammatory and immune signaling pathways, such as NF-kB signaling,
NOD-like receptor signaling, natural killer cell-mediated cytotoxicity, Fc gamma receptor-mediated phagocytosis, and
chemokine signaling pathways (Figure 4C). Together, these findings suggest that immune responses and bacteria-

associated signaling cascades may play central regulatory roles in the development of sepsis-induced ALIL

Application of Machine Learning for Screening Hub Genes

To comprehensively evaluate the link between DEGs and sepsis-induced ALI pathogenesis, we utilized eight different
machine learning methods for feature selection on the 213 DEGs. Predictive performance and error metrics for each
algorithm were evaluated using boxplots of absolute residuals and the area under the receiver operating characteristic
curve (AUC). Among all models, the GLM exhibited the poorest performance, displaying the largest prediction error and
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the lowest AUC value (0.595); therefore, it was excluded from subsequent analyses (Figure 4D-E). After removing
GLM, we performed an intersection analysis among the other seven algorithms to determine consensus feature genes,
defined as those selected by a minimum of three models. An Upset plot was created to illustrate the shared feature genes
identified by each method (Figure 4F). This integrative approach ultimately yielded four hub DEGs strongly associated
with sepsis-induced ALI: DDAH2, PNPLA2, STXBP2, and TCNI1. Validation within the training cohort demonstrated
that all four genes were markedly upregulated in sepsis-induced ALI patient samples relative to controls (Figure 4G-J),
indicating these hub genes likely have critical functions in the development and progression of the disease.

Establishment of Diagnostic Prediction Model

To assess the diagnostic value of the key genes in sepsis-induced ALI, a nomogram model was constructed integrating
the four hub genes (DDAH2, PNPLA2, TCNI1, and STXBP2) (Figure 5SA). In this model, each gene is assigned a score
proportional to its expression level, and the cumulative score is used to estimate the individual probability of developing
sepsis-associated ALI Higher total scores indicate increased disease risk. Model performance was first assessed using
a calibration curve, which demonstrated a strong concordance between predicted probabilities and actual outcomes,
indicating excellent calibration and predictive accuracy (Figure 5B). Subsequently, DCA was conducted to evaluate the
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nomogram’s clinical usefulness over various threshold probabilities. The nomogram consistently outperformed the gray
line (representing net benefit of treating all or none), and the individual DCA curves for DDAH2, PNPLA2, STXBP2,
and TCN1 showed that patients would derive tangible clinical benefit from the nomogram within the high-risk threshold
range of 0.4 to 1.0. Notably, the overall net benefit of the nomogram surpassed that of models based on each single gene
alone (Figure 5C). ROC curve analysis further supported the discriminative power of the model. The nomogram achieved
an AUC of 0.834, while the individual genes also exhibited good diagnostic performance: DDAH2 (AUC = 0.792),
PNPLA2 (AUC = 0.709), STXBP2 (AUC = 0.721), and TCN1 (AUC = 0.770) (Figure 5D). To assess the model’s
generalizability, we validated it in two independent external datasets (GSE10361 and GSE3037), yielding AUCs of 0.722
and 0.797, respectively (Figure SE and F). These results underscore the robustness and clinical applicability of the
diagnostic model for distinguishing sepsis-induced ALI patients from healthy individuals.

Infiltration of Immune Cells Results

CIBERSORT analysis demonstrated notable changes in immune cell infiltration patterns when comparing septic ALI samples
to controls. Specifically, septic ALI tissues showed significantly increased proportions of plasma cells, naive CD4" T cells,
activated memory CD4" T cells, monocytes, MO macrophages, resting mast cells, and neutrophils (Figure 6A and B). In
contrast, naive B cells, memory B cells, CD8" T cells, regulatory T cells (Tregs), resting NK cells, M2 macrophages, and
activated dendritic cells were relatively reduced in the septic ALI group. Correlation analysis further revealed significant
associations between the expression of DDAH2, PNPLA2, STXBP2, and TCNI1 and the infiltration levels of various immune
cell subsets (Figure 6C-F). Specifically, DDAH2 expression was positively correlated with MO macrophages (r = 0.27, P =
0.019) and showed a borderline positive association with naive CD4" T cells (r = 0.22, P = 0.067), while negatively correlating
with CD8" T cells (r=—0.30, P = 0.010) and resting NK cells (r=—0.27, P =0.019) (Figure 6C). PNPLA2 expression showed
a positive correlation with Tregs (r = 0.47, P < 0.001) and MO macrophages (r = 0.35, P = 0.002), while it was inversely
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Figure 6 Immune cell infiltration in Normal and sepsis-induced ALl samples. (A) The percentage of the 22 immunocytes identified via the CIBERSORT arithmetic. (B) The
diversities in the architecture of immunocytes between Normal and sepsis-induced ALI samples. (C-F) Correlation analysis between feature genes and immune cells. A
larger circle shows a stronger correlation. A higher density of green color shows a more robust association.

correlated with yd T cells (r=—0.47, P <0.001) and follicular helper T (Tth) cells (r=—0.37, P=0.001) (Figure 6D). STXBP2
expression was positively linked to MO macrophages (r = 0.38, P < 0.001) and Tregs (r = 0.27, P = 0.020), while showing
negative correlations with Tth cells (r = —0.31, P = 0.008) and activated memory CD4" T cells (r = —0.27, P = 0.020)
(Figure 6E). Similarly, TCN1 expression correlated positively with MO macrophages (r = 0.40, P < 0.001) and naive CD4"
T cells (r =0.37, P =0.001), but negatively with Tth cells (r = —0.29, P = 0.014) and memory B cells (r = —0.25, P = 0.037)
(Figure 6F). Overall, these results indicate that these hub genes may play important roles in septic ALI development by
influencing immune cell infiltration and their functional landscape in the lung microenvironment.
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Screening of Therapeutic Targets

To identify potential therapeutic compounds targeting the hub genes DDAH2, PNPLA2, STXBP2, and TCNI, we
performed a drug—gene interaction analysis using the DSigDB database via the Enrichr platform. This analysis identified
resveratrol as a promising candidate compound for the treatment of septic ALI. Resveratrol is a naturally occurring
polyphenolic compound known for its anti-inflammatory, antioxidant, and anti-apoptotic properties, suggesting its
therapeutic potential may be mediated through modulation of the expression or function of these hub genes. To further
assess this potential, we conducted molecular docking analyses to evaluate the binding affinities between resveratrol and
the four candidate targets. The docking scores were as follows: DDAH2, —8.0 kcal/mol; PNPLA2, —7.6 kcal/mol;
STXBP2, —7.0 kcal/mol; and TCN1, —7.7 kcal/mol (Figure 7A-D). Among these, DDAH2 exhibited the strongest
binding affinity (Figure 7A). Further examination of the interaction interfaces revealed that resveratrol engages in
multiple non-covalent interactions with the target proteins, including conventional hydrogen bonds, carbon—hydrogen
bonds, and pi—alkyl interactions (Figure 7A-D).

Molecular Dynamic Simulation Analyses

To assess the structural stability and conformational flexibility of the Resveratrol-DDAH?2 complex at the atomic level,
a 100-nanosecond all-atom molecular dynamics simulation (MDS) was performed using the GROMACS software suite.
Post-simulation, trajectory analyses were conducted with built-in tools to calculate key structural and energetic para-
meters, including the root-mean-square deviation (RMSD), root-mean-square fluctuation (RMSF), number of hydrogen
bonds, radius of gyration (Rg), and free energy landscape. RMSD analysis revealed minimal global conformational
fluctuations throughout the simulation, indicating that the Resveratrol-DDAH2 complex maintained a stable structural
conformation over time (Figure 8A). RMSF profiling further demonstrated low flexibility across most amino acid
residues, suggesting a high degree of rigidity within the protein backbone (Figure 8B). Hydrogen bond analysis identified
persistent interactions between Resveratrol and DDAH2, which likely contribute to the overall stability of the complex
(Figure 8C). The Rg, a metric used to assess the compactness of the protein structure during simulation, remained within
a relatively narrow range, indicating that the complex retained its spatial integrity without significant expansion or
collapse (Figure 8D). Moreover, the free energy landscape illustrated a well-defined and energetically favorable
conformational basin, further supporting the stability of the complex (Figure 8E and F). Collectively, these molecular
dynamics results suggest that the Resveratrol-DDAH2 complex exhibits robust conformational stability and favorable
dynamic behavior over the simulated timescale.

Resveratrol Reversed the Expression of Target Genes to Alleviate LPS-Induced ALI
We next evaluated the protective effects of Resveratrol against LPS-induced injury in BEAS-2B epithelial cells. To
establish an in vitro model of ALI cells were exposed to increasing concentrations of LPS (0, 2.5, 5, and 10 pg/mL) for
24 hours. LPS treatment reduced cell viability in a dose-dependent manner, with a pronounced decline to 49.2% observed
at 5 ng/mL (Figure 9A), which was subsequently selected as the optimal concentration for model induction. To assess the
therapeutic potential of Resveratrol, cells were pretreated with 10 uM Resveratrol for 1 hour prior to LPS exposure.
CCK-8 assays demonstrated that Resveratrol significantly restored cell viability following LPS stimulation (Figure 9B).
Morphological examination revealed that LPS exposure induced pronounced cytopathic changes in BEAS-2B cells,
including cellular shrinkage and reduced density, whereas Resveratrol pretreatment mitigated these effects and partially
preserved cellular integrity (Figure 9C). We further investigated whether Resveratrol modulates the expression of the
identified hub genes DDAH2, PNPLA2, STXBP2, and TCN1 under inflammatory stress. Both mRNA and protein levels
of these genes were quantified by RT-qPCR and Western blotting, respectively. As expected, LPS stimulation signifi-
cantly upregulated the expression of all four genes compared to untreated controls. Notably, pretreatment with
Resveratrol markedly reversed these LPS-induced transcriptional and translational changes (Figure 9D-L), suggesting
that Resveratrol may exert its protective effects, at least in part, through regulation of these targets.
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Discussion

Sepsis is a major cause of mortality in intensive care units, with ALI being one of its most common and fatal

complications, often progressing to multiorgan dysfunction. Despite its clinical significance, the pathogenesis of sepsis-

induced ALI remains poorly understood, and effective diagnostic or therapeutic strategies are still lacking. Although
several biomarkers have been proposed, early diagnosis remains challenging due to the disease’s heterogeneity and
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nonspecific early symptoms.?*** Therefore, identifying reliable biomarkers and understanding the underlying immune
mechanisms are critical for improving early diagnosis and treatment.

In recent years, the integration of bioinformatics with machine learning approaches has offered novel strategies for
the identification of disease-associated biomarkers.>>*® In this study, we combined these computational techniques to
identify potential diagnostic markers for sepsis-induced ALI and systematically characterized the landscape of immune
cell infiltration, thereby providing new insights into the immunosuppressive mechanisms underlying this condition. We
integrated three publicly available gene expression datasets from the GEO database (GSE10474, GSE32707, and
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GSE66890) and applied batch effect correction prior to downstream analysis. A total of 771 DEGs were identified
between sepsis-induced ALI and control samples. Intersecting DEGs with co-expression modules derived from WGCNA
yielded 213 candidate genes. GO enrichment analysis revealed that these genes are predominantly involved in the
regulation of inflammatory responses, leukocyte migration, bacterial pattern recognition, phagocytosis, lipopolysacchar-
ide responses, and immune receptor activity. Additionally, KEGG pathway analysis demonstrated significant enrichment
in immune-related pathways, including the NF-kB pathway, NOD-like receptor signaling, NK cell-mediated cytotoxicity,
Fcy receptor-mediated phagocytosis, and chemokine signaling.

Subsequently, using eight distinct machine learning algorithms, we further identified four candidate biomarkers closely
associated with sepsis-induced ALI: DDAH2, PNPLA2, STXBP2, and TCNI1. To our knowledge, this is the first study to
experimentally validate the altered expression of these genes in an LPS-induced in vitro model of ALI. The experimental
results were consistent with the bioinformatic predictions, and ROC curve analyses further demonstrated their potential
diagnostic value. Among these, DDAH2, located in the major histocompatibility complex (MHC) class III region on
chromosome 6, is the only isoform of DDAH expressed in immune cells.?”-** Polymorphisms in the DDAH2 promoter have
been linked to sepsis prognosis,”>*® implicating its role in immune regulation. PNPLA2, also known as adipose triglyceride
lipase (ATGL), is essential for triglyceride hydrolysis, yielding free fatty acids (FFAs) and glycerol. Although ATGL has
traditionally been implicated in cold-induced thermogenesis through the activation of uncoupling protein 1 (UCP1) in
brown adipose tissue, emerging evidence suggests that this function may not fully explain its biological role.>' For instance,
Jha et al*? reported that adipose-specific ATGL deletion in mice reduces fat browning, lowers circulating FFAs, and
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mitigates burn-induced hepatomegaly, indicating broader immunometabolic effects. STXBP2 is a core component of the
platelet SNARE complex>? and has been implicated in platelet activation, NETosis, and immunothrombosis during sepsis;
however, its role in neutrophils and in the pathogenesis of ALI remains largely unexplored. TCN1 was previously shown to
be significantly upregulated in neutrophil degranulation—related gene sets from bronchoalveolar lavage fluid of patients
with severe influenza,>* though its functional role in sepsis-induced ALI has not been fully elucidated.

A key pathological feature of sepsis-induced ALI is the excessive and dysregulated inflammatory response. In
addition to the activation of innate immune cells, adaptive immune cells such as B cells and T cells infiltrate the lung
in substantial numbers and actively contribute to disease progression. Notably, immune cell infiltration is increasingly
recognized as a central driver of ALI pathogenesis in sepsis.35’36 CD4" T cells are particularly susceptible to apoptosis
during sepsis, leading to immune paralysis and secondary infections.’”*®* A Moreover, intestinal activation of CD4"
T cells can reduce regulatory T cell (Treg) populations, thereby exacerbating systemic immune activation and epithelial
barrier disruption.’® Recurrent episodes of sepsis have been associated with CD4" T cell exhaustion, which correlates
with poor clinical outcomes.*® Other immune cell subsets may play context-dependent protective or deleterious roles.
Thus, a comprehensive understanding of immune cell infiltration dynamics is critical for elucidating sepsis pathology and
for identifying potential immunotherapeutic targets. In our study, we found that the expression of DDAH2, PNPLA2,
STXBP2, and TCN1 was closely associated with distinct immune cell infiltration patterns, suggesting that these genes
may modulate immune responses and influence the progression of ALI. Further preclinical and clinical studies are
warranted to explore their mechanistic roles and validate their clinical utility.

To identify potential therapeutic compounds, we queried the DSigDB database and identified resveratrol as a small
molecule capable of interacting with the four candidate biomarkers. Molecular docking and molecular dynamics simulations
supported strong binding affinity between resveratrol and each target. Resveratrol (trans-3,5,4"-trihydroxystilbene), a naturally
occurring polyphenolic compound found in grapes and berries, is well recognized for its potent antioxidant activity.*' * In
addition to its antioxidative effects, resveratrol has demonstrated anti-inflammatory and anti-proliferative properties in diverse
disease models.***® Previous studies have shown that resveratrol alleviates pulmonary edema, airway inflammation,
endotoxin-induced acute-phase responses, and joint degeneration. In our in vitro experiments, resveratrol pretreatment
significantly improved the viability of LPS-treated BEAS-2B cells. Mechanistically, LPS exposure suppressed the mRNA
and protein levels of DDAH2, PNPLA2, STXBP2, and TCN1, whereas resveratrol effectively reversed these alterations.
These results suggest a potential cytoprotective role for resveratrol in mitigating LPS-induced lung epithelial injury.
Nonetheless, further mechanistic studies are necessary to delineate the specific signaling pathways involved.

Conclusion

In this study, we systematically integrated multiple GEO datasets to identify differentially expressed genes associated
with sepsis-induced ALIL. By combining WGCNA with eight distinct machine learning algorithms, we identified four core
diagnostic genes: DDAH2, PNPLA2, STXBP2, and TCNI1. A diagnostic model constructed based on these genes
exhibited robust predictive performance and effectively discriminated patients with sepsis-associated ALI from healthy
controls. Subsequent drug screening suggested that Resveratrol may exert protective effects by targeting these four hub
genes. Both molecular docking and in vitro cellular assays validated its therapeutic potential. Together, our findings
provide a novel molecular framework for early diagnosis and targeted intervention in sepsis-induced ALI. Nonetheless,
further clinical and mechanistic investigations are essential to confirm and extend these observations.
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