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Sepsis, marked by hyperinflammation and subsequent immunosuppression, lacks effective phase-
specific therapies. Although anisodamine hydrobromide (Ani HBr) reduced 28-day mortality in our prior 
trial, its mechanisms remained unclear. Here, we integrated network pharmacology, machine learning, 
immunological profiling, molecular simulations, and single-cell transcriptomics to elucidate Ani HBr’s 
multi-target actions. Among 30 cross-species targets, ELANE and CCL5 emerged as core regulators via 
protein interaction networks, survival modeling (AUC: 0.72–0.95), and statistical significance (p < 0.05). 
Ani HBr inhibited ELANE-driven NET formation (HR = 1.176), associated with immunosuppression 
and endothelial damage, while enhancing CCL5-related cytotoxic T-cell recruitment (HR = 0.810). 
Docking and dynamics simulations showed Ani HBr binds ELANE’s catalytic cleft, suggesting direct 
inhibition of its enzymatic activity, and interacts stably with CCL5 at potential receptor-binding 
interfaces, indicating a modulatory role. Single-cell analysis revealed ELANE upregulation in CCI-phase 
neutrophils and widespread yet stage-specific CCL5 expression. These findings support Ani HBr as a 
phase-tailored agent that targets ELANE in early hyperinflammation while preserving CCL5-mediated 
immunity. The ELANE/CCL5 prognostic model offers a framework for precision immunotherapy in 
sepsis.

Sepsis is increasingly viewed as a complex immunometabolic syndrome in which a dysregulated host response 
drives organ injury and dysfunction1,2. An early hyperinflammatory phase ,driven by cytokines such as TNF-α, 
IL-1β and IL-6, often gives way to profound immunosuppression and metabolic dysregulation3,4. Metabolic 
byproducts play active signaling roles: for example, lactate accumulates during sepsis and feeds back on immune 
cells. Lactate transporters MCT1 and MCT4 and the lactate receptor GPR81 mediate immunosuppressive 
signals5. At the same time, sepsis induces mitochondrial dysfunction and ion channel perturbations6. For 
instance, opening the mitochondrial ATP-sensitive K^ + channel (mitoK_ATP) has been reported to attenuate 
inflammation in sepsis models7. These interwoven immune–metabolic–microenvironmental perturbations 
underscore why sepsis outcomes are hard to predict and why effective therapies remain elusive.

Anisodamine hydrobromide (Ani HBr), a belladonna alkaloid isolated from Solanaceae plants and 
synthesized in 1975, has demonstrated clinical efficacy in reducing 28-day mortality in septic shock patients8. 
While its microcirculatory benefits (endothelial stabilization, platelet inhibition) are well-documented9,10, Ani 
HBr’s immunomodulatory mechanisms remain elusive. Emerging evidence suggests Ani HBr ameliorates sepsis 
via multi-target actions: (1) suppressing neutrophil extracellular trap (NET) formation by inhibiting NLRP3 
inflammasome activation11; (2) enhancing cytotoxic T-cell recruitment through chemokine signaling12; and (3) 
stabilizing endothelial glycocalyx to mitigate vascular leakage13. However, no studies have systematically linked 
these effects to specific gene networks or clinical stratification.

To address this knowledge gap, we adopted a systems-level strategy that leverages complementary 
computational experiment. Network pharmacology was first applied to reconstruct a comprehensive drug–
target–gene–pathway network for AniHBr. This approach is well suited to multi-component, multi-target agents, 
as it analyzes complex interaction networks rather than a single target14,15. Machine learning was employed 
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on high-dimensional transcriptomic and clinical datasets to identify prognostic biomarkers and key genes 
associated with sepsis severity. Modern machine learning algorithms excel at extracting informative features 
from genome-wide expression data and can suggest candidate therapeutic targets16,17. Molecular dynamics 
(MD) simulations with end-point MM-PBSA free-energy calculations were then used to validate and quantify 
predicted AniHBr–protein interactions. Since experimental determination of ligand–protein binding can be 
challenging, in silico MD provides a practical complement18,19. Single-cell RNA sequencing was utilized to 
resolve the cellular heterogeneity of the immune response. Single-cell analysis can reveal distinct subpopulations 
and states that are differentially regulated20, such single-cell resolution makes it possible to trace how AniHBr 
might shift specific immune cell subsets or their metabolic states during sepsis.

In this study, network pharmacology systematically maps predicted drug–target–pathway interactions, 
identifying candidate proteins and signaling modules relevant to sepsis. Machine learning analyzes large-scale 
omics and clinical datasets to construct a sepsis prognostic model, through which it identifies key outcome-
associated genes and thus enhances the precision of predicting compound–target interactions. Molecular 
dynamics simulations are used to validate predicted interactions by simulating Ani HBr binding to candidate 
targets and assessing the stability of the drug–protein complex over time. Single-cell RNA sequencing provides 
cellular context by revealing which immune subsets express the targets and how sepsis perturbs their states. 
Together, these methods test the hypothesis that Ani HBr modulates the ELANE–CCL5 axis—a dual regulatory 
node linking neutrophil elastase-driven NETosis (ELANE) and adaptive chemokine signaling (CCL5)—to 
reconcile sepsis’s dysregulated immune response. By linking systems-level target discovery and cell-specific 
expression profiles with molecular binding validation, this integrative pipeline bridges mechanistic insight and 
personalized prognostic modeling, ultimately informing targeted therapeutic strategies.

Methods
Identification of Ani HBr-sepsis intersecting genes
Sepsis-related genes were curated from GEO21 (GSE65682; sepsis vs. healthy controls) and GeneCards22 
(score ≥ 0.5). Differentially expressed genes (DEGs) were identified using the limma R package (v4.4.1; 
adjusted p < 0.05, |fold change|> 1). Ani HBr targets were predicted via Swiss Target Prediction23, SuperPred24, 
PharmMapper25, TargetNet26, and SEA27 databases using its PubChem28-derived SMILES (CID: 118856046). 
Intersecting genes between Ani HBr targets, sepsis DEGs, and GeneCards-derived sepsis genes were identified 
using Venn analysis.

Functional enrichment analysis
Gene Ontology29 (GO; biological process, cellular component, molecular function) and Kyoto Encyclopedia of 
Genes and Genomes30 (KEGG) pathway analyses were performed using clusterProfiler package31 in R. Terms 
with adjusted p ≤ 0.05 (GO) or p ≤ 0.05 (KEGG) were considered significant.

Protein–protein interaction (PPI) network construction
The STRING database32 (confidence score > 0.7) was used to construct PPI networks, visualized and analyzed 
in Cytoscape33 (v3.10.2). Hub genes were identified via the CytoHubba34 plugin using maximal clique centrality 
(MCC) algorithm, selecting the top seven ranked genes.

Machine learning-based prognostic modeling
A cohort of 479 sepsis patients (GSE65682) was randomly split into training (70%) and validation (30%) sets. 
Ten algorithms (RSF, Enet, StepCox, etc.) with 117 combinations were evaluated using the Mime R package35. 
Model performance was assessed via Harrell’s C-index, with the optimal model (StepCox[forward] + RSF) 
selected based on highest average C-index. To further elucidate how each selected feature gene contributes to 
the model’s predictive performance, we employed the survex R package and applied the SurvLIME method for 
feature‐importance evaluation. SurvLIME constructs a local surrogate Cox proportional‐hazards model around 
each observation, approximating the complex survival model in its immediate neighborhood, and then uses the 
surrogate’s coefficients to quantify the importance of each variable36. By attributing a clear contribution score to 
each gene, this approach enhances the interpretability of our prognostic model..

Survival analysis
Three prognostic genes were identified by intersecting PPI hub genes with machine learning-derived features. 
Univariate Cox regression (p < 0.05) and Kaplan–Meier analysis (log-rank test) assessed survival associations. 
Multivariate Cox regression (p < 0.05) identified prognostic targets.

Risk score model development
A risk score (RS)37 was calculated as: RS = h0 (t) ∗ exp(β1χ1 + β2χ2 + · · · + βnχn), where βn represents 
the Cox regression coefficient for each gene, χn denotes the log2-transformed normalized expression value of 
the corresponding gene, and h0 (t) is baseline hazard function. Patients were stratified into high/low-risk groups 
using RS. Model performance was validated via time-dependent ROC curves (AUC), Kaplan–Meier survival, 
and nomogram-based 7-/14-/28-day mortality prediction. Decision curve analysis (DCA) quantified clinical 
net benefit.

Immune profiling and checkpoint analysis
We applied the CIBERSORT algorithm38 via the immunedeconv R package39 to the GSE65682 gene expression 
dataset, using the LM22 signature matrix to quantify the relative abundance of 22 immune cell subpopulations. 
Patients were stratified into high- and low-risk groups according to the ELANE/CCL5-derived RS, and differences 
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in immune cell infiltration between these groups were assessed by Student’s t-test (p < 0.05). Next, we downloaded 
a panel of 50 experimentally validated immune checkpoint genes (inhibitory molecules such as PD-1, CTLA-
4, TIM-3 and co-stimulatory molecules such as CD28, ICOS) from the ImmPort database40 and intersected 
this list with sepsis differentially expressed genes to identify 29 significantly dysregulated checkpoints—among 
them PD-L1 (CD274), TIM-3 (HAVCR2), LAG3, and CD28. Finally, we compared checkpoint gene expression 
between high- and low-risk groups and evaluated the correlation between RS and checkpoint expression using 
Spearman’s rank correlation.

Molecular docking
The 3D structure of Ani HBr (PubChem CID 118,856,046)28 was downloaded from PubChem (accessed Jan 24, 
2025), converted from SDF to MOL2 via Open Babel GUI, and prepared in AutoDock Tools by defining the root 
atom, setting rotatable bonds, adding Gasteiger charges and polar hydrogens, then saving as PDBQT. Protein 
structures were retrieved from the Protein Data Bank (accessed May 28, 2025): ELANE (PDB ID: 5ABW, chain 
A; resolution 1.60 Å) and CCL5 (PDB ID: 5CMD; resolution 3.09 Å)41. Structures were prepared in PyMOL by 
removing crystallographic waters and ligands and exporting as clean PDB files. Using AutoDock Tools, polar 
hydrogens were added and nonpolar hydrogens merged on both protein and ligand structures, and ligand 
rotatable bonds were defined. For ELANE (5ABW), the docking grid was centered at (x = 16.25, y = –27.09, 
z = 0.40) with box dimensions of 39.75 × 42.00 × 38.25 Å; for CCL5 (5CMD), the grid was centered at (x = –44.83, 
y = 25.87, z = –13.75) with box dimensions of 47.25 × 47.25 × 47.25 Å. Molecular docking was performed using 
AutoDock Vina 1.1.2 to predict protein–ligand binding poses. The lowest-energy conformations were selected 
based on Vina scoring, then visualized and analyzed in PyMOL and Discovery Studio 2019 to identify key 
interactions between Ani HBr and target residues.

Molecular dynamics simulation (MDS)
Molecular dynamics (MD) simulations were carried out using GROMACS 2022. Protein and ligand topologies 
were generated via the pdb2gmx tool (CHARMM3642 force field for ELANE/CCL5) and the AutoFF web server 
(CGenFF parameters for Ani HBr), respectively. Each complex was solvated in a cubic TIP3P water box with a 
1.0 nm buffer43, and neutralized by adding counter-ions via gmx genion. Long-range electrostatics were treated 
with the Particle Mesh Ewald (PME) method (cutoff = 1.0 nm), and all bonds were constrained using the LINCS 
algorithm. Simulations employed the leap-frog (Verlet) integrator with a 1 fs timestep. Prior to dynamics, each 
system underwent energy minimization by the steepest-descent algorithm (3,000 steps), followed by position-
restrained minimizations in three stages: (1) restraining the protein/ligand heavy atoms while relaxing solvent; 
(2) restraining counter-ions while relaxing the rest of the system; and (3) unrestrained minimization of all atoms. 
Production runs were performed in the isothermal–isobaric (NPT) ensemble at 310 K and 1 bar for 100 ns, 
with temperature and pressure maintained using the velocity-rescaling thermostat and Parrinello–Rahman 
barostat, respectively. Trajectory analyses—including root-mean-square deviation (RMSD), root-mean-square 
fluctuation (RMSF), hydrogen bonds, radius of gyration (Rg), and solvent-accessible surface area (SASA)—were 
computed using gmx rms, gmx rmsf, gmx hbond, gmx gyrate, and gmx sasa. Finally, binding free energies of 
each protein–ligand complex were estimated via the g_mmpbsa tool implementing the MM-PBSA method.

Single cell analysis
Single-cell RNA-seq data (GSE175453) were retrieved from GEO, comprising five healthy controls and four 
sepsis patients (one rapidly recovering [RAP], three chronic critical illness [CCI]) with peripheral blood 
myeloid-enriched and PBMC mixtures. Data were processed in Scanpy44: cells with < 300 detected genes, > 20% 
mitochondrial reads, or outlier ribosomal/hemoglobin expression were removed, and genes expressed in < 5 cells 
were excluded. Counts were normalized to 10,000 UMIs per cell and log₁₀-transformed. The top 2,000 highly 
variable genes were identified, and PCA was performed on these features, retaining 50 principal components. 
Harmony corrected batch effects on these PCs before constructing a k-nearest neighbor graph (k = 20) using 
the first 15 Harmony-adjusted PCs. Leiden clustering (resolution = 1.6) defined cell communities, which were 
visualized by UMAP. Automated annotation via CellTypist’s45 immune reference was refined manually using 
canonical markers, identifying major myeloid, lymphoid, and rare cell types. Monocle 3 pseudotime analysis46, 
using classical monocytes as the root, ordered cells along inferred trajectories and calculated entropy to reveal 
dynamic differentiation and branching during sepsis progression.

Results
Identification of intersecting genes in Ani HBr and sepsis
Figure 1 outlines the overall workflow of the study. Figure 2 displays the collection of Ani HBr target genes 
derived from five databases, resulting in a set of 484 Ani HBr-related genes. Using k-means clustering on the 
PPI network derived from STRING, the 484 genes were grouped into five clusters (Supplementary Figure 
S1). To ensure the quality of the GSE65682 dataset, a heatmap, volcano plot, and PCA plot were generated 
(Supplementary Figure S2). We identified 975 differentially expressed genes associated with sepsis and retrieved 
3,010 sepsis-related target genes from the GeneCards database. The intersection of these datasets yielded 30 
intersecting genes, as depicted in the Venn diagram (Fig.  3A). Figure  3B shows a heatmap comparing the 
expression levels of these 30 genes among sepsis survivors, non-survivors, and healthy individuals. For example, 
genes such as FKBP1B, ARG1, and CTSD exhibit elevated expression in sepsis patients compared to healthy 
controls, whereas genes such as STAT1, PDE4B, and CFD display reduced expression in sepsis. Notably, these 
differences are consistent across survivors and non-survivors. Figure 3C illustrates the correlation matrix among 
these 30 genes, highlighting strong positive correlations between ELANE and CTSG, as well as MMP9 and 
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ARG1, which suggests possible co-regulation and functional relatedness. Conversely, AKR1B1 shows strong 
negative correlations with MAPK14 and TLR8, implying potential antagonistic roles in sepsis pathophysiology.

Gene ontology (GO) and KEGG pathway enrichment analysis of intersecting genes
The 30 intersecting genes were subjected to GO and KEGG enrichment analyses. KEGG pathway analysis (Fig. 4) 
indicate that elevated ELANE expression is associated with pathological activation of pathways such as NETosis, 
IL-17 signaling, TLR, and TNF, which together perpetuate a "inflammation-damage-reinflammation" vicious 

Fig. 2.  Ani HBr targets were predicted using five databases: Swiss Target Prediction, Super-PRED, 
PharmMapper, TargetNet, and SEA. The union of the predicted targets from these databases resulted in a total 
of 484 genes.

 

Fig. 1.  The overall workflow of the study.
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cycle in sepsis. This cycle significantly increases mortality risk. In contrast, low CCL5 expression correlates 
with inhibition of chemokine signaling, impaired Th1 differentiation, and metabolic defects such as purine 
metabolism, nucleotide metabolism and folate biosynthesis. Downregulation of these pathways contributes 
to failed immune cell recruitment (due to insufficient CCL5) and persistent immune suppression (due to 
T-cell and NK cell dysfunction). GO biological process (GO-BP) analysis (Fig. 5A) highlighted responses to 
lipopolysaccharide and bacterial-derived molecules, while GO cellular component (GO-CC) analysis (Fig. 5B) 
indicated enrichment in processes related to ribonucleotide metabolism. GO molecular function (GO-MF) 
analysis (Fig.  5C) showed associations with specific granules. Collectively, these pathways regulate immune 
responses, inflammation, and cellular responses to pathogens (e.g., bacteria and viruses) and encompass both 
innate (e.g., TLR signaling, NOD-like receptor signaling, leukocyte migration, and chemotaxis) and adaptive 
immune mechanisms (e.g., T cell differentiation, PD-1/PD-L1 pathway), in addition to processes related to 
organelle function, metabolism, and extracellular matrix remodeling. Together, these biological processes 
underpin the body’s defense against pathogens while playing crucial roles in inflammation, immune regulation, 
and tissue repair.

Fig. 4.  KEGG pathway enrichment analysis of the 30 intersecting genes, with red bars representing 
upregulated genes and green bars representing downregulated genes.

 

Fig. 3.  Intersection and Expression Analysis of Ani HBr Targets, GeneCards Sepsis Genes, and DEGs 
(A) Venn diagram of Ani HBr targets (blue), GeneCards–derived sepsis genes (yellow), and DEGs from 
GSE65682 (green), identifying 30 overlapping genes, including STAT1, PDE4B, and CFD. (B) Heatmap of 
the 30 intersecting genes across healthy controls (left), non-survivor sepsis patients (middle), and survivor 
sepsis patients (right); red and green indicate high and low expression, respectively. (C) Pairwise correlation 
analysis among key genes: each tile represents the correlation between two genes, with red indicating positive 
correlation and blue indicating negative correlation; color intensity corresponds to the strength of the 
correlation (e.g., ELANE–CTSG and MMP9–ARG1 show strong positive associations, whereas AKR1B1–
MAPK14 and AKR1B1–TLR8 are negatively correlated).
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PPI analysis for identifying key genes related to Ani HBr and sepsis
The protein–protein interaction (PPI) network constructed using the STRING database (interaction score > 0.7) 
comprised 19 nodes and 21 edges (Supplementary Figure S3); 11 genes did not interact with others. Using the 
Cytoscape CytoHubba plug-in with the MCC algorithm, the top seven hub genes—CCL5, LCN2, CTSG, MMP9, 
MMP8, ELANE and STAT1—were identified (Fig. 6).

Machine learning for identifying key genes related to Ani HBr and sepsis
To identify key genes influencing 28-day survival, we selected 479 sepsis patients and divided them into training 
and validation cohorts based on the 30 intersecting genes. In the training cohort, 117 algorithm combinations 
were fitted using the “Mime” R package to construct a prognostic model, and the average C-index was calculated 
for each algorithm in internal validation (Supplementary Fig. S4). When C-index values were similar, models 
with fewer hub genes were preferred. As a result, the StepCox[forward] + RSF combination was selected as the 
final model, achieving a C-index of 0.95 in the training set and 0.7 in the validation set, both demonstrating 

Fig. 6.  Identification of key genes using the CytoHubba plugin, resulting in the selection of 7 hub genes.

 

Fig. 5.  (A–C) GO enrichment analysis of the 30 intersecting genes across Biological Processes (BP), Cellular 
Components (CC), and Molecular Functions (MF), respectively, depicted as dot plots where each dot 
represents a gene.
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good calibration (Fig. 7). Figure 8A illustrates the trend of the out-of-bag (OOB) error rate, which stabilizes 
when ntree > 1000. Figure 8B ranks the importance of the seven genes selected by StepCox[forward] + RSF, with 
FKBP1B, ELANE, and CCL5 identified as the top three. The model was then used to predict 7-day, 14-day, and 
28-day mortality in the validation cohort, with AUC values of 0.737, 0.734, and 0.72, respectively (Supplementary 
Fig. S5). Figure 9 provides a time-dependent interpretation of the selected genes. Figure 9A presents a local 
explanation for a specific patient, showing the daily influence of the seven genes on 28-day survival predictions 
since admission. We utilized the SurvLIME explanation method to analyze key feature importance and model 
predictive capabilities. Figure  9B combines model interpretability analysis of one patient subset. The left 
panel displays local feature importance derived from SurvLIME, while the right panel compares the survival 
functions of the black-box model and the SurvLIME explanation model. ARG1, CCL5, and LCK exhibit the 
highest local importance. ARG1 positively influences survival probability (green bars), whereas CCL5 and 
LCK show negative impacts (red bars), suggesting potential associations with adverse outcomes. The black-box 

Fig. 8.  Error Rate and Feature Importance of the StepCox[forward] + RSF Model (A) Out-of-bag error rate 
across 3,000 trees in the validation cohort, with a minimum error of 0.30. (B) Importance ranking of the seven 
selected genes—FKBP1B, ELANE, CCL5, ARG1, LCK, DCUN1D1, and CTSG—where higher scores indicate 
greater contribution to model performance.

 

Fig. 7.  Concordance index (C-index) of the StepCox[forward] + RSF model in the training (blue) and 
validation (green) cohorts, showing C-indices of 0.95 and 0.70, respectively, with calibration indicating good 
model performance.
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model (blue line) predicts higher survival probabilities, indicating its advantage in capturing complex nonlinear 
relationships. The SurvLIME explanation model (green line) predicts slightly lower survival probabilities but 
follows a similar trend, demonstrating that SurvLIME effectively captures key influencing factors and validates 
the reliability of feature importance.  Figure  10 illustrates the time-dependent feature importance within the 
model. Feature importance is defined as "1 minus the C/D AUC loss," reflecting each feature’s contribution 

Fig. 10.  Global, Time‐Dependent Feature Importance of the StepCox[forward] + RSF Model Lines represent 
each gene’s importance over time, measured by changes in dynamic AUC loss. CCL5 consistently shows the 
highest importance at all time points, with its influence increasing over the course of prediction. FKBP1B, 
LCK, ARG1, and ELANE also maintain high and stable importance, indicating their sustained contributions to 
survival risk estimation.

 

Fig. 9.  Local Explanation of the StepCox[forward] + RSF Model (A) Local feature contributions for a 
representative patient, showing each gene’s positive (green) or negative (red) impact on predicted 28-day 
mortality; ARG1 has the strongest positive effect, while CCL5 and LCK exert negative effects. (B) Comparison 
of the “black-box” RSF survival curve (blue) with the SurvLIME‐explained survival function (green), both 
starting at 1.00 and declining over time, demonstrating that SurvLIME closely approximates the model’s 
predictions.
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to the model’s predictive performance across different time points.  CCL5 consistently emerges as the most 
important feature, with its importance slightly increasing over time. This suggests its pivotal role in the model 
and potential relevance to inflammatory response and immune regulation. FKBP1B, LCK, ARG1 and ELANE 
also exhibit high and relatively stable importance, indicating sustained influence on survival predictions. 
Supplementary Figure S6 presents the model’s predictive performance over time, assessed using the Brier Score 
and C/D AUC metrics. The Brier Score is low in the early time periods and increases in later stages but still 
lower than 0.5, indicating high predictive accuracy. The model’s C/D AUC approaches 1 initially, reflecting 
excellent discriminative capacity. Although it decreases slightly over time, it stabilizes around 0.91, maintaining 
strong discriminative performance. These findings provide robust data support for the model’s reliability and 
interpretability, demonstrating the effectiveness of machine learning approaches in survival analysis.

Identification of prognostic genes related to Ani HBr and sepsis (PGRAS) and construction of 
a risk score model
The intersection of the seven machine learning-selected genes with the seven hub genes yielded three key 
prognostic genes (Fig.  11A). Correlation analysis (Fig.  11B) revealed a strong positive correlation between 
ELANE and CTSG. Based on median expression levels, each gene was categorized into high- and low-expression 
groups. Univariate Cox regression analysis (Supplementary Fig. S7) confirmed the prognostic significance of 
these genes, and Kaplan–Meier survival analyses demonstrated significant survival differences between high- 
and low-expression groups (Supplementary Fig. S8). Through multivariate Cox regression(Supplementary 
Fig. S9) with stepwise selection (p < 0.05), ELANE (p < 0.001, HR = 1.176) and CCL5 (p = 0.011, HR = 0.810) 
were identified as the final prognostic genes. A risk score (RS) was computed based on their expression and 
coefficients, stratifying patients into high- and low-risk groups (Fig.  12). Consistent with the hazard ratios, 
high-risk patients exhibited elevated ELANE and reduced CCL5 expression, and these patients had significantly 
worse survival outcomes (Fig. 13). Cox regression confirmed RS as an independent prognostic factor, with the 
prognostic model showing AUC values of 0.64, 0.65, and 0.64 for 7-, 14-, and 28-day ROC curves, respectively 
(Supplementary Fig. S10). Additionally, RS and patient age were independently associated with overall survival 
(OS) in multivariate analysis(Supplementary Fig. S11), and these factors were incorporated into a nomogram for 
predicting 7-, 14-, and 28-day OS (Supplementary Fig. S12).

Landscape of immune infiltration of PGRAS
CIBERSORT with the LM22 signature was applied to deconvolve 22 immune cell subsets from GSE65682 
bulk expression data (Supplementary Figure S13). Patients were stratified into high- and low-risk groups by 
ELANE/CCL5 risk score, retaining samples with P < 0.05 (Fig.  14). Two-sample t-tests (α = 0.05) revealed 
significant enrichment of regulatory T cells (Tregs; p = 0.02) and monocytes (p = 0.032) in the high-risk cohort 
(Supplementary Figure S14). This pattern suggests compensatory monocyte recruitment coupled with Treg‐
mediated immunosuppression and a shift toward reparative (M2-like) monocyte phenotypes.

Landscape of immune checkpoints of PGRAS
Expression of 29 differentially expressed immune checkpoints was compared between high- and low-risk sepsis 
patients (Fig. 15A). In the low-risk group, most checkpoints—including TMIGD2, ICOS, PDCD1, TNFSF14, 
TNFRSF9/14/25, CD27/28/70, CD86, IDO1, LAG3, NCR3, and TIGIT—were upregulated, indicating a 
robust anti-pathogen response with potential T cell exhaustion. In contrast, ENTPD1 and LAIR1 levels were 
elevated in the high-risk group, consistent with enhanced immunosuppression. The risk score (RS) exhibited 

Fig. 11.  (A) Venn diagram illustrating the intersection of genes identified through protein–protein interaction 
(PPI) network analysis and machine learning prognostic models, resulting in four key genes. (B) Correlation 
analysis among the 3 key genes.
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significant negative correlations with the majority of checkpoints (e.g., CD27/28/70, PDCD1, TIGIT, LAG3) and 
positive correlations with ENTPD1 and LAIR1 (Fig. 15B). Focusing on ELANE and CCL5 (Fig. 16), ELANE 
expression demonstrated inverse associations with CD160, CD274, CD44/48, HAVCR2, ICOS, IDO1, TIGIT, 
and various TNFRSF/TNFSF members, while correlating positively with CD27, suggesting a pro-inflammatory 
bias via downregulation of inhibitory pathways and upregulation of co-stimulatory signaling. Conversely, 
CCL5 displayed bidirectional correlations—positive with CD160, CD27/28/70, ICOS, LAG3, NCR3, PDCD1/
PDCD1LG2, TIGIT, TMIGD2, TNFRSF9/14/25, and TNFSF14, and negative with CD274, CD44/48, ENTPD1, 
HAVCR2, and LAIR1—reflecting its dual role in promoting effector cell recruitment while modulating 
specific immunosuppressive checkpoints. These distinct correlation patterns underscore ELANE’s and CCL5’s 
unique contributions to the sepsis immune checkpoint milieu and highlight potential avenues for targeted 
immunomodulation.

Fig. 13.  Kaplan–Meier curve demonstrating the impact of the risk index on 28-day survival.

 

Fig. 12.  Prognostic Risk Stratification by Key Genes (A) Individual risk scores ranked from lowest to highest; 
median cutoff (dashed line) separates low-risk (blue) and high-risk (red) groups. (B) Patient survival status 
versus risk score: blue dots indicate survivors, red dots indicate non-survivors, with a higher mortality rate in 
the high-risk group. (C) Expression of ELANE and CCL5 in low- versus high-risk groups, showing low-risk 
patients have low ELANE and high CCL5, whereas high-risk patients exhibit the opposite pattern.
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Molecular docking analysis
For ELANE, the best-scoring pose exhibited a binding energy of –6.1  kcal/mol. In this complex, Ani HBr’s 
aromatic ring engages in a π–π stacking interaction with PHE192, while its tropane moiety packs against 
VAL216 through π–alkyl contacts. A network of van der Waals interactions stabilizes the ligand in the active‐site 
cleft, involving residues PHE215, SER214, VAL62, PHE41, LEU99 and CYS58 (Fig. 17A). No direct hydrogen 
bonds were observed, suggesting that hydrophobic and aromatic contacts dominate Ani HBr’s association with 
ELANE.

Docking against the CCL5 oligomer produced an even stronger predicted affinity (–7.6  kcal/mol). Here, 
Ani HBr forms a key hydrogen bond between its ester oxygen and the side‐chain hydroxyl of THR7. A π-cation 
interaction with LYS33 further anchors the ligand, complemented by hydrophobic contacts from LYS33’s 
aliphatic chain. Additional van der Waals interactions involve PRO9, PHE12, ALA13, SER5, SER31 and GLY32 
(Fig. 17B). This constellation of polar and nonpolar contacts likely underlies the enhanced stability and tighter 
binding of Ani HBr to CCL5 compared with ELANE.

Together, these docking results identify critical residues that mediate Ani HBr’s interactions with two key 
nodes of the ELANE/CCL5 axis. The differential binding affinities and interaction profiles provide a structural 
rationale for Ani HBr’s dual modulation of NETosis and chemokine signaling in sepsis.

Molecular dynamics simulations
To assess the stability and dynamics of the Ani HBr–ELANE (5ABW) and Ani HBr–CCL5 (5CMD) complexes, 
we carried out 100 ns MD simulations in the NPT ensemble at 310 K and 1 bar. The root‐mean‐square deviation 
(RMSD) of the protein‐ligand backbone atoms provides a measure of complex equilibration and stability 
(Fig. 18A). The 5CMD–Ani HBr complex equilibrated between 5 and 35 ns, oscillating around 0.25 nm, before 
gradually rising after 35 ns—indicative of a slight expansion of the binding interface. In contrast, the 5ABW–Ani 
HBr complex reached equilibrium within the first 5 ns and thereafter fluctuated by only ± 0.10 nm around an 
average RMSD of ~ 0.10 nm, demonstrating markedly higher conformational stability. The radius of gyration 
(Rg) tracks the overall compactness of each complex (Fig. 18B). The 5CMD–Ani HBr system maintained a stable 
Rg (~ 1.8 nm) until ≈40 ns, after which it gradually increased to ~ 1.9 nm, reflecting a modest loosening of the 
complex. By contrast, the 5ABW–Ani HBr complex exhibited minimal Rg fluctuations (~ 1.7 nm throughout), 
confirming that the Ani HBr–ELANE binding pocket remains tightly packed. Solvent‐accessible surface area 
(SASA) calculations (Fig. 18C) showed that both complexes experienced only slight SASA fluctuations before 
settling into stable plateaus. This behavior suggests that Ani HBr binding induces minor adjustments in the local 
hydration shell but does not cause large‐scale exposure or burial of surface residues. Hydrogen bonds between 
Ani HBr and its targets were monitored over the trajectory (Fig. 18D). The 5CMD complex formed between 0 and 
6 H-bonds at any given time, averaging ~ 2 persistent hydrogen bonds. Similarly, the 5ABW complex maintained 
0–5 H-bonds, also centering around ~ 2. These results indicate robust hydrogen‐bond networks that contribute 
to ligand retention. Root‐mean‐square fluctuation (RMSF) profiles quantify per‐residue flexibility (Fig. 19). In 
the 5ABW–Ani HBr complex, most residues exhibited RMSF values below 0.3 nm, indicating low flexibility and 
a rigid binding interface. The 5CMD–Ani HBr complex showed higher RMSF peaks (up to 1.0 nm) at several 
loop and surface regions, consistent with the greater overall mobility observed in RMSD and Rg analyses. Using 

Fig. 14.  Differential Immune Cell Infiltration Between Risk Groups Boxplots comparing the proportions of 
22 immune cell subsets in high- (red) versus low-risk (blue) patients. “*” indicates P < 0.05; “ns” denotes no 
significant difference.
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Fig. 16.  Correlation Between ELANE/CCL5 Expression and Immune Checkpoint Genes. Heatmaps show the 
correlations between ELANE or CCL5 expression and 29 immune checkpoint genes. Each rectangle represents 
the correlation coefficient (r) and statistical significance (− log10 p). p < 0.05 (*), p < 0.001 (**).

 

Fig. 15.  Differences and Correlations Between Risk Score and Immune Checkpoint Genes. (A) Differential 
expression of 29 immune checkpoint genes between high- and low-risk groups. (B) Correlation between the 
risk score and each of the 29 immune checkpoint genes. Each rectangle represents the correlation strength (r) 
and significance (− log10 p). p < 0.05 (), < 0.01 (), < 0.001 (), < 0.0001 (****).
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Fig. 18.  (A) RMSD (root-mean-square deviation) curves indicate backbone stability over time: the black 
line represents ELANE–Ani HBr, and the red line represents CCL5–Ani HBr. (B) Radius of gyration (Rg) 
profiles over 100 ns showing that the 5CMD–Ani HBr complex remains compact until ~ 35 ns before a modest 
expansion, whereas the 5ABW–Ani HBr complex maintains a consistently stable and tighter conformation 
throughout. (C) SASA profiles over 100 ns reveal only minor fluctuations for both complexes, stabilizing 
into plateaus, while Rg data show the 5CMD–Ani HBr complex loosens slightly after ~ 40 ns and the 5ABW–
Ani HBr complex remains consistently compact. (D) Time‐resolved hydrogen‐bond counts showing both 
complexes sustain an average of ~ 2 H-bonds over 100 ns (0–6 for 5CMD–Ani HBr, 0–5 for 5ABW–Ani HBr).

 

Fig. 17.  Molecular docking results. (A) Molecular docking analysis reveals a binding affinity of –6.1 kcal·mol⁻1 
between Ani HBr and ELANE. (B) Molecular docking analysis reveals a binding affinity of –7.6 kcal·mol⁻1 
between Ani HBr and CCL5.

 

Scientific Reports |        (2025) 15:27996 13| https://doi.org/10.1038/s41598-025-13187-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


the gmx_MMPBSA tool, we estimated the binding free energies of each complex (Fig. 20A). The 5ABW–Ani 
HBr complex exhibited a ΔG_bind of –13.29  kJ/mol, whereas the 5CMD–Ani HBr complex showed a ΔG_
bind of –1.28 kJ/mol. These negative values confirm favorable and spontaneous binding, with the Ani HBr–
CCL5 interaction predicted to be particularly strong. Per‐residue energy decomposition (Fig. 20B,C) identified 
SER214, HIS57, PHE192, and SER195 as the major contributors to ELANE binding, and THR7, THR8, PRO9, 
and LYS33 as key drivers of CCL5 association. Importantly, at the end of the 100 ns simulation Ani HBr remains 
lodged at the 5CMD dimer interface, forming a hydrophobic contact with ALA9 on chain A and establishing 
hydrogen bonds with THR3 and THR4 on chain B, and with ASP2 and ASP31 on chain C (Fig. 20D).

Overall, the MD simulations corroborate that Ani HBr forms stable, energetically favorable complexes with 
both ELANE and CCL5. The exceptional rigidity and low RMSD/Rg of the Ani HBr–ELANE complex, together 
with its favorable ΔG_bind and key interacting residues, support a mechanistic role for Ani HBr in inhibiting 
ELANE‐mediated NETosis. Concurrently, the strong binding to CCL5 underscores its potential to modulate 
chemokine signaling in sepsis. These insights lay a molecular foundation for Ani HBr’s dual targeting of the 
ELANE/CCL5 axis in precision sepsis therapy.

Single-cell transcriptomic analysis of the ELANE/CCL5 axis
Cell-type annotation and differential expression
Using CellTypist with a pretrained immune reference model, we annotated clustered cells from GSE175453 
into major myeloid and lymphoid lineages (Fig.  21). A majority-voting refinement step based on canonical 
markers (ELANE/MPO for neutrophils; CD14/CD16 for monocytes; CD3D/E for T cells; NKG7 for NK cells; 
MS4A1 for B cells) yielded five myeloid subsets (classical monocytes, non-classical monocytes, DC2, pDC, 
neutrophils), four lymphoid subsets (Tem/effector helper T, Tcm/naïve cytotoxic T, MAIT, CD16⁺ NK), and 
minor populations (megakaryocytes/platelets, plasmablasts, late erythroid cells). To assess the impact of Ani 
HBr–related targets across cell types, we performed Wilcoxon rank-sum tests on 30 intersection genes. ELANE 
was markedly upregulated in sepsis neutrophils (p < 0.001; Fig. 22), consistent with its role in NET formation 
and pro-inflammatory activation. In contrast, CCL5 expression was elevated across multiple lymphoid subsets—
particularly Tem/Temra cytotoxic T cells, CD16⁺ NK cells, and megakaryocytes/platelets—highlighting its 
chemotactic function (Fig. 22).

ELANE and CCL5 expression by clinical subgroup
Comparative analysis among healthy controls, RAP, and CCI patients revealed subgroup-specific patterns. 
ELANE expression was minimal in controls and RAP (Fig. 23A,B) but significantly enriched in CCI neutrophils 
(Fig.  23C), indicating exaggerated neutrophil activation in chronic critical illness. Conversely, CCL5 was 
constitutively expressed in CD16⁺ NK, cytotoxic T, and megakaryocyte/platelet clusters in controls and RAP 

Fig. 19.  RMSF plots indicating low residue flexibility (< 0.3 nm) in the 5ABW–Ani HBr complex versus larger 
fluctuations (up to 1.0 nm) in loop and surface regions of the 5CMD–Ani HBr complex.
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Fig. 21.  UMAP Projection and Cell-Type Annotation. UMAP projection of single-cell RNA-seq data 
showing cluster distributions of major immune cell types and subpopulations. Cells were annotated 
using a majority-voting strategy: each cell received multiple candidate labels which were consolidated via 
standardized nomenclature and statistical consensus. Final classification identified five myeloid subsets—
Classical Monocytes, Non-classical Monocytes, DC2 (type 2 dendritic cells), pDC (plasmacytoid dendritic 
cells), and Neutrophils—four lymphoid subsets—Tem/Effector Helper T cells, Tcm/Naïve Cytotoxic T cells, 
MAIT (mucosal-associated invariant T cells), and CD16⁺ NK cells—and additional populations including 
Megakaryocytes/Platelets, Plasmablasts, and Late Erythroid cells.

 

Fig. 20.  (A) MM-PBSA binding free energies for Ani HBr–ELANE and Ani HBr–CCL5 complexes, showing 
ΔG_bind values of –13.29 kJ/mol and –1.28 kJ/mol, respectively. (B,C) Per-residue energy decomposition 
identifying key contributors: SER214, HIS57, PHE192, and SER195 for ELANE (5ABW), and THR7, THR8, 
PRO9, and LYS33 for CCL5 (5CMD). (D) End-frame view of Ani HBr (orange sticks) at the 5CMD dimer 
interface. ALA9 (chain A) makes a hydrophobic contact (grey dashed line), and hydrogen bonds (blue dashed 
lines) form with THR3/THR4 (chain B) and ASP2/ASP31 (chain C).
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(Fig.  24A,B), but CCI samples exhibited additional upregulation in MAIT and plasmablast populations 
(Fig. 24C), suggesting amplified chemokine-driven recruitment in severe sepsis.

Pseudotime trajectory analysis
Monocle 3–based pseudotime reconstruction delineated distinct differentiation trajectories in RAP and CCI. 
In RAP patients, cells progressed from classical monocytes → DC2/pDC → megakaryocyte/platelet → plasmablast/
non-classical monocytes → Tem/effector helper T → CD16⁺ NK cells (Fig. 25), with branch probabilities reflecting 
early innate-immune predominance, mid-stage adaptive-immune engagement, and late regulatory T/NK 
enrichment (Fig. 26). Notably, CCL5 expression persisted throughout these transitions, suggesting a bridging 
role between inflammatory and regulatory phases. In CCI patients, trajectories originated from monocytes/
HSC-like/megakaryocyte clusters, passed through DC2/pDC, bifurcated into T/NK lineages, and culminated 
in B-cell states (Fig. 27). Plasma cells and pDCs exhibited the highest lineage commitment, while time-resolved 
probabilities showed an early bias toward innate lineages, mid-stage T/NK/plasma differentiation, and late 
B-cell expansion (Fig.  28). ELANE peaked in early myeloid branches, whereas CCL5 remained elevated in 
megakaryocyte/platelet, Tem/Trm cytotoxic T, and NK clusters, reinforcing an ELANE → CCL5 regulatory axis 
that may underlie chronic inflammation in CCI.

Fig. 23.  ELANE Expression Across Cell Types. (A) Healthy controls; (B) rapidly recovering (RAP) patients; 
(C) chronic critical illness (CCI) patients. Color scale indicates normalized ELANE expression, with blue 
denoting low and red denoting high expression.

 

Fig. 22.  Differential Expression of Ani HBr–Associated Genes Across Cell Types. Wilcoxon rank-sum tests 
were performed on 30 genes intersecting Ani HBr targets and sepsis biomarkers to compare expression 
across annotated cell populations. ELANE is significantly upregulated in neutrophils from sepsis patients, 
consistent with its pro-inflammatory role and involvement in NET formation. In contrast, CCL5 shows 
broad upregulation across multiple lineages—including Tem/Temra cytotoxic T cells, CD16⁺ NK cells, and 
megakaryocyte/platelet clusters—highlighting its central function in chemotactic recruitment. Dot size 
represents the percentage of cells within each group expressing the gene, and dot color intensity (red) indicates 
mean expression level.
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Fig. 25.  Pseudotime Trajectory Analysis in RAP Patients. Pseudotime and entropy metrics reveal dynamic 
state transitions among immune cell types during sepsis in a rapid recovery patient (RAP). (A) tSNE plot 
of immune cells from a rapid recovery patient (RAP), annotated by major cell types using the majority-
votingmethod. (B,C) Cells originate from classical monocytes (Classical Mono), progress through DC2 and 
plasmacytoid dendritic cells (pDC), then differentiate into megakaryocytes/platelets, plasmablasts, and non-
classical monocytes, before transitioning into T-cell populations and ultimately CD16⁺ NK cells. (D–M) Ten 
subpanels depict the probability distributions for each cell’s commitment to the ten terminal states, confirming 
the logical consistency between the designated root population and terminal differentiation outcomes. 
Pseudotime: inferred progression order; Entropy: measure of cell-state diversity.

 

Fig. 24.  CCL5 Expression Across Cell Types. (A) Healthy controls; (B) rapidly recovering (RAP) patients; (C) 
chronic critical illness (CCI) patients. Color scale indicates normalized CCL5 expression, with blue denoting 
low and red denoting high expression.
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Discussion
In this study, we combined network pharmacology, prognostic modeling, molecular docking, molecular 
dynamics, and single-cell transcriptomics to elucidate the immunomodulatory mechanisms of Ani HBr in sepsis. 
First, network and machine‐learning analyses identified ELANE and CCL5 as core targets, and a prognostic Cox 
model demonstrated that high ELANE and low CCL5 expression correlate with increased 28-day mortality. 
Second, molecular docking and 100-ns dynamics simulations confirmed stable binding of Ani HBr to ELANE 
and CCL5. Third, single-cell RNA-seq analysis revealed that ELANE is selectively upregulated in neutrophils 
of CCI patients, whereas CCL5 is broadly overexpressed in T cells, NK cells, and megakaryocyte/platelet 
populations; pseudotime trajectories further delineated an ELANE/CCL5 regulatory axis across immune cell 
lineages. Taken together, these results support a two-stage mechanism in which Ani HBr first inhibits ELANE‐
driven neutrophil hyperactivation and subsequently modulates CCL5-mediated chemotaxis, thereby restoring 
balanced immune responses in sepsis. Our findings provide a molecular framework for precision targeting of 
the ELANE/CCL5 axis and lay the groundwork for future clinical trials stratified by immune‐biomarker profiles.

Fig. 26.  Dynamic Differentiation Probabilities in RAP Patient Along Pseudotime. Fate probability represents 
the predicted likelihood of each cell to differentiate into a given terminal subcluster, with higher values 
indicating stronger commitment. “Selected Cells” highlights the target lineage, contrasted against “Other Cells” 
to emphasize lineage specificity. Panels A–M depict how differentiation probabilities evolve over pseudotime: 
during the early phase (D,F,H), cells primarily commit to monocytes and megakaryocytes/platelets, reflecting 
innate immune dominance; in the mid phase (A,E), commitment shifts toward Tem/effector helper T cells 
and CD16⁺ NK cells, indicating adaptive immune engagement; and in the late phase (B,J), Tem/Trm cytotoxic 
T cells and Tcm/naïve helper T cells predominate, signifying the transition to regulatory and reparative 
states. Notably, CCL5 expression remains enriched in megakaryocytes/platelets, Tem/Trm cytotoxic T cells, 
and CD16⁺ NK cells throughout pseudotime, suggesting a sustained chemokine-mediated bridge between 
inflammatory activation and immune regulation.
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Ani HBr and microcirculatory regulation in sepsis
Sepsis and Septic shock is characterized by profound microvascular dysfunction, resulting in tissue hypoxia, 
impaired oxygen delivery, and rapid organ failure47. Integrating evidence from in vitro experiments, animal 
models, and clinical studies, Ani HBr orchestrates a multifaceted restoration of microcirculatory function—
attenuating oxidative stress and inflammation while enhancing myocardial performance and hemodynamics—
to establish a robust physiological basis for immune modulation. Mechanistically, Ani HBr preserves endothelial 
integrity by limiting excessive nitric oxide (NO) production and preventing endothelial injury, thereby 
normalizing vascular permeability and averting microvascular leakage and tissue edema48–50. Concurrently, 
it inhibits platelet aggregation and microthrombus formation, improving blood rheology to ensure smooth 
perfusion of the capillary network and optimal delivery of oxygen and nutrients to tissues50. Furthermore, 
Ani HBr upregulates endothelial tight-junction proteins, strengthening the vascular barrier and further 
stabilizing microcirculatory flow51,52. Its potent antioxidant action—through increased superoxide dismutase 
(SOD) activity—efficiently scavenges excess reactive oxygen species (ROS), mitigating oxidative damage to 
the endothelium and surrounding tissues53,54. Intact microcirculation then facilitates not only adequate organ 
oxygenation and nutrient supply but also the clearance of metabolic by-products, thereby maintaining local 

Fig. 27.  Pseudotime Trajectory Analysis in CCI Patients. Pseudotime and entropy metrics reveal dynamic state 
transitions among immune cell types in a chronic critical illness (CCI) patient. (A) tSNE plot of immune cells 
from chronic critical illness (CCI) patients, annotated by major cell types using the majorityvotingmethod. 
(B,C) Trajectory origin is traced to classical monocytes, HSC/MPP, and megakaryocyte/platelet clusters, 
followed sequentially by DC2 and plasmacytoid dendritic cells (pDC), entry into T-cell lineages, differentiation 
into CD16⁺ NK cells, and eventual maturation into B-cell populations. (D–V) Panels display probability‐based 
lineage paths from the root to each of the 19 terminal states, with bar plots on the right of each panel indicating 
fate probabilities. Plasma cells and pDCs exhibit the highest differentiation probabilities (> 0.8), highlighting 
their dominant roles in immune regulation during CCI.
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Fig. 28.  Temporal Differentiation Probabilities in a CCI Patient. Fate probability denotes the predicted 
likelihood of each cell differentiating into a given terminal subcluster (higher values indicate stronger 
commitment). “Selected Cells” highlights the target lineage versus “Other Cells.” Across pseudotime, early 
stages (panels (O, J, E, S, G, L)) show predominant differentiation into monocytes, megakaryocytes/platelets, 
DC2, pDC, and neutrophils—reflecting a hyperinflammatory response. Mid stages (panels (B, C, F, K, M, 
N, P)) reveal a shift toward T-cell populations, plasma cells, and CD16⁺ NK cells, indicating a transition 
from inflammation to repair. Late stages (panels (H, Q)) are characterized by increased B-cell differentiation, 
marking the onset of antibody-mediated adaptive immunity. Notably, CCL5 expression remains enriched in 
megakaryocyte/platelet, Tem/Trm cytotoxic T, and CD16⁺ NK clusters throughout, consistent with our model 
in which Ani HBr sequentially targets ELANE followed by CCL5 to dampen excessive inflammation and 
promote immune homeostasis.
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homeostasis. In contrast, microcirculatory impairment leads to tissue hypoxia and metabolite accumulation, 
which compromise immune cell function, weaken host defenses, and exacerbate immune dysregulation55,56. By 
restoring microvascular health, Ani HBr creates a permissive microenvironment for immune cell migration, 
recruitment, and function, thereby underpinning its downstream immunomodulatory effects.

Interplay between microcirculation and the ELANE/CCL5 axis in immune modulation
Microcirculatory impairment in sepsis not only exacerbates hypoxia but also promotes leukocyte sequestration 
and endothelial injury. Stagnant flow and endothelial activation enhance neutrophil adhesion and degranulation, 
releasing neutrophil elastase (ELANE) during NET formation57,58. Excess NETs—composed of chromatin, 
histones, and proteases—drive capillary occlusion and disseminated intravascular coagulation, and elevated 
circulating ELANE correlates with poorer outcomes59,60. By downregulating ELANE, Ani HBr disrupts this 
cycle, limiting NET release, preserving microvascular patency, and protecting against endothelial injury.

Our in silico analyses suggest that Ani HBr binds stably within the catalytic cleft of ELANE, predominantly 
through hydrophobic and aromatic interactions. The binding site encompasses key residues involved in ELANE’s 
enzymatic activity, and the interaction pattern supports a competitive inhibition mechanism. Specifically, Ani 
HBr is predicted to occupy the region surrounding the catalytic triad, thereby obstructing substrate access and 
interfering with enzymatic function. Molecular dynamics simulations further indicate that the Ani HBr–ELANE 
complex is conformationally stable and energetically favorable, reinforcing the notion that Ani HBr may directly 
suppress neutrophil elastase activity and downstream NET formation under microcirculatory stress.

Microcirculatory dysfunction markedly disrupts local blood flow, impairs oxygen delivery, and skews the 
distribution of inflammatory mediators and chemokines, leading to aberrant immune cell localization and 
function61. Under intact capillary flow, a stable CCL5 gradient guides orderly recruitment of monocytes, memory 
T helper cells, eosinophils, and basophils to sites of infection; by contrast, microvascular dysfunction abolishes 
this gradient, leading to insufficient effector cell trafficking and exacerbated immune imbalance62,63. Moreover, 
endotoxin tolerance and regulators such as TRIM32 and KSRP dynamically tune CCL5’s spatiotemporal 
expression to balance inflammation with resolution64,65. In sepsis, astrocytic adenosine–A1AR activation 
likewise induces CCL5 release, triggering neuroinflammation and blood–brain barrier disruption, underscoring 
CCL5’s dual proinflammatory and protective roles across organ beds66.

Docking and simulation results indicate that Ani HBr interacts strongly with the CCL5 oligomer interface, 
forming a stable and energetically favorable complex. The binding involves both hydrogen bonding and π–
cation interactions, particularly at residues associated with receptor binding and oligomerization. This suggests 
that Ani HBr may interfere with CCL5’s ability to engage its receptors or modulate its oligomeric state. Such 
interference could attenuate aberrant leukocyte recruitment during septic microcirculatory dysfunction. The 
stable binding dynamics and interaction network support a potential antagonistic or allosteric regulatory role 
for Ani HBr in modulating CCL5-mediated immune trafficking.

Our single‐cell transcriptomic analysis confirms this paradigm: ELANE is nearly undetectable in healthy 
controls and reversible acute‐phase patients but markedly upregulated in chronic critical‐illness patients, 
implicating hypoxia‐driven neutrophil hyperactivation when microcirculation fails. Conversely, CCL5 remains 
highly expressed across all groups but redistributes among cell subsets under severe disease, suggesting 
compensatory upregulation to offset effector exhaustion. By repairing microvascular integrity and inhibiting 
ELANE‐mediated NETosis, Ani HBr reopens capillaries and halts inflammatory amplification. In this restored 
microenvironment, its high‐affinity, dual‐site binding to CCL5 can then fine‐tune chemokine‐mediated 
trafficking—promoting protective monocyte and T-cell recruitment while limiting excessive neutrophil influx. 
This two‐stage immunovascular intervention—microcirculatory protection followed by targeted chemokine 
modulation—addresses the hemodynamic collapse and immune dysregulation of sepsis.

Study limitations and precision medicine prospects
While our findings elucidate a dual Ani HBr mechanism, several limitations must be acknowledged. Our in 
vivo studies employed specific sepsis models and a single Ani HBr dosing regimen, which may not capture the 
heterogeneity of clinical sepsis. Immune profiling relied on transcriptomic deconvolution without in vitro or in 
vivo functional validation of the ELANE/CCL5 axis. Moreover, our clinical cohort lacked real-world single-cell 
data from Ani HBr–treated patients, precluding direct translational correlations. Future work should include 
multicenter trials stratified by microcirculatory and neutrophil activation biomarkers, dose–response studies in 
animal and cellular models, and adoptive T-cell transfer experiments to validate Ani HBr’s immunomodulatory 
effects.

Conclusion
Ani HBr’s dual mechanism converges on microcirculatory optimization and immunometabolic reprogramming, 
including: (1) metabolic reprogramming, which alleviates CCL5 suppression and restores immune cell 
recruitment; (2) accelerated ELANE clearance, reducing protease-mediated tissue damage; and (3) bidirectional 
regulation of inflammation, balancing pro-inflammatory and anti-inflammatory responses, and interrupting 
the vicious cycle of sepsis. This mechanism underscores a triad therapeutic strategy involving vascular repair, 
metabolic regulation, and immune rebalancing, providing new insights for precision interventions in sepsis.
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Code availability
The custom code used in this study is available at Zenodo, with https://doi.org/10.5281/zenodo.15340928. The 
code is freely accessible under the terms of the applicable license, with no restrictions to access. To ensure ver-
sion control, the code will be maintained in this DOI-minting repository, and future updates will be published 
as supplementary documents.
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