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Introduction
Sepsis, defined as life-threatening organ dysfunction caused by a 

dysregulated host response to infection, is a leading cause of glob-
al mortality, with 49 million annual cases and 11 million deaths. Its 
progression to multiple organ dysfunction syndrome substantially 
increases mortality and imposes a heavy burden on healthcare 
systems.1 Despite advances in critical care, early diagnosis and 
effective therapies remain limited because of the disease’s com-
plex pathogenesis, which is characterized by dysregulated immune 
responses, including initial hyperinflammation (“cytokine storm”) 
followed by immunosuppression and increased susceptibility to 
secondary infections.2,3

Recent advances in bioinformatics offer powerful tools for elu-
cidating sepsis mechanisms. Transcriptome profiling enables bio-
marker identification, patient stratification, and therapeutic target 
discovery.4,5 Previous studies have mostly constructed sepsis di-
agnostic models based on bulk transcriptomic data, but they have 
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often lacked analyses of immune microenvironment heterogeneity 
and the cellular sources of marker genes. In this study, immune in-
filtration analysis, weighted gene co-expression network analysis 
(WGCNA), and single-cell data analysis were used to character-
ize the immune environment of patients with sepsis and explore 
immune microenvironment heterogeneity, providing new insights 
into the diagnosis and treatment of this condition.

This study aimed to systematically identify sepsis-related bio-
markers by integrating multiple datasets, combining multiple bioin-
formatics methods to construct an efficient sepsis diagnostic model, 
and enhancing the translational potential of diagnostic markers 
through single-cell validation and interpretable analysis. In addition, 
functional analysis of the selected diagnostic genes may contribute 
to a more comprehensive understanding of the mechanisms involved 
in sepsis development and progression and provide a scientific basis 
for identifying potential drug targets. These findings provide new in-
sights into the early diagnosis and precision treatment of sepsis. This 
work is not only a diagnostic model study but also a comprehensive 
investigation of immune dysregulation in sepsis that may support 
precision diagnosis and treatment.

Materials and methods

Data acquisition and processing
The overall design of this study is shown in Supplementary Fig-
ure 1. We retrieved whole-blood transcriptomic data from patients 
with sepsis and healthy controls from the Gene Expression Omnibus 
(GEO, http://www.ncbi.nlm.nih.gov/geo).6 Datasets were eligible if 
they included whole-blood transcriptomic data, sepsis patients and 
healthy controls, a sample size ≥20, and an Affymetrix or Illumina 
platform. Datasets were excluded if they included pediatric patients, 
lacked RNA measurements or an original expression matrix, had se-
vere missing clinical information, or used non-human samples. Five 
datasets from 2011 to 2021 met the criteria: GSE28750, GSE69063, 
GSE95233, and GSE154918 were used to construct the diagnos-
tic model, and GSE65682 was used for validation. The GEOquery 
package in R (version 4.3.3) was used to convert probe data into 
gene expression matrices. The data were normalized, corrected, and 
merged using the limma package in R. The ComBat function in the 
sva package was used to remove potential batch effects. Principal 
component analysis (PCA) was used to evaluate batch effects.

Identification of differentially expressed genes (DEGs)
Differential expression analysis between the healthy control and 
sepsis groups was performed using the limma package,7 with se-
lection criteria of |log2 fold change| >1 and an adjusted P value < 
0.05. Results were visualized using the ggplot and pheatmap pack-
ages. This study followed the Transparent Reporting of a Multi-
variable Prediction Model for Individual Prognosis or Diagnosis 
(TRIPOD) statement (Supplementary Table 1).

Pathway enrichment analysis of differentially expressed genes
Gene Ontology (GO) enrichment analysis is commonly used in 
bioinformatics to assess the enrichment of specific gene sets in bi-
ological processes, molecular functions, and cellular components.8 
We used the clusterProfiler package in R to perform Kyoto En-
cyclopedia of Genes and Genomes (KEGG) pathway enrichment 
analysis and GO functional annotation of sepsis-related DEGs.9 
To control false positives caused by multiple hypothesis testing, 
Benjamini-Hochberg false discovery rate (FDR) correction was 
applied. Significantly enriched gene sets were defined as those 

with both an unadjusted P < 0.05 and an FDR-adjusted q value < 
0.05. To further explore the functional characteristics and potential 
biological significance of the DEGs, gene set enrichment analysis 
(GSEA) was conducted using the c5.go.v7.4.symbols and c2.kegg.
v7.4.symbols gene sets.10

Immune cell infiltration analysis
CIBERSORT (LM22 signature) was used to estimate immune-cell 
abundance in sepsis patients and controls.11 PCA differentiated the 
groups based on immune profiles. Pearson correlation analysis with 
Benjamini-Hochberg FDR correction (q value < 0.05) was conduct-
ed to quantify pairwise correlations of immune-cell subsets between 
the sepsis and control groups, with statistical significance defined 
as P < 0.05. Significant immune-cell correlation networks (|r| > 0.3, 
P < 0.05) were constructed using the igraph package, where nodes 
represented immune-cell types and edges denoted significant cor-
relations (edge width proportional to correlation strength; edge color 
indicating positive or negative correlation). Hierarchical clustering 
(Ward.D2 method) and dynamic tree cutting (minimum cluster size 
= 2) were applied to identify functional immune-cell modules. Mod-
ule consistency was evaluated by mean intramodule correlation, 
and functional associations were annotated based on established 
immune-cell functions. Differential correlation analysis was further 
performed to compare immune-cell interaction patterns between the 
sepsis and control groups, identify sepsis-specific and control-spe-
cific immune-cell pairs, and calculate differential correlation coef-
ficients (sepsis r - control r) to characterize remodeling of immune-
cell interaction networks.

Finally, immune-related functions were compared between the 
high- and low-expression groups of target genes, and the results 
were visualized using box plots. Correlation analyses were per-
formed to identify immune cells associated with target genes, and 
bubble plots were generated to visualize these associations, facili-
tating characterization of the immune cell composition in patients 
with sepsis.

Markov cluster algorithm (MCL), protein-protein interaction 
(PPI) network construction, and Friends analysis
MCL was used to determine which pathways were enriched for 
differentially expressed genes. MCL relies on the STRING data-
base (https://string-db.org/) for online analysis of protein interac-
tions, and Cytoscape software (version 3.10.2) was used to visual-
ize the protein-interaction network.12,13 Key genes were extracted 
from the PPI network and further analyzed through Friends analy-
sis, which evaluates gene-gene functional similarity based on GO 
semantic metrics.

WGCNA
WGCNA was used to construct a weighted gene co-expression net-
work and analyze correlations among gene expression patterns.14 
We performed hierarchical clustering based on weighted correla-
tions to identify gene modules associated with immune cell infil-
tration in sepsis and analyzed their potential roles in the immune 
landscape.

Single-cell RNA sequencing data processing and analysis
Single-cell data analysis (data from GSE217906) was per-
formed in two stages. First, single-cell data from the sepsis group 
(GSM8217323, GSM8217324, and GSM8217325) were analyzed. 
Second, single-cell data from the sepsis group (GSM6729711 
and GSM6729712) and healthy control group (GSM6729713, 
GSM6729714, and GSM6729715) were compared. Data were pre-
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processed using Seurat: low-quality cells (genes <50 or mitochon-
drial content >15%) were filtered, followed by log-normalization 
and selection of 1,500 highly variable genes. The Harmony pack-
age was used to correct batch effects, and Louvain clustering (reso-
lution = 0.6) with PCA was used to identify cell clusters, which 
were visualized using t-SNE. Cell types were annotated using the 
SingleR package against seven reference datasets (BlueprintEn-
code, HumanPrimaryCellAtlas, etc.). Marker genes (|log2 fold 
change| >1, adjusted P < 0.05, Wilcoxon test) were identified and 
visualized using heatmaps. Cell trajectories were inferred using the 
monocle package with dimension reduction by DDRTree.15

Cell-cell communication analysis
Cell-cell communication analysis was performed using the Cell-
Chat package. The human ligand-receptor database (CellChatDB.
human) was filtered to retain biologically relevant interactions.16 
Overexpressed genes and ligand-receptor pairs were identified, 
and communication probabilities were then computed based on li-
gand-receptor co-expression patterns; interactions involving fewer 
than 10 cells were excluded to minimize noise. Pathway-level net-
works were integrated with protein interaction data. The results 
were visualized using circular plots (interaction counts/weights) 
and ligand-receptor bubble charts. Key pathways and receptor-li-
gand pairs linked to sepsis progression were identified using heat-
maps and cell-type analysis plots.

Supervised machine learning and diagnostic model construction
Five independent feature selection methods were used to screen 
candidate biomarkers. Machine learning methods, namely Lasso 
regression,17 Support Vector Machine–Recursive Feature Elimina-
tion (SVM-RFE),18 random forest,19 eXtreme Gradient Boosting 
(XGBoost),20 and Gradient Boosting Machine (GBM), were em-
ployed to construct a diagnostic model for sepsis.21 The selection 
of these five algorithms was based on their prior applications in 
bioinformatics and sepsis biomarker screening. The algorithms 
are complementary: Lasso is suitable for feature selection in high-
dimensional data; SVM-RFE is suitable for transcriptomic data-
sets; random forest is resistant to overfitting; XGBoost and GBM 
improve model accuracy through gradient boosting; and all have 
been used in previous studies of sepsis biomarkers.22–24 Model 
performance was assessed using receiver operating characteristic 
(ROC) curves, including the area under the ROC curve (AUC), 
sensitivity, specificity, positive predictive value, and negative pre-
dictive value. Combining these methods was intended to improve 
the efficiency and accuracy of the model.

Diagnostic model performance evaluation and validation
To assess the accuracy of the constructed diagnostic model, we 
validated it using the GSE65682 validation set. The diagnostic per-
formance of the model across samples was further evaluated using 
violin plots and ROC curves.

Gene set expression variation analysis
Using gene set variation analysis (GSVA), we evaluated function-
al differences and pathway changes between the high- and low-
expression groups and further analyzed the biological impact of 
diagnostic genes at different expression levels.25

Nomogram, decision curve analysis (DCA), and clinical impact 
curve (CIC)
We used the rms package in R to construct a nomogram,26 which 
was combined with decision curve analysis (DCA) and a clinical 

impact curve (CIC) to assess the clinical predictive value of the 
model and further validate its feasibility and effectiveness in clini-
cal practice.

Shapley additive exPlanations (SHAP)-based interpretable 
machine learning analysis
This study employed the SHAP framework to interpret gene ex-
pression-based classification models.27 A standardized gene ex-
pression matrix was processed to extract the expression profiles 
of four diagnostic genes (S100A12, CD22, CSTA, and UPP1), 
followed by matrix transposition and group labeling to construct 
a sample-feature dataset. The dataset was stratified into training 
and test sets (7:3 ratio) to ensure class balance. Using the caret 
package, multiple machine-learning algorithms (including ran-
dom forest, support vector machine, XGBoost, and 10 additional 
algorithms) were trained and evaluated via 5-fold repeated cross-
validation, with the optimal model selected based on the AUC. 
SHAP values were calculated using a permutation-based method 
(permshap) to quantify gene contributions, and visualizations (bar 
plot, bee plot, waterfall plot, and force plot) were generated using 
the shapviz package.

Molecular docking and targeted drug screening
Drug-selection criteria included established anti-inflammatory 
drugs that have been clinically used for sepsis or inflammation (e.g., 
dexamethasone and aspirin), drugs in the Comparative Toxicog-
enomics Database (http://ctdbase.org/) with known interactions with 
the four diagnostic genes, and expression characteristics specific to 
patients with sepsis. AutoDock software (version 1.5.7) was used 
for molecular docking analysis,28 and results were visualized using 
PyMOL software.29 This analysis aimed to prioritize potential candi-
date drugs for further experimental validation in sepsis.

Statistical analysis
All data processing and analyses were conducted in R version 
4.3.3. For normally distributed continuous variables, independent-
samples t-tests were used for group comparisons. For non-normally 
distributed variables, Mann-Whitney U tests (Wilcoxon rank-sum 
tests) were used. ROC curves for predicting binary classification 
variables were plotted using the pROC package. All statistical tests 
were two-sided, with P < 0.05 considered statistically significant.

Results

DEGs screening and biological function
Four datasets (122 sepsis cases and 116 controls) were analyzed. 
The basic information on these datasets is provided in Supplemen-
tary Table 2. After PCA processing, samples from different ex-
perimental batches were randomly distributed. Box plots showed 
that the median and distribution ranges of each batch were more 
comparable after processing. The F values of genes generally de-
creased after processing, indicating that the variance explained 
by batch factors was reduced. Finally, differences in sample cor-
relations within and between batches narrowed, suggesting that 
batch-specific associations were weakened. These results indicate 
that the processing method effectively eliminated batch effects 
(Supplementary Fig. 2a–d). A total of 346 DEGs were identified 
(230 upregulated and 116 downregulated; Fig. 1a and b). GO and 
KEGG analyses suggested that sepsis is associated with inflamma-
tory responses to microbial pathogens, with key pathways includ-
ing immune receptor activity, cytokine binding, T-cell differen-
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tiation, and immune-response regulation via cell-surface receptor 
signaling (Tables 1 and 2; Fig. 1c and d). These results suggest 
that DEGs are predominantly enriched in immune-related path-
ways. Notably, KEGG analysis highlighted the key role of T cells 
in sepsis, particularly in T-cell receptor signaling and T-helper cell 
differentiation. T cells are crucial immune cells involved in im-
mune regulation, reflecting the association between immune dys-
regulation and sepsis.30 Furthermore, GSEA revealed significant 
associations between sepsis and pathways related to coagulation, 
biochemical reactions, and autoimmune responses (Supplemen-
tary Fig. 2c–f).

Immune cell infiltration analysis
CIBERSORT analysis revealed immune-cell imbalances in sep-
sis: increased neutrophils, monocytes, M0 macrophages, and γδ 
T cells, accompanied by reduced resting CD4+ T cells, CD8+ 
T cells, and natural killer (NK) cells (Fig. 2a and b). To explore 
immune-cell crosstalk, we analyzed correlation networks of im-
mune subsets in sepsis patients and healthy controls. In the sepsis 

group, strong positive correlations were observed among T-cell 
subsets (e.g., CD8+ T cells with follicular helper T cells, r = 0.765, 
P < 0.001; follicular helper T cells with γδ T cells, r = 0.688, P 
< 0.001), whereas neutrophils exhibited significant negative cor-
relations with multiple immune-cell subsets (e.g., CD8+ T cells, 
r = −0.594, P < 0.001; resting NK cells, r = −0.430, P < 0.001). 
In addition, pro-inflammatory M1 macrophages correlated posi-
tively with M2 macrophages (r = 0.388, P < 0.001) and activated 
dendritic cells (r = 0.370, P < 0.001). In healthy controls, distinct 
interaction patterns were observed, including a strong positive cor-
relation between M1 macrophages and resting dendritic cells (r = 
0.976, P < 0.001) and negative correlations of CD8+ T cells (r = 
−0.650, P < 0.001) and resting NK cells (r = −0.615, P < 0.001) 
with neutrophils (Fig. 2c, Supplementary Fig. 3a and b). These re-
sults indicate that sepsis induces marked remodeling of immune-
cell networks, characterized by enhanced activation of T-cell sub-
sets and disrupted crosstalk between neutrophils and other immune 
populations, which differs from the balanced immune interactions 
observed in healthy individuals.

Fig. 1. Differential expression analysis and functional enrichment. (a, b) Heatmap and volcano plot showing differentially expressed genes (DEGs). (c, d) 
Gene Ontology (GO) enrichment analysis of the intersecting genes, showing the top 10 terms in biological process (BP), cellular component (CC), and mo-
lecular function (MF), together with Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis.
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Module clustering analysis revealed distinct immune-cell func-
tional modules between sepsis patients and healthy controls. In the 
sepsis group, key modules included the turquoise module (naive 
B cells, naive CD4+ T cells, regulatory T cells [Tregs], and M0 
macrophages), the blue module (CD8+ T cells, follicular helper T 
cells, and γδ T cells), the brown module (activated CD4+ memory 
T cells, resting NK cells, and neutrophils), and the yellow module 
(M1/M2 macrophages and activated dendritic cells). In healthy 
controls, module composition differed substantially. For example, 
the turquoise module contained activated CD4+ memory T cells, 

Tregs, monocytes, and M2 macrophages, whereas neutrophils clus-
tered with CD8+ T cells and resting NK cells in the yellow module 
(Supplementary Fig. 3c and d). These divergent module patterns 
indicate sepsis-induced remodeling of immune functional clusters 
and disrupted coordination of immune-cell subsets compared with 
the balanced modular organization in healthy individuals.

Differential correlation analysis uncovered distinct immune cell 
interaction patterns between sepsis patients and healthy controls. 
Sepsis-specific interactions included positive correlations among 
T-cell subsets (e.g., CD8+ T cells with activated CD4+ memory 

Table 1.  GO enrichment analysis of differentially expressed genes

Ontology ID Description Adjusted P q value

BP GO:0030217 T cell differentiation 4.38E-16 3.69E-16

BP GO:0030098 lymphocyte differentiation 8.42E-16 7.08E-16

BP GO:0002764 immune response-regulating signaling pathway 8.42E-16 7.08E-16

BP GO:1903131 mononuclear cell differentiation 4.57E-15 3.84E-15

BP GO:0002768 immune response-regulating cell surface receptor signaling pathway 4.57E-15 3.84E-15

CC GO:0042581 specific granule 7.47E-28 6.58E-28

CC GO:0070820 tertiary granule 8.35E-23 7.35E-23

CC GO:0035580 specific granule lumen 2.91E-20 2.56E-20

CC GO:0034774 secretory granule lumen 1.62E-18 1.43E-18

CC GO:0060205 cytoplasmic vesicle lumen 1.66E-18 1.46E-18

MF GO:0140375 immune receptor activity 9.32E-08 8.07E-08

MF GO:0004896 cytokine receptor activity 0.00035 0.00031

MF GO:0019955 cytokine binding 0.00043 0.00037

MF GO:0050786 RAGE receptor binding 0.00290 0.00251

MF GO:0038187 pattern recognition receptor activity 0.00333 0.00288

BP, biological process; CC, cellular component; GO, Gene Ontology; MF, molecular function; adjusted P, P value adjusted using the Benjamini-Hochberg method; q value, false 
discovery rate-adjusted q value.

Table 2.  KEGG enrichment analysis of differentially expressed genes

Term ID Description Adjusted P q value

KEGG hsa04640 Hematopoietic cell lineage 6.33E-07 3.37E-07

KEGG hsa04658 Th1 and Th2 cell differentiation 7.24E-07 3.85E-07

KEGG hsa04659 Th17 cell differentiation 7.24E-07 3.85E-07

KEGG hsa05235 PD-L1 expression and PD-1 checkpoint pathway in cancer 3.44E-06 1.74E-06

KEGG hsa04660 T cell receptor signaling pathway 1.60E-05 7.94E-06

KEGG hsa05321 Inflammatory bowel disease 0.00299 0.00214

KEGG hsa05340 Primary immunodeficiency 0.00522 0.00362

KEGG hsa05202 Transcriptional misregulation in cancer 0.00831 0.00693

KEGG hsa04064 NF-kappa B signaling pathway 0.01178 0.00744

KEGG hsa05310 Asthma 0.01209 0.00851

KEGG hsa04148 Efferocytosis 0.01227 0.00854

KEGG hsa04610 Complement and coagulation cascades 0.01249 0.00854

KEGG hsa04380 Osteoclast differentiation 0.01875 0.01229

KEGG, Kyoto Encyclopedia of Genes and Genomes; PD-1, programmed cell death protein 1; PD-L1, programmed death-ligand 1; Th1, T helper 1 cell; adjusted P, P value adjusted 
using the Benjamini-Hochberg method; q value, false discovery rate-adjusted q value.
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Fig. 2. Immune infiltration analysis in sepsis patients. (a) Bar plot showing the proportions of immune-cell infiltration in sepsis and healthy control samples. 
(b) Differential analysis of immune cells between sepsis and healthy control groups. (c) Immune-cell correlation plot comparing healthy control and sepsis 
groups. (d) Concentric circle plot illustrating interactions among 72 proteins enriched in the T-cell differentiation/adaptive immune pathway. (e) Top 10 hub 
genes identified through Friends analysis. (f) Protein-protein interaction (PPI) network showing interactions among the top 10 genes. (g) Principal compo-
nent analysis (PCA) of immune-cell composition in the sepsis and healthy control groups.
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T cells/γδ T cells) and between M1/M2 macrophages, whereas 
healthy controls exhibited unique correlations, such as negative 
correlations between naive B cells and memory B cells and be-
tween M1 macrophages and neutrophils. Additionally, several 
immune cell pairs showed significant interactions only in sepsis, 
including activated CD4+ memory T cells with resting natural 
killer (NK) cells/eosinophils and M0 macrophages with activated 
dendritic cells (negative) (Supplementary Fig. 3e; Supplementary 
Table 3). These divergent interaction profiles, together with al-
tered modular clustering of immune cells, highlight sepsis-induced 
remodeling of the immune regulatory network, characterized by 
emergent pro-inflammatory cell crosstalk and loss of homeostatic 
immune interactions.

MCL clustering analysis, PPI network, and Friends analysis
MCL clustering identified 72 protein clusters in T-cell differen-
tiation pathways (Supplementary Table 4). STRING/Cytoscape-
based protein-protein interaction (PPI) network analysis high-
lighted CD8A as the top hub gene (Fig. 2d and f), linking sepsis to 
adaptive immunity. Friends analysis was then performed (Fig. 2e). 
Principal component analysis (PCA) further confirmed immune 
microenvironment heterogeneity (Fig. 2g).

WGCNA co-expression network and gene module identification
A sepsis-related co-expression network was constructed using 
WGCNA. In total, 4,024 sepsis-associated genes were analyzed in 
WGCNA, resulting in a scale-free network with a soft-threshold-
ing power of R2 = 0.9. The key soft-thresholding parameter was 
set to 6 (Fig. 3a), and 13 modules were identified using dynamic 
tree cutting (Fig. 3b). Sepsis-related genes were then mapped onto 
these modules (Fig. 3c), with significant enrichment in the brown, 
blue, turquoise, and yellow modules. We prioritized these four 
modules based on two core lines of evidence: first, our prior analy-
sis identified eight differentially expressed immune cells between 
sepsis patients and healthy controls (CD8+ T cells, CD4+ memory 
resting T cells, γδ T cells, resting NK cells, M0/M1 macrophages, 
resting dendritic cells, and neutrophils; Fig. 2b); second, module-
trait correlation analysis demonstrated that these modules were 
significantly correlated with the above sepsis-related immune cells 
(e.g., the brown module was positively correlated with resting NK 
cells [correlation coefficient = 0.42] and negatively correlated with 
neutrophils [correlation coefficient = −0.59]; the turquoise module 
was positively correlated with M0 macrophages [correlation coef-
ficient = 0.32] and neutrophils [correlation coefficient = 0.5]; Fig. 
3c). In contrast, the remaining nine modules showed no significant 
associations with sepsis-related immune dysregulation and lacked 
enrichment of sepsis-associated DEGs; therefore, they were not 
included in downstream analysis. We further analyzed the interac-
tions between these four modules and differential immune cells 
(Fig. 3d–k), with module-gene interaction details provided in Sup-
plementary Table 5. Collectively, these findings highlight the role 
of immune dysregulation in sepsis pathogenesis.

Machine learning for key diagnostic gene identification
Supervised machine learning methods, including Lasso, SVM-
RFE, random forest, XGBoost, and GBM, were applied to identify 
key diagnostic genes for sepsis and construct diagnostic models 
(Fig. 4a–f). Based on feature importance, Lasso selected 22 genes, 
SVM-RFE selected 37 genes, random forest selected 26 genes, 
XGBoost selected 31 genes, and GBM selected 62 genes. Detailed 
information on the basic parameter settings, hyperparameter tun-
ing strategies, optimal parameters, feature selection criteria, and 

cross-validation strategies for the five machine learning methods 
is presented in Supplementary Table 6. Diagnostic models were 
then constructed using the genes selected by all five methods 
(S100A12, UPP1, CD22, and CSTA). The expression levels of the 
selected features are shown in Supplementary Figure 4.

Diagnostic model performance and predictive ability of selected 
genes
To compare the performance of each feature-selection method, 
classifier performance was evaluated for each model using the val-
idation dataset (Supplementary Table 7). The XGBoost and GBM 
models achieved high AUC, sensitivity, and specificity, whereas 
the SVM-RFE model showed the lowest AUC (0.813) and low 
specificity (Fig. 4g–k). Because multivariable methods can select 
features with varying accuracy, we employed an ensemble learning 
algorithm using the DEGs selected by each method. The ensemble 
model had an AUC of 0.835, sensitivity of 0.988, and specificity 
of 0.685, outperforming the SVM-RFE model (Fig. 4l). We also 
focused on overlapping genes selected by all five feature-selec-
tion methods and evaluated their performance in sepsis diagno-
sis. Among the four genes in the training set, UPP1 performed 
best, with the highest AUC (0.990), whereas in the validation set, 
S100A12 showed the best performance, with the highest AUC 
(0.841). ROC curves for the genes selected by machine learning in 
the training and control groups are shown in Supplementary Figure 
5a–h. In addition, integration with the WGCNA results showed that 
S100A12 and UPP1 were selected from the yellow module, CD22 
from the brown module, and CSTA from the blue module. These 
results confirmed the strong diagnostic performance of the model 
based on S100A12, UPP1, CD22, and CSTA (Supplementary Table 
8). Thus, the selected features are clearly associated with sepsis 
diagnosis and warrant further investigation as therapeutic targets.

Independent dataset validation of diagnostic model
To evaluate the predictive performance of the diagnostic model, 
we obtained GSE65682 from the GEO database for external vali-
dation. ROC curve analysis was performed for the selected over-
lapping genes (Supplementary Table 9). In the GSE65682 external 
validation set, the AUC of the four-gene diagnostic model was 
0.860, with sensitivity of 0.781 and specificity of 0.780 (Sup-
plementary Fig. 5i, Supplementary Table 9). External validation 
confirmed that the four-gene diagnostic model performed well in 
sepsis.

Nomogram, DCA, and CIC visualization of the diagnostic model
To visualize the diagnostic model, the four diagnostic genes were 
integrated into a risk nomogram to predict sepsis occurrence (Fig. 
5a). The calibration curve for sepsis occurrence showed that the 
actual occurrence rate closely matched the rate predicted by the 
nomogram (Fig. 5b), indicating good predictive value. Figure 
5c presents the DCA for the diagnostic genes (S100A12, UPP1, 
CD22, and CSTA) and the integrated model. Based on the DCA 
results, we further plotted the CIC to assess the clinical utility of 
the nomogram. CIC visualization showed superior overall net ben-
efits across a wide range of threshold probabilities, indicating that 
the diagnostic model had excellent predictive value (Fig. 5d). The 
same analyses, including the risk nomogram, calibration curve, 
DCA, and CIC, were also performed in the validation group for 
the four selected genes (Fig. 5e–h).

Interpretability analysis and model optimization of SHAP
Among the tested algorithms, XGBoost achieved the highest AUC 
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(0.991; Fig. 6a). The SHAP bar plot showed that the mean SHAP 
value of UPP1 was the highest among the four diagnostic genes 
(Fig. 6b), indicating that it contributed most to the model. This 
finding was consistent with ROC curve analysis in the training 
group using the neural network model. The SHAP bee plot also 

showed that UPP1 had the largest mean SHAP value (Fig. 6c). 
For UPP1, CSTA, and S100A12, higher expression was associated 
with classification as sepsis, whereas for CD22, higher expression 
was associated with classification as healthy control. The waterfall 
plot showed that UPP1 and S100A12 had relatively large effects 

Fig. 3. Weighted gene co-expression network analysis (WGCNA). (a) Scale-free topology fitting index plot used to select the optimal soft threshold (power). 
(b) Hierarchical clustering tree diagram for module identification. (c) Correlation plot between sepsis-related genes and immune cells. (d) Correlation 
between the brown module and neutrophils. (e) Correlation between the brown module and CD8+ T cells. (f) Correlation between the blue module and 
neutrophils. (g) Correlation between the blue module and resting natural killer (NK) cells. (h) Correlation between the turquoise module and resting NK 
cells. (i) Correlation between the turquoise module and resting dendritic cells. (j) Correlation between the yellow module and CD8+ T cells. (k) Correlation 
between the yellow module and neutrophils.
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on prediction results (Fig. 6d). The combined predictive score of 
the four-gene diagnostic model for the representative sample was 
−0.00025, which was lower than the predefined cutoff of 0.512, 
indicating that the sample was classified as negative (healthy con-
trol). The force plot was consistent with the waterfall plot (Fig. 6e).

Immune function and immune correlation analysis of diagnos-
tic genes
Significant differences in immune-related functions were observed 
between the high- and low-expression groups for S100A12, CD22, 
CSTA, and UPP1 (Supplementary Tables 10–13). Visualization 
results for immune function analysis are presented in Supplemen-
tary Figure 6a–d. We performed immune-correlation analyses of 
S100A12, CD22, CSTA, and UPP1 to explore their associations 
with key immune-cell subsets in sepsis (Supplementary Fig. 6e–
h). These results suggest that S100A12 and UPP1 participate in 
sepsis progression by enhancing pro-inflammatory responses and 

neutrophil activation, whereas CD22 and CSTA may affect disease 
progression by regulating B-cell function and immunosuppressive 
pathways. Gene-immune-cell correlations further revealed specific 
regulatory networks of diagnostic genes in the sepsis immune mi-
croenvironment.

Two-phase single-cell RNA-seq analysis: initial profiling of sep-
sis patients and subsequent group comparison between sepsis 
and healthy control groups
The percentage of mitochondrial genes in both groups was rela-
tively low (mostly <20%) (Supplementary Fig. 7a and d). Cells 
with mitochondrial gene content >15% or gene count <50 were 
filtered. Sequencing depth was strongly positively correlated with 
the number of genes (correlation coefficients = 0.77 and 0.87) and 
weakly correlated with mitochondrial content (correlation coeffi-
cients = 0.24 and −0.03) (Supplementary Fig. 7b and e). Feature-
gene variance plots showed that the top 10 genes were mainly 

Fig. 4. Screening of sepsis-related diagnostic genes using machine learning and evaluation of feature-selection methods. (a) Mean squared error versus 
log(λ) in Lasso regression. (b) Regression coefficient versus log(λ) curve. (c) Random forest analysis plot; the horizontal axis represents the number of trees, 
and the vertical axis represents the cross-validation error. (d) Screening of 37 key genes using the support vector machine-recursive feature elimination 
(SVM-RFE) algorithm. (e) Genes ranked by feature importance using the eXtreme Gradient Boosting (XGBoost) algorithm. (f) Genes ranked by feature impor-
tance using the Gradient Boosting Machine (GBM) algorithm. (g) Receiver operating characteristic (ROC) curve of Lasso. (h) ROC curve of SVM-RFE. (i) ROC 
curve of random forest. (j) ROC curve of XGBoost. (k) ROC curve of GBM. (l) ROC curve of the integrated machine-learning model. CI, confidence interval.
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Fig. 6. Shapley additive exPlanations (SHAP)-based interpretable machine-learning analysis. (a) Multiple machine-learning algorithms, including random 
forest, support vector machine, eXtreme Gradient Boosting (XGBoost), and 10 additional machine-learning methods, were trained and evaluated using 
5-fold repeated cross-validation, followed by receiver operating characteristic (ROC) curve analysis. (b) SHAP bar plot. (c) SHAP bee plot. (d) SHAP waterfall 
plot. (e) SHAP force plot.

Fig. 5. Nomogram, decision curve analysis (DCA), and clinical impact curve (CIC) of the diagnostic model. (a) Nomogram for evaluating sepsis risk. (b) Cali-
bration curve of nomogram prediction. (c) DCA curve of nomogram prediction. (d) CIC of nomogram prediction. (e-h) Nomogram, calibration curve, DCA, 
and CIC in the validation group.
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IGKV-series genes (Supplementary Fig. 7c and f). PCA identified 
20 significant components (P < 0.05) with distinct gene expres-
sion patterns in cell clusters (Fig. 7a and b). The sepsis single-cell 
sequencing data were then annotated (Fig. 7c). By combining cell 
annotation results with the immune infiltration analysis, we found 
that monocytes, T cells, NK cells, and neutrophils in sepsis patients 
were closely related to immune dysregulation in sepsis. In addi-
tion, we annotated single-cell sequencing data from the sepsis and 
healthy control groups (Fig. 7d). Through systematic annotation 
of distinct cell subsets, we identified differential gene expression 
patterns between sepsis and healthy control groups across various 
cell types. Specifically, S100A12 expression in B cells, CD4+ T 
cells, CD8+ T cells, monocytes, and NK cells differed between the 
two groups. CD22 expression in B cells differed between the two 
groups, and CSTA expression in CD8+ T cells differed between 
the two groups (Supplementary Table 14). Cell-type differential 
analysis and visualization of diagnostic genes in sepsis patients 
showed that S100A12 and UPP1 were upregulated in monocytes 
and neutrophils, CSTA was upregulated in monocytes, and CD22 
was downregulated in B cells (Fig. 7e, Supplementary Fig. 8a and 
b, and Supplementary Table 15). The cell-type difference analy-
sis of the four diagnostic genes was consistent with our immune-
correlation analysis, indicating that these genes regulate different 
immune cells and participate in sepsis progression. Finally, cell 
trajectory analysis showed that B cells were the most differenti-
ated, followed by CD4+ T cells, CD8+ T cells, and dendritic cells, 
with subsequent differentiation into monocytes, CD8+ T cells, 
erythroid cells, NK cells, and platelets (Supplementary Fig. 9).

Cell communication analysis at the pathway level
The ligand-receptor pair analysis showed that the interactions 
mainly involved secreted signaling, extracellular matrix (ECM)-

receptor interactions, and cell-cell contact, with most annotations 
derived from the KEGG database (Fig. 8a). In the graph showing 
the number of intercellular interactions, the monocyte node was 
the largest, indicating that monocytes were the most abundant in-
teracting cells. The connection between monocytes and B cells was 
the thickest, suggesting that monocytes may act as ligand-sending 
cells and B cells as receptor cells (Fig. 8b). Figure 8c shows the 
intensity of intercellular interactions, in which line thickness rep-
resents interaction strength and weight. The line connecting mono-
cytes and CD8+ T cells was the thickest, indicating the strongest 
interaction between these cell types. According to the bubble plot, 
interactions between B cells and monocytes and between CD8+ T 
cells and monocytes were most likely mediated through the mac-
rophage migration inhibitory factor receptor-ligand pair (CD74 
+ CD44) (Fig. 8d). We then analyzed cell communication at the 
pathway level. Among the pathways examined, we focused on the 
protease-activated receptor (PAR) pathway because of its role in 
pro- and anti-inflammatory mechanisms. The cell-communication 
heatmap suggested that, in the PAR pathway, CD8+ T cells can 
act as ligand cells that send signals to NK cells (Fig. 8e). Cell-
type analysis further indicated that CD8+ T cells can act as send-
ers and NK cells as receivers (Fig. 8f). These pathway-level cell-
communication analyses indicate that pro-inflammatory pathways 
are important in sepsis development and that CD8+ T cells and NK 
cells play central roles, consistent with the immune-infiltration and 
enrichment analyses.

Screening of sepsis-related drugs and molecular docking with 
diagnostic genes
Functional associations of the four diagnostic genes were further 
explored via GSVA using two databases: KEGG and GO. Specifi-
cally, Supplementary Figures 10a, c, e, and g correspond to KEGG-

Fig. 7. Single-cell data analysis. (a) Distribution of P values for each principal component (PC) in the sepsis group. (b) Distribution of P values for each PC in 
the combined sepsis and healthy control population. (c) Cell-cluster analysis in the sepsis group. (d) Cell-cluster analysis in the combined sepsis and healthy 
control population. (e) Bubble plots of the four diagnostic genes in each cluster of the sepsis group.

https://doi.org/10.14218/JTCCM.2025.00027


DOI: 10.14218/JTCCM.2025.00027  |  Volume 8 Issue 2, June 202612

Wang Y.L. et al: Four diagnostic genes regulating immune responses in sepsisJ Transl Crit Care Med

based GSVA results, whereas Supplementary Figures 10b, d, f, and 
h represent GO-based GSVA findings for S100A12, CD22, CSTA, 
and UPP1, respectively.

For S100A12 (significantly upregulated in sepsis), KEGG-
based GSVA revealed higher enrichment scores for the primary 
immunodeficiency and T-cell receptor signaling pathways (Sup-
plementary Fig. 10a). Additionally, GO-based GSVA for S100A12 
showed significant upregulation of pathways related to the regu-
lation of lymphocyte apoptotic processes, which was associated 
with the negative regulation of pantothenic acid and coenzyme A 
biosynthesis pathways, as well as autophagy regulation (Supple-
mentary Fig. 10b).

Regarding CD22 (downregulated in sepsis), KEGG-based 
GSVA indicated upregulation of the complement and coagula-
tion cascades and cytoplasmic DNA-sensing pathways, alongside 
marked reductions in B-cell receptor signaling, primary immuno-
deficiency, and T-cell receptor signaling pathways (Supplementary 
Fig. 10c).31 GO-based GSVA for CD22 further revealed signifi-
cant upregulation of pathways involved in the classical pathway of 
complement activation (Supplementary Fig. 10d).

For CSTA (upregulated in sepsis), KEGG-based GSVA demon-
strated its effects on signaling pathways (e.g., phosphatidylinositol 
signaling) and immune responses (Supplementary Fig. 10e). GO-
based GSVA for CSTA showed upregulation of mitophagy-related 
pathways (Supplementary Fig. 10f).

For UPP1 (upregulated in sepsis), KEGG-based GSVA revealed 
higher enrichment scores for the primary immunodeficiency and 
T-cell receptor signaling pathways (Supplementary Fig. 10g). 
GO-based GSVA for UPP1 indicated significant upregulation of 
pathways related to the negative regulation of smooth muscle cell 
differentiation, vascular-associated pathways, and the positive reg-
ulation of Rho protein signaling (Supplementary Fig. 10h).

Molecular docking showed favorable binding properties. Aceta-
minophen bound to S100A12, with an optimal docking energy of 
−5.4 kcal/mol (Fig. 9a). Estradiol bound to CD22, with an optimal 

docking energy of −6.6 kcal/mol (Fig. 9b). Dexamethasone bound 
to UPP1, with a docking energy of −8.4 kcal/mol (Fig. 9c), and 
aspirin bound to CSTA, with a docking energy of −6.6 kcal/mol 
(Fig. 9d).

Discussion
Sepsis is a highly lethal syndrome and a serious global public 
health issue. The Sepsis-3 definition emphasizes life-threatening 
organ dysfunction caused by a dysregulated host response to in-
fection, marked by excessive inflammation and immunosuppres-
sion. Among the various cell types and mediators involved in 
sepsis-related excessive inflammation, prominent features include 
leukocytes (such as neutrophils, macrophages, and NK cells), en-
dothelial cells, cytokines, complement products, and activation 
of the coagulation system.32–35 In recent years, the critical role of 
immune cell apoptosis in sepsis-related immune dysfunction has 
been elucidated.36 Sepsis-induced immune cell apoptosis not only 
leads to depletion of key immune effector cells but also contributes 
to immunosuppression. High-throughput sequencing is a major ad-
vance in genomics research and has been widely applied in the 
search for disease candidate genes.37 Machine learning, a subset of 
artificial intelligence, uses data and algorithms to identify patterns 
and can contribute to the diagnosis, prediction, and treatment of 
sepsis.38 However, relying on a single machine learning method 
for feature screening may lead to method-specific bias. There-
fore, this study integrated multiple machine learning methods to 
develop a diagnostic model for sepsis. Combining the advantages 
of each machine learning approach reduced method-specific bi-
ases that can arise during feature selection. External validation 
and SHAP interpretability analysis were subsequently performed 
to assess the feasibility of the diagnostic model, and the results 
indicated that the selected genes had high predictive value. The 
diagnostic genes identified through these methods may improve 
overall predictive accuracy.39

Fig. 8. Cell communication analysis. (a) Distribution of ligand-receptor pair types. (b) Cell-communication network showing the number of interactions. (c) 
Cell-communication network showing interaction strength. (d) Bubble plot of receptor-ligand pairs. (e) Heatmap of cell communication. (f) Cell-type analysis 
diagram. ECM, extracellular matrix; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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In this study, we identified 346 DEGs between sepsis patients 
and healthy controls, with 230 genes upregulated and 116 down-
regulated in sepsis samples. Through GO and KEGG enrichment 
analyses, we found that the DEGs between sepsis patients and 
healthy controls were mainly enriched in pathways related to im-
mune receptor activity, cytokine binding, T-cell differentiation, 
immune response regulation, cell surface receptor signaling, and 
T helper cell differentiation. These findings suggest that immu-
nosuppression in sepsis involves various cell types and features, 
such as enhanced immune cell apoptosis, T-cell dysfunction, and 
impaired T-cell receptor signaling. Gene alterations are associated 
with cellular reprogramming and reduced expression of activated 
cell-surface molecules. Immunosuppression is linked to increased 
susceptibility to secondary infections in sepsis patients, often 
caused by opportunistic pathogens and viral reactivation. In sep-
sis, apoptosis occurs primarily in T cells, B cells, NK cells, and 
dendritic cells and may play a crucial role in shaping the immune 
microenvironment.

Significant differences were observed in neutrophils, mono-
cytes, γδ T cells, resting CD4+ T cells, CD8+ T cells, NK cells, 
and M0 macrophages between sepsis patients and healthy controls. 
Activation of these immune cells is a hallmark of excessive in-
flammation in sepsis. Our data suggest that sepsis development is 
also associated with significant lymphocyte depletion, character-
ized by decreased CD8+ and CD4+ T cells and NK cells. Previ-
ous studies have shown that neutrophils can promote excessive 
inflammation in sepsis by releasing proteases and reactive oxygen 
species (ROS).40 Neutrophils can release neutrophil extracellular 
traps (NETs), which consist of chromatin fibers containing antimi-
crobial peptides and proteases, such as myeloperoxidase, elastase, 
and proteinase G. NETs capture and kill bacteria and promote an-
timicrobial defense, whereas deoxyribonuclease I (DNase) inhibits 
NET formation, increases bacterial load in the blood, and reduces 
survival in septic animals. However, like many innate immune 
components, NETs have dual roles during infection. In sepsis, ex-
cessive NETosis may be harmful through multiple mechanisms, 

including intravascular thrombosis and multiple organ failure. In 
our immune differential analysis, neutrophils were more abundant 
in sepsis patients than in healthy controls, suggesting that excess 
neutrophil activation may contribute to thrombosis and multiple 
organ failure in sepsis.41 CD8A had the highest degree score among 
proteins in the adaptive immune pathway related to T-cell differ-
entiation, highlighting its importance in the sepsis immune mi-
croenvironment and underscoring the association between sepsis 
pathogenesis and adaptive immunity. GSEA highlighted comple-
ment and coagulation cascades as central to sepsis pathogenesis.42 
These two evolutionarily linked systems drive pro-inflammatory 
responses: complement activation releases C3a/C5a, recruiting 
leukocytes and endothelial cells, whereas uncontrolled activation 
causes tissue damage. Conversely, coagulation activation initiates 
immune thrombosis, aiding pathogen defense but exacerbating mi-
crovascular thrombosis in sepsis. Dysregulation of these systems 
can culminate in disseminated intravascular coagulation, reflecting 
their dual roles in immune protection and pathological injury.43

S100A12 was significantly upregulated in sepsis. According to 
the GSVA results, S100A12 was significantly upregulated in im-
mune-related pathways, the T-cell receptor signaling pathway, and 
pathways related to the regulation of lymphocyte apoptosis in sep-
sis patients, indicating its involvement in immune responses and 
pathogen clearance. S100A12 is an EF-hand calcium-binding pro-
tein of the S100 family that is primarily expressed and secreted by 
neutrophils. According to our integrated omics results, monocytes 
and neutrophils were increased in sepsis patients, and S100A12 
expression in these two cell types was increased during sepsis. 
Combined with the ROC curve, nomogram, and SHAP interpret-
ability analyses of S100A12 expression in the training and valida-
tion groups, S100A12 may serve as a promising marker for the 
diagnosis of sepsis. Clinical evidence suggests that S100A12 may 
be a sensitive and specific diagnostic biomarker for local inflam-
matory processes.44 Recent research indicates that acetaminophen 
may prevent and treat organ dysfunction in critically ill patients 
with sepsis.45 Molecular docking showed that acetaminophen 

Fig. 9. Molecular docking of diagnostic genes and candidate compounds. (a) Docking result of S100A12 with acetaminophen. (b) Docking result of CD22 
with estradiol. (c) Docking result of UPP1 with dexamethasone. (d) Docking result of CSTA with aspirin.
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could bind closely to S100A12, with an optimal docking binding 
energy of −5.4 kcal/mol.

CD22 (Siglec-2) is a member of the sialoglycan-binding im-
munoglobulin-like lectin family (Siglecs). As a core inhibitory re-
ceptor of B cells, CD22 exerts its regulatory effects primarily by 
recruiting the tyrosine phosphatase SHP-1 via its intracellular im-
munoreceptor tyrosine-based inhibitory motif and dephosphorylat-
ing adjacent substrates to dampen excessive B-cell receptor (BCR) 
signaling. This “brake” mechanism is essential for preventing 
aberrant B-cell activation and maintaining tonic signaling thresh-
olds during B-cell development, thereby ensuring quality control 
of functional B cells and humoral immune homeostasis.46,47 The 
significant downregulation of CD22 in sepsis, together with the 
reduced activity of BCR signaling and the key immune effector 
pathways identified by GSVA, may be biologically important be-
cause it directly links CD22 to sepsis-induced immune dysfunc-
tion. In sepsis, the loss of CD22 expression disrupts this inhibitory 
cascade: diminished CD22 levels impair SHP-1-mediated dephos-
phorylation, leading to unchecked BCR signaling that drives hy-
peractivation of mature B cells. Furthermore, CD22 enhances its 
self-regulatory capacity through homotypic clustering, a process 
that amplifies local CD22 concentration and strengthens BCR 
signal suppression.48 The downregulation of CD22 in sepsis abro-
gates this synergistic inhibitory effect, further exacerbating B-cell 
overactivation. Notably, CD22’s role in maintaining immune toler-
ance (as implicated in autoimmune diseases, such as systemic lu-
pus erythematosus) suggests that its downregulation in sepsis may 
also disrupt B-cell tolerance, promoting the activation of autoreac-
tive B cells and further fueling immunopathological damage.49,50 
Collectively, the downregulation of CD22 in sepsis removes a key 
inhibitory checkpoint of B-cell activation, triggering a cascade 
of humoral immune dysregulation characterized by excessive in-
flammation, impaired immune homeostasis, and failed pathogen 
clearance, all of which are central to the progression of sepsis-
related immune dysfunction. This finding highlights CD22 as a 
critical regulatory node in sepsis-associated immune derangement, 
underscoring its potential as a target for restoring the immune bal-
ance in sepsis. Estradiol has been shown to improve inflammatory 
responses.51 Molecular docking suggested a possible interaction 
between estradiol and CD22, with an optimal docking binding en-
ergy of −6.6 kcal/mol.

UPP1 encodes uridine phosphorylase 1, an enzyme involved 
in pyrimidine metabolism.52 According to the GSVA results from 
the GO database, UPP1 was significantly upregulated in the Rho 
protein signaling pathway. In severe infection and sepsis, UPP1-
related metabolic changes may be associated with vascular injury, 
systemic inflammatory response syndrome, and hypercoagulabil-
ity,53,54 whereas Rho proteins, a family of GTPases in the Ras su-
perfamily, play important roles in eukaryotic cells, particularly in 
cytoskeletal assembly.55 In Escherichia coli, Rho proteins termi-
nate transcription by removing RNA polymerase from the DNA 
template via RNA-dependent ATPase activity. The upregulation 
of UPP1 promotes transcription termination in Escherichia coli, 
which is closely related to metabolic disorders and immune regu-
lation induced by sepsis.56 These findings suggest that targeting 
uridine metabolism could support the development of new thera-
pies for cancer and metabolic diseases and may also help regu-
late immune responses. Taken together, our omics results showed 
that monocytes and neutrophils were increased in sepsis patients 
and that UPP1 expression was increased in both cell types dur-
ing sepsis. Combined with the ROC curve, nomogram, and SHAP 
interpretability analyses of UPP1 expression in the training and 
validation groups, UPP1 may also be a promising marker for the 

diagnosis of sepsis. Studies have shown that dexamethasone may 
improve endothelial injury and inflammation.57 Molecular dock-
ing suggested tight binding between dexamethasone and UPP1, 
with a docking binding energy of −8.4 kcal/mol.

CSTA is involved in clathrin-mediated endocytosis, vesicle 
transport, membrane dynamics, autophagy, cell division/cytokine-
sis, and cell migration.58 GSVA results from the GO database also 
showed that upregulated CSTA in sepsis affected signaling path-
ways such as phosphoinositide signaling, which plays an important 
role in clathrin-mediated endocytosis, vesicle transport, membrane 
dynamics, autophagy, cell division/cytokinesis, and cell migration 
by inducing changes in the cytoskeleton and actin remodeling. 
CSTA is upregulated in mitophagy and plays an important role in 
apoptosis. Apoptosis and necrosis are two forms of cell death, with 
apoptosis playing an important role in maintaining tissue homeo-
stasis. Apoptosis occurs through two distinct pathways: the recep-
tor-activated caspase 8-mediated pathway and the mitochondrial 
caspase 9-mediated pathway, with caspase 3 activation being the 
final common pathway for both. Previous studies suggest that ex-
tensive apoptosis in cells from other organs occurs during the later 
stages of sepsis, leading to multiple organ dysfunction.59 Thus, 
CSTA may play a key role in sepsis. Aspirin is one of the most 
widely used antipyretic, analgesic, and anti-inflammatory drugs 
globally and also has anti-thrombotic effects.60 Molecular docking 
suggested tight binding between aspirin and CSTA, with a binding 
energy of −6.6 kcal/mol.

Although treatments for sepsis have advanced, mortality re-
mains high. Therefore, our research team aims to explore whether 
therapeutic agents targeting the four key genes (S100A12, CD22, 
CSTA, and UPP1) could mitigate sepsis progression.

While molecular docking offers valuable preliminary insights 
into the binding modes between target proteins and candidate li-
gands, it has inherent limitations that preclude direct clinical ex-
trapolation. Notably, docking predicts binding affinity trends but 
cannot quantify true dissociation constants, a key parameter re-
quiring validation by surface plasmon resonance (SPR) or isother-
mal titration calorimetry. It also does not account for in vivo phar-
macokinetics (e.g., bioavailability and metabolism), drug toxicity, 
or off-target effects, which are critical for clinical applicability. 
Thus, our docking results should be interpreted as a preliminary 
screening tool to prioritize candidates, not as evidence of clinical 
efficacy. Our research team will validate binding affinity via SPR 
and assess therapeutic potential through in vitro and in vivo experi-
ments to address these gaps.

Single-cell sequencing data showed that S100A12 was spe-
cifically upregulated in neutrophils, suggesting that it may be 
involved in sepsis progression by regulating neutrophil-mediated 
inflammatory responses. CD22 was specifically downregulated in 
B cells from sepsis patients, suggesting that it may participate in 
sepsis progression by disrupting B cell-mediated antigen presen-
tation or antibody secretion. CSTA was specifically upregulated 
in monocytes from sepsis patients, suggesting that it may partici-
pate in sepsis-related immune imbalance by inhibiting protease 
activity and regulating the release of inflammatory mediators in 
monocytes. UPP1 was specifically upregulated in monocytes and 
neutrophils from sepsis patients, suggesting that it may participate 
in excessive inflammatory responses by enhancing nucleoside me-
tabolism and promoting the synthesis and release of inflammatory 
mediators, such as interleukin-1β.

The strengths of this study include the use of multiple machine-
learning methods, which increased confidence in the diagnostic 
model, and external validation, which supported the feasibility of 
the model. The SHAP framework was used to interpret the gene 
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expression-based classification model. Multiple complementary 
approaches were used to characterize the immune environment of 
sepsis, including immune infiltration, WGCNA, and single-cell 
analysis. Single-cell data analysis focused on cell heterogeneity and 
subpopulation identification, cell development and differentiation 
trajectories, and intercellular communication networks. In addition, 
WGCNA integrated gene modules with immune cells, aiding the 
identification of sepsis-related genes associated with immune-cell 
function. Finally, molecular docking provided a preliminary strategy 
for prioritizing candidate pharmacological interventions.

However, this study also has some limitations. First, all tran-
scriptomic and single-cell sequencing data analyzed in this study 
were obtained from public databases rather than from independ-
ent prospective clinical cohorts at our center. Incomplete clinical 
metadata in these public datasets limited further exploration of the 
associations between the four diagnostic genes and detailed clini-
cal phenotypes of patients with sepsis. Second, this study mainly 
relied on multi-omics bioinformatics analyses and lacked corre-
sponding in vitro cell experiments or in vivo animal model valida-
tion. Therefore, the immune regulatory functions and diagnostic 
performance of the identified signature genes require experimental 
validation in future studies. Third, although molecular docking 
provides preliminary insights into potential binding patterns be-
tween target proteins and candidate ligands, it has inherent limita-
tions and cannot support direct clinical extrapolation. Docking can 
predict trends in binding affinity but cannot quantitatively deter-
mine dissociation constants (K_D), a key parameter that needs to 
be verified by SPR or isothermal titration calorimetry. In addition, 
docking does not account for in vivo pharmacokinetics, such as 
bioavailability and metabolism, or drug toxicity and off-target ef-
fects, which are essential for clinical applicability.

Conclusions
In summary, by integrating bioinformatics and multiple machine-
learning algorithms, we identified four diagnostic genes for sepsis 
in patient whole-blood samples. These signature genes suggest 
that immune dysregulation, metabolic derangement, and uncon-
trolled apoptosis leading to organ failure may be key mechanisms 
in sepsis development and progression. Combined WGCNA, CIB-
ERSORT, and single-cell sequencing analyses indicated that the 
regulatory effects of these diagnostic genes on immune cells may 
contribute to sepsis progression and that their expression levels can 
distinguish patients with sepsis from healthy individuals. In addi-
tion, we developed a diagnostic model that may help support indi-
vidualized risk assessment and treatment optimization after further 
clinical validation. These findings provide new insights into the 
diagnosis and management of sepsis.
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