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Background: Immune dysregulation is central to the pathogenesis of sepsis, yet the underlying immunomodulatory mechanisms in 
pediatric sepsis remain insufficiently defined. This study aimed to elucidate key immune-related gene signatures and cellular features 
associated with pediatric sepsis.
Methods: Integrated bioinformatic analyses were applied to identify immunomodulatory-related differentially expressed genes 
(IRDEGs). Immune modulation was further characterized by computing immunomodulatory scores (IMSs) using single-sample 
gene set enrichment analysis (ssGSEA), followed by subgroup stratification and immune cell infiltration analysis.
Results: Five hub IRDEGs—MAPK14, S100A9, HP, SERPINB1, and SIGLEC5—were identified. Among these, MAPK14 exhibited 
a strong association with myeloid-derived suppressor cells (MDSCs), which were significantly enriched in patients with high IMSs.
Conclusion: These findings reveal novel immunomodulatory axes in pediatric sepsis, emphasizing the role of MAPK14 and MDSCs. 
This work provides potential biomarkers and therapeutic targets for improving the clinical management of pediatric sepsis.
Keywords: pediatric sepsis, immunomodulation, machine learning, least absolute shrinkage and selection operator, myeloid-derived 
suppressor cells

Introduction
The intricate interplay between pro- and anti-inflammatory processes, which initiates serious infections with impaired 
organ function, is the basis of the death race between pathogens and the host immune system.1,2 The host’s dispropor
tionate reaction to pathogens contributes to pediatric sepsis, which is characterized by high morbidity and mortality.3,4 

Sepsis is responsible for more than 20% of pediatric fatalities globally, with children aged under 5 being particularly 
susceptible. At the onset of sepsis, 67% of these children show multiple organ dysfunction syndrome (MODS).5 

Currently, there is no particularly efficacious treatment for sepsis apart from standard and supportive care, and severe 
sepsis still constitutes a leading cause of death. Moreover, existing diagnostic and therapeutic approaches for pediatric 
sepsis still fall short of clinical demands. Therefore, there is an urgent need to refine diagnostic accuracy, develop more 
effective treatments, and improve patient outcomes and prognosis-ultimately alleviating the financial burden on families 
and society.6,7

Mounting evidence indicates that immunomodulation has major effects on the development, prognosis and outcome 
of pediatric sepsis. This regulation of immune function involves interactions between immune cells and molecules in the 
immune system, as well as other systems such as the neuroendocrine system, to guarantee the most suitable level and 
form of immune response. If the immune response to external pathogenic microorganisms cannot be properly regulated, 
it could exert harmful effects on the body.8 Consequently, the immunomodulatory system decides not only the necessity 
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of an immune reaction but also its intensity. The regulation is finely tuned and highly complex, exerting control over 
multiple phases of the immune response.9

The current definition of sepsis refers to a “dysregulated host response to infection”, and patients with sepsis could 
exhibit both enhanced inflammatory response and immunosuppression. The consequence of the former is early tissue 
damage and organ malfunction, while the latter, in extreme and persistent cases, causes multiple fatal complications, 
drastically increasing the mortality of kids in the middle and late stages of sepsis.10,11

However, it is a misconception to simply regard pediatric sepsis as a scaled-down version of adult sepsis. Essential 
distinctions exist between adult and pediatric sepsis in clinical presentation, pathogen spectrum, and immune response 
patterns. The pediatric immune system is in a state of dynamic development, and its innate immune cell function (such as 
the response of neutrophils and macrophages) and adaptive immune cell repertoire (predominantly composed of naive 
T cells) significantly differ from the mature immune system of adults. This immaturity and rapid variability result in 
a more unique pattern of immune dysregulation in pediatric patients, potentially favoring specific states of immunosup
pression. Elucidating these immunological distinctions is crucial for understanding the specific pathological mechanisms 
in pediatric sepsis.

Immunosuppression in sepsis cases involves multiple cell types and features, which are associated with increased 
immune cell apoptosis, T cell depletion, cell reprogramming via epigenetic alterations, and decreased biosynthesis of 
activated cell surface molecules.12 Myeloid-derived suppressor cells (MDSC), also known as immature myeloid cells, are 
thought to possess immunosuppressive functions. Recent evidence indicates that these cells may be involved in immune 
dysfunction in sepsis, controlling the immune response. In sepsis, MDSC might play a dual role according to the disease 
stage. First, they can limit excessive inflammation in the early disease stage, allowing organs to gain protection from 
early dysfunction. In contrast, they can be deleterious by intensifying prolonged immunosuppression and promoting 
chronic critical illness (CCI) and/or persistent inflammation, immunosuppression, and catabolism syndrome (PICS).13 It 
is known that immune processes, eg, the secretion of inflammatory cytokines and chemokines, the manifestation of 
inhibitory receptors and the respective ligands, and changes in immune cell numbers and/or activity, are indispensable for 
the onset and progression of sepsis, as well as for the immunomodulatory processes of sepsis.

With the development of bioinformatics and immunology, in recent years, many studies have employed bioinfor
matics methods to examine large-scale and high-throughput genomic data for the early diagnosis of adult sepsis and the 
identification of biomarkers and immunotherapy targets. However, immune genes and the specific mechanisms of 
immune cells in childhood sepsis have not been examined. Therefore, this study aimed to conduct an in-depth assessment 
of the immune regulation mechanism of childhood sepsis, as well as a stratified analysis through Weighted Gene Co- 
expression Network Analysis(WGCNA), Least Absolute Shrinkage and Selection Operator (LASSO) and consensus 
clustering, to explore the immune characteristics of pediatric sepsis, which may better guide clinical diagnosis and 
treatment.

Materials and Methods
Data Acquisition and Preprocessing
The gene expression datasets GSE1390414 and GSE6968615 for pediatric sepsis patients were downloaded using the 
R package GEOquery16 from the GEO database.17 The GSE13904 dataset comprised a total of 227 whole blood samples 
from children, categorized as follows:51 samples from children with Systemic Inflammatory Response Syndrome (SIRS), 
52 samples from children with sepsis, 106 samples from children with septic shock, and 18 samples from healthy 
children. The data were processed on the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array 
platform. The GSE69686 dataset contained a total of 149 pediatric whole blood samples. These samples were comprised 
of: 39 from children with clinical sepsis, 25 from children with sepsis, 58 from uninfected children, and 27 from 
uninfected children with chorioamnionitis. The data were processed on the GPL20292 [hGlue_3_0] Custom Affymetrix 
Human Transcriptome Array platform.

The case classifications within the aforementioned public datasets were all based on the pediatric-specific sepsis 
diagnostic criteria adhered to at the time of their original publication. GSE13904 followed the 2005 International 
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Pediatric Sepsis Consensus Conference definition, while GSE69686 utilized a clinical definition based on organ 
dysfunction prevalent during its study period. Crucially, these definitions did not adopt the Sepsis-3 standard based on 
the adult SOFA score; instead, they incorporated age-specific physiological and clinical parameters necessary to identify 
severe systemic responses caused by infection in children. By integrating and analyzing this data, our study aims to 
explore common molecular features related to immune response dysregulation in children who meet the traditional 
pediatric sepsis definitions.

To precisely identify the core transcriptional features associated with infectious sepsis (rather than generalized 
systemic inflammation), we filtered the GSE13904 dataset. Specifically, we excluded samples from children with SIRS 
of non-infectious etiology to avoid interference from non-specific inflammatory signals. Meanwhile, we temporarily 
excluded samples from children with septic shock to focus on the fundamental pathophysiological state of sepsis, thereby 
preventing the masking of core signals by the extreme phenotype of the terminal disease stage. Subsequent analysis 
included the expression profile data from 52 whole blood samples of children with sepsis (Sepsis Cohort) and 18 whole 
blood samples of normal children (Control Cohort) from the GSE13904 dataset. All samples from the GSE69686 dataset 
were considered in the following analysis. The detailed dataset information can be found in Table 1.

Besides, Immunomodulatory-Related Genes (IRGs) were retrieved from the GeneCards database18 (https://www. 
genecards.org/). Our final set of IRGs consisted of 205 after filtering for “Protein Coding” and “Relevance Score > 1” 
using the keyword “Immunomodulatory”. The specific gene names can be found in Supplementary Table 1.

Identification of IRDEGs
The R package limma was employed to investigate GSE13904 (training dataset) and GSE69686 (validation dataset) to 
uncover the possible mechanisms, biological functions, and pivotal signaling pathways in pediatric sepsis. Initial data 
processing involved normalization of both GSE13904 and GSE69686 datasets using established microarray preproces
sing protocols. Subsequent differential expression analysis was performed to systematically identify DEGs between 
clinical subgroups within each dataset. The DEGs meeting the selection criteria of log2FC > 0.5 and adjusted p-value (P. 
adj) < 0.05 were classified as upregulated DEGs, while genes with log2FC < −0.5 and P.adj < 0.05 were defined as 
downregulated DEGs.

We performed an intersection analysis of DEGs identified in both datasets, with the overlapping genes visualized via 
Venn diagrams to determine common differentially expressed genes (DEGs). The resulting common DEGs were 
subsequently cross-referenced with our curated list of IRGs through additional Venn analysis to identify pediatric sepsis- 
associated IRDEGs. The differential expression patterns were visualized using volcano plots generated with the ggplot2 
R package and hierarchical clustering heatmaps created using the pheatmap R package.

Functional Enrichment Analyses
The R package ClusterProfiler19 was utilized to analyze IRDEGs with Gene Ontology (GO)20 and Kyoto Encyclopedia of 
Genes and Genomes (KEGG)21 pathway enrichment analyses. GO analysis is an approach for extensive functional 

Table 1 Sepsis Data Set Information List

GSE13904 GSE69686

Platform GPL570 GPL20292

Species Homo sapiens Homo sapiens

Tissue Whole blood Whole blood

Samples in Sepsis group 52 64

Samples in Control group 18 85

Reference Genomic expression profiling across the pediatric systemic inflammatory response 
syndrome, sepsis, and septic shock spectrum.

Postnatal Age Is a Critical Determinant of the 
Neonatal Host Response to Sepsis.
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enrichment analyses, revealing biological process (BP), molecular function (MF), and cellular component (CC). KEGG 
is a comprehensive knowledge base that provides systematic integration of genomes, biological pathways, diseases, and 
drugs. The significance thresholds were set at P.adj < 0.05 and false discovery rate (FDR/q-value) < 0.05, with 
Benjamini-Hochberg (BH) correction applied for multiple testing.

Gene Set Enrichment Analysis (GSEA)
GSEA22 is employed to evaluate the distribution pattern of genes from a predefined gene set within a phenotype- 
correlated ranked gene list, thereby assessing their potential contribution to the observed phenotype. In this study, all 
DEGs in the pediatric sepsis datasets (GSE13904 and GSE69686) were subjected to enrichment analysis using the 
clusterProfiler package. The parameters used were as follows: seed set to 2020, number of calculations set to 1000, 
minimum gene set size of 10, maximum gene set size of 500, and the P-value adjustment method set to BH. The c2.cp. 
all.v2022.1.Hs.symbols.gmt [All Canonical Pathways] (3050 gene sets) was retrieved from the Molecular Signatures 
Database (MSigDB)23 and used as the reference gene set. The significantly enriched pathways were selected based on the 
criteria of P.adj < 0.05 and FDR/q-value < 0.05.

WGCNA
WGCNA24 utilizes the correlation coefficients of normalized gene expression to evaluate the co-expression relationship 
between genes, defining genes with co-expression relationships as a module. The expression levels within the same 
module are comparable, while those of genes in different modules are markedly different. This analytical method can 
uncover the relationships between gene co-expression modules and clinical phenotypes, thus shedding light on the 
biological significance of these modules. This analysis was conducted using the R package WGCNA,25 with 
RsquaredCut of 0.90, minimum module gene number of 100, and module merging cut height of 0.2. By doing so, we 
were able to identify co-expression modules between genes from different clinical subgroups (Sepsis/Control Cohort) 
within the GSE13904 dataset. By correlating the co-expression modules with the clinical subgroups, we were able to 
identify the genes within the top three most correlated modules. These genes were then intersected with IRDEGs to 
obtain Module Immunomodulatory-related Differentially Expressed Genes (Module IRDEGs).

Feature Selection and LASSO Risk Model Development
Random Forest (RF)26 is a popular method for building predictive models, whose core involves constructing multiple 
independent decision trees through random sampling of data and features. The purpose of cross-validation is to tackle the 
problems of a single test result being too narrow and a lack of sufficient training data. Our model was built leveraging the 
expression levels of IRDEGs from the GSE13904 dataset, using the randomForest package.27 Our next step was to 
perform five runs of ten-fold cross-validation, then refine the number of variables by analyzing the cross-validation 
curve.

By adding a penalty term and reducing overfitting, LASSO regression analysis28 improves linear regression’s 
generalization ability. A LASSO risk model was developed by performing LASSO regression analysis, implemented 
via the R package glmnet,29 on the features selected through RF. The RiskScores for the GSE13904 and GSE69686 
datasets were calculated by entering the key gene expression levels into the RiskScore formula. Then, we divided both 
datasets into High-risk and Low-risk Groups based on the median RiskScore within their respective Sepsis Cohorts. The 
key genes for our subsequent analysis were IRDEGs identified within the LASSO risk models. The LASSO RiskScore 
formula was derived as follows:

Animals, Grouping, and Experimental Design
Twelve male SD rats at postnatal day 14 (PND-14) (weight range: 30–40g) were purchased from Ziyuan Laboratory 
Animal Co. in Hangzhou. All animals were specific pathogen-free (SPF), housed under standard SPF conditions in the 
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animal facility with ad libitum access to food and water, and acclimatized for 3–5 days prior to any experimental 
procedures. No genetic modifications were involved, and no previous procedures had been performed on them.

The animal experiment was designed as an exploratory validation study aimed at confirming the directionality of gene 
expression changes rather than performing mechanistic confirmation. The sample size is consistent with similar 
preliminary transcriptomic validation studies in sepsis research. To ensure the rigor and minimize systematic bias in 
this design, the animals were randomly divided into the sepsis group (n=6) and the control group (n=6) using a computer- 
generated random number sequence. Since this was an exploratory study and a formal power calculation was not feasible 
a priori, the sample size (n=6 per group) was determined based on preliminary data and common practice in similar 
studies investigating gene expression in rodent sepsis models. To minimize potential confounders, the order of treatments 
(injections and blood collection) was also randomized, and the cage positions of the animals were regularly rotated. 
Although blinding was not performed during the animal treatment and sample collection (due to the evident physical 
differences—eg, lethargy, piloerection—between LPS-treated and saline-control animals), the researcher who performed 
the quantitative polymerase chain reaction (qPCR) data analysis was fully blinded to the group allocation.

The primary outcome measure was the expression level of MAPK14, as it was the most significantly dysregulated 
gene in our preliminary bioinformatics analysis. The other four genes were considered secondary outcome measures. All 
animals that completed the 24-hour LPS challenge protocol were included in the analysis. No animals or data points were 
excluded.

Animal Modeling and qPCR Validation
The rats of the sepsis and control groups were injected with 100μL of LPS (10 mg/kg, i.p) and saline, respectively. 
Following a 24-hour LPS challenge, peripheral blood was collected from the retro-orbital venous plexus in isoflurane- 
anesthetized PND-14 rats (3% induction, 1.5% maintenance) and immediately processed for qPCR. All procedures, 
including isoflurane euthanasia, were performed in accordance with the Guide for the Care and Use of Laboratory 
Animals.

The RNAeasy Blood RNA Extraction Kit (Beyotime, China) was utilized for total RNA extraction from peripheral 
blood, in line with the manufacturer’s protocol. Subsequently, the Hifair II1st Strand cDNA Synthesis Kit (Yeasen, 
China) was employed for cDNA synthesis. Finally, qPCR utilized the Hieff qPCR SYBR Green Master Mix (Yeasen, 
China). GAPDH expression was employed for normalization. A Fluorescence Quantitative PCR Instrument (Jingle 
Scientific Instruments, Hangzhou) was employed to conduct qPCR, with gene expression determined by the 2−ΔΔCt 

method. Supplementary Table 2 contains the gene-specific PCR primers employed.

Diagnostic Performance of Key Genes and Validation Of LASSO Model
In a Cartesian coordinate system, a nomogram30 visually depicts the functional relationships among several independent 
variables using a cluster of non-intersecting line segments. With the help of the R package rms, we intended to generate 
a nomogram based on the results of the LASSO regression analysis. This nomogram visualized the interplay between key 
gene expression and pediatric sepsis diagnosis within the GSE13904 and GSE69686 datasets. Decision Curve Analysis 
(DCA)31 provides a simple and effective way to evaluate the utility of clinical prediction models, diagnostic tests, and 
molecular markers. With the R package ggDCA, the DCA plots were generated from two datasets using key genes. Our 
final step was to plot Receiver Operating Characteristics (ROC) curves for LASSO Riskscores from both datasets and 
calculate the Area Under the Curve (AUC) using the R package pROC. By doing so, we were able to evaluate the 
diagnostic accuracy of the LASSO RiskScore expression in predicting pediatric sepsis.

ssGSEA and IMS Construction
It is possible to quantify the relative abundance of infiltrating immune cells32,33 and to label the types of immune cells 
that are infiltrated using the ssGSEA algorithm. The enrichment scores calculated in the R package GSVA indicate the 
level of different immune cell types infiltrating each sample. As a first step, we calculated the infiltration abundance 
differences of 28 immune cells between the Sepsis and Control Cohorts in GSE13904. Our next step was to analyze the 
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correlations among immune cells, along with the correlations between immune cells and key genes, within the Sepsis and 
Control Cohorts of this dataset. A final step was to visualize the corresponding plots using the R package ggplot2.

The expression matrices of key genes were analyzed employing the ssGSEA34 algorithm with the R package GSVA35 

on the GSE13904 and GSE69686 datasets, respectively, to calculate the IMSs. According to their median IMSs, we 
divided both Sepsis Cohorts from both datasets into High-score and Low-score Groups. As a next step, we plotted ROC 
curves for the key genes in two datasets and calculated the Area Under the Curve (AUC) for each ROC curve. The 
purpose of this was to evaluate the diagnostic effectiveness of IMSs.

In addition, we carried out ssGSEA analysis on all genes, comparing both High-score and Low-score Groups, and the 
cluster 1 and cluster 2 derived from consensus clustering, all within the Sepsis Cohort of the GSE13904 dataset.

Consensus Clustering
The consensus clustering algorithm36 is used for identifying robust and consistent sample groupings by applying each 
clustering algorithm multiple times over a subset of the data and then combining the results. For the subtyping of 
samples, we used the R package ConsensusClusterPlus37 to perform consensus clustering on the key genes in GSE13904. 
Moreover, we conducted Principal Component Analysis (PCA)38 on each subtype in order to observe the differences 
between them.

Statistical Analysis
Throughout this article, R software (Version 4.1.2) was used for all data processing and analysis. The non-parametric 
Mann–Whitney U-test was selected for group comparisons because the sample size was small and the normality 
assumption could not be verified using the Shapiro–Wilk test (P < 0.05). In comparison with the two groups, the two- 
tailed Mann–Whitney U-test (Wilcoxon rank-sum test) was utilized. In instances involving three or more groups, 
Kruskal–Wallis test was employed for comparisons. Post-hoc pairwise comparisons were performed with Dunn’s test 
and adjusted for multiple comparisons via the Benjamini-Hochberg method (FDR < 0.05). Categorical variables were 
analyzed by Chi-squared test or Fisher’s exact test, depending on the nature of the data. The correlation coefficients 
between different molecules were calculated using Spearman correlation analysis, and a P-value less than 0.05 was 
considered statistically significant.

Results
Identification and Functional Enrichment of IRDEGs
The flow chart of this study is shown in Figure 1. To integrate the GEO datasets (GSE13904 and GSE69686) originating 
from two different microarray platforms, we adopted a rigorous two-step preprocessing strategy. Firstly, we indepen
dently performed background correction, quantile normalization, and log transformation on the raw data of each dataset 
using the limma package in R, ensuring within-dataset comparability (detailed in Supplementary Figure 1A–D). 
Subsequently, to eliminate the platform differences (batch effects) between the two datasets, we only retained the 
common genes present across both platforms and applied the ComBat function from the sva package to perform 
empirical Bayes correction on the merged data. This procedure effectively removed the batch effects, allowing biological 
variation to become the primary source of data variation, thus providing stable input data for the subsequent WGCNA 
analysis. There were 70 samples in the GSE13904 dataset, including 52 from children with sepsis and 18 from healthy 
children. Additionally, there were 149 samples in the GSE69686 dataset, including 64 pediatric sepsis and 85 control 
samples.

The outcomes of the differential analysis showed that GSE13904 yielded 21653 DEGs, of which 328 met the criteria 
of |logFC|>0.5 and P.adj <0.05. In comparison to the Control Cohort, 68 genes in the Sepsis Cohort were downregulated, 
while 260 were upregulated. In GSE69686, there were 18946 DEGs. Based on the same criteria, 477 genes were 
upregulated and 103 genes were downregulated in children with sepsis, versus the Control Cohort. The differential 
analysis results from the two datasets are visualized with a volcano plot (Figure 2A and B). The next step is to take the 
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intersection of the DEGs in the two datasets mentioned above and create a Venn diagram (Figure 2C). Subsequently, the 
common DEGs and IRGs were interposed. As a result, a total of 11 IRDEGs identified were shown in Figure 2D.

To map the chromosomal distribution of 11 IRDEGs, we relied on the RCircos package for positional annotation 
(Figure 2E). According to Figure 2E, these IRDEGs were primarily located on chromosomes 1, 2, 4, 6, 12, 16, 19, and 
X. Building on this, we further explored the differential expression of these 11 IRDEGs across different clinical 
subgroups in GSE13904 and GSE69686. This was visualized with a combination of heatmaps (Figure 2F and G) and 
group comparison plots (Figure 2H and I). Based on our differential expression analyses, all 11 IRDEGs (HP, 
SERPINB1, MAPK14, SIGLEC5, ITGAM, TLR2, TLR8, IL18R1, CLEC4E, and IL1R1) were significantly differen
tially expressed between the two clinical subgroups (Sepsis/Control Cohort) in both datasets.

To explore the associations of 11 IRDEGs with sepsis in children, we initially conducted GO and KEGG pathway 
analyses (Table 2). The 11 IRDEGs showed significant enrichment in specific GO terms. In the BP category, they were 
mainly involved in the regulation of interleukin-12 production, regulation of inflammatory response, positive regulation 
of leukocyte-mediated immunity, and reactive oxygen species metabolic process. For the CC category, the enrichments 
were observed in secretory granule lumen, cytoplasmic vesicle lumen, vesicle lumen, external side of plasma membrane, 
and tertiary granule. Regarding the MP category, the genes were associated with NAD+ nucleosidase activity, pattern 
recognition receptor activity, antioxidant activity, immune receptor activity and MAP kinase activity. In addition to GO 

Figure 1 Technology Roadmap. The study flowchart of integrated bioinformatics and experimental validation for identifying sepsis-related immune signatures.
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Figure 2 The difference analysis between GSE13904 and GSE69686. (A) The Volcano plot of DEGs between the Sepsis Cohort and Control Cohort in GSE13904. (B) The 
Volcano plot of DEGs between the Sepsis Cohort and Control Cohort in GSE69686. Differential gene expression was depicted by colored dots: red (upregulated), blue 
(downregulated), and grey (non-significant). (C) The Venn diagram of DEGs in GSE13904 and GSE69686. (D) The Venn diagram of common DEGs and IRGs. (E) The 
chromosomal mapping of IRDEGs. (F) The heatmap of IRDEGs in GSE13904. (G) The heatmap of IRDEGs in GSE69686. (H) The differential expression analysis of IRDEGs 
in GSE13904. (I) The differential expression analysis of IRDEGs in GSE69686. (The symbol *** is equivalent to p < 0.001, which is highly statistically significant.).
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enrichment, these 11 IRDEGs were also mainly enriched in several KEGG pathways, including Tuberculosis, Neutrophil 
extracellular trap formation, IL-17 signaling pathway, Hematopoietic cell lineage, and TNF signaling pathway. The GO 
enrichment data were visualized using bubble plots (Figure 3A) and ring network diagrams (Figure 3B–D), while the 
KEGG pathway enrichment data were displayed via bar graphs (Figure 3E) and divergent network diagrams (Figure 3F).

Table 2 GO KEGG Enrichment Analysis Results

Ontology ID Description GeneRatio BgRatio pvalue p.adjust qvalue

BP GO:0032655 Regulation of interleukin-12 production 3/11 63/ 
18800

5.80521E-06 0.001161041 0.00052145

BP GO:0050727 Regulation of inflammatory response 4/11 394/ 
18800

5.57941E-05 0.002789707 0.001252921

BP GO:0002705 Positive regulation of leukocyte 
mediated immunity

3/11 138/ 
18800

6.11609E-05 0.002822812 0.001267789

BP GO:0002443 Leukocyte mediated immunity 4/11 457/ 

18800

9.92939E-05 0.003346068 0.001502796

BP GO:0072593 Reactive oxygen species metabolic 

process

3/11 231/ 

18800

0.00028091 0.006741842 0.003027915

CC GO:0034774 Secretory granule lumen 4/11 322/ 

19594

2.15665E-05 0.000320755 0.000104507

CC GO:0060205 Cytoplasmic vesicle lumen 4/11 325/ 

19594

2.2366E-05 0.000320755 0.000104507

CC GO:0031983 Vesicle lumen 4/11 327/ 

19594

2.2911E-05 0.000320755 0.000104507

CC GO:0009897 External side of plasma membrane 4/11 455/ 

19594

8.31904E-05 0.000759547 0.000247471

CC GO:0070820 Tertiary granule 3/11 164/ 

19594

9.04222E-05 0.000759547 0.000247471

MF GO:0003953 NAD+ nucleosidase activity 4/11 28/ 

18410

1.40185E-09 8.55131E-08 4.13178E-08

MF GO:0038187 Pattern recognition receptor activity 3/11 26/ 

18410

4.09506E-07 4.99598E-06 2.41393E-06

MF GO:0016209 Antioxidant activity 2/11 85/ 

18410

0.001127784 0.007643869 0.003693328

MF GO:0140375 Immune receptor activity 2/11 148/ 

18410

0.003366571 0.0171134 0.00826877

MF GO:0004708 MAP kinase kinase activity 1/11 18/ 

18410

0.010705494 0.029947596 0.014469934

KEGG hsa05152 Tuberculosis 4/8 180/ 

8164

1.4932E-05 0.000758344 0.000457538

KEGG hsa04613 Neutrophil extracellular trap formation 4/8 190/ 

8164

1.84962E-05 0.000758344 0.000457538

KEGG hsa04657 IL-17 signaling pathway 2/8 94/8164 0.003510778 0.022108813 0.013339078

KEGG hsa04640 Hematopoietic cell lineage 2/8 99/8164 0.003886748 0.022108813 0.013339078

Abbreviations: GO, Gene Ontology; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Journal of Inflammation Research 2026:19                                                                                          https://doi.org/10.2147/JIR.S568261                                                                                                                                                                                                                                                                                                                                                                                                       9

Shi et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



To ascertain the effects of genes linked to pediatric sepsis on this disease occurrence and development, GSEA was 
carried out to conduct an in-depth analysis of the connections between the biological processes, cellular components, and 
molecular functions influenced by the differentially expressed genes in both the GSE13904 and GSE69686 datasets. The 
DEGs in GSE13904 had significant enrichments in Signaling By Interleukins, Oxidative Stress Response, IL-4 Signaling 
Pathway, IL-6 7 Pathway, and additional pathways (Supplementary Figure 2A–E, Supplementary Table 3). The DEGs of 
GSE69686 were found to be notably enriched in Interleukin 1 Family Signaling, IL-1R Pathway, IL-1 Pathway, 
Neutrophil Degranulation, and additional pathways (Supplementary Figure 2F–J, Supplementary Table 4).

Figure 3 GO and KEGG analyses of IRDEGs. (A) The bubble plots of GO enrichment analyses for IRDEGs (BP, CC, MF category). The size of the circle reflected the 
number of counts. (B–D) The ring network plots of GO terms enriched in IRDEGs, categorized into BP (B), CC (C), and MF (D). (E) The bar plot of KEGG functional 
enrichment analysis of IRDEGs. The gradient bar color scale reflected the P.adj magnitude, where darker hues denote enhanced enrichment significance through 
progressively smaller p-values. (F) The divergence network plot of KEGG functional enrichment analysis of IRDEGs. (In the bubble plot (A), the ordinate was the 
magnitude of the p-value, and the abscissa was the category name. In the network plot (B–D and F), red dots represented specific pathways and blue dots represented 
specific genes. The screening criteria for GO/KEGG enrichment items were P.adj < 0.05 and FDR value (q-value) < 0.05.
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Identification of IRDEG-Enriched Modules via WGCNA
To assess gene expression differences between different clinical subgroups (Sepsis/Control Cohort) in the GSE13904 
dataset, WGCNA was performed for all genes in different subgroups of GSE13904 to identify co-expression modules. 
This step was crucial as it focused the analysis on the genes with the most significant variability, potentially carrying 
more information about the differences between the subgroups.

Genes were pre-filtered by variances, retaining the top 90% most variable genes for downstream analysis. 
Subsequently, GSE13904 samples were clustered by clustering tree analysis, and the clustering results were displayed 
in Figure 4A. We determined the optimal power threshold by setting the screening criterion as 0.9 (Figure 4B). The top 
90% genes of the GSE13904 dataset were involved in nine modules, including MEyellow, MEgreen, MEred, 
MEturquoise, MEblack, MEbrown, MEpink, MEblue and MEgrey (Figure 4C). Using a merge threshold of 0.2 
(Figure 4C), we reclustered the top 90% genes and generated updated gene-module assignment visualizations 
(Figure 4D). Based on the grouping conditions in GSE13904 and expression patterns of the module genes, we identified 
the correlations between the 9 modules (MEyellow, MEgreen, MEred, MEturquoise, MEblack, MEbrown, MEpink, 
MEBlue and MEgrey) and clinical subgroups (Figure 4E). Finally, we took the intersection of 11 IRDEGs in GSE13904 
with the module genes contained in the MEblue, MEbrown, and MEturquoise modules and drew a Venn diagram to 
obtain the module Immunomodulatory-Related Differentially Expressed Genes (Module IRDEGs), as shown in 
Figure 4F–H.

Selection of Key Genes and LASSO Risk Model Construction
To evaluate the diagnostic performance of the 11 IRDEGs in GSE13904, RF was employed to investigate the levels of 
the 11 IRDEGs in the Sepsis and Control Cohorts. The error curve of decision trees was generated (Figure 5A) and the 
MeanDecreaseGini scatter plot (Figure 5B) of the 11 IRDEGs was then plotted for the screening of important genes. The 
higher the MeanDecreaseGini, the more important the genes for the grouping, that is, the greater the impact on the 
diagnosis of pediatric sepsis. Thereafter, the selection of the number of genes was guided by a cross-validation error 
curve (Figure 5C), which was generated by executing 10-fold cross-validation 5 times. The algorithm screened 5 
IRDEGs with important effects on the diagnosis of pediatric sepsis.

On the basis of the five IRDEGs identified by the RF algorithm, we constructed a LASSO risk model. As a visual 
representation of the regression results, the LASSO regression model diagram (Figure 5D) and the LASSO variable 
trajectory diagram (Figure 5E) were created. These data showed that the LASSO risk model contained a total of 5 
IRDEGs, ie, MAPK14, S100A9, HP, SERPINB1 and SIGLEC5. In our subsequent research, these genes were designated 
as key genes, based on which a forest plot was plotted (Figure 5F).

In addition, by plugging the expression levels of these key genes into the RiskScore formula, we determined the 
RiskScore for each sample in GSE13904 and GSE69686. Based on the median RiskScore, the Sepsis Cohort samples 
were divided into Low-risk Group and High-risk Group. The formula for RiskScore calculation was thus:

Experimental Validation of Key Genes in a Rat Model
To confirm the expression of the five critical genes, qPCR was performed on peripheral blood specimens from 14-day-old 
rats. Compared with the control group, MAPK14 (1.005±0.099 vs 1.418±0.099) (Figure 6A) and SERPINB1 (1.042 
±0.220 vs 0.353±0.220) (Figure 6B) were significantly different in the model group. The change in the expression levels 
of these two genes was different, with elevated expression of MAPK14 and reduced expression of SERPINB1. S100A9 
(1.012±0.174 vs 1.266±0.174) (Figure 6C), HP (1.039±0.215 vs 1.059±0.215) (Figure 6D) and SIGLEC5 (1.004±0.133 
vs 1.360±0.133) (Figure 6E) were not significantly different in the sepsis samples. The qPCR analysis of MAPK14 
results corroborated bioinformatics findings in the GEO datasets, indicating a validation of results.
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Figure 4 WGCNA identified co-expression modules in GSE13904. (A) The sample dendrogram and trait heatmap in GSE13904. (B) The analysis of network topology 
under different soft-thresholding powers in GSE13904. (C) The gene module dendrogram in GSE13904. (D) The visualization of the gene dendrogram and its respective 
module colors. (E) The visualization of module-trait association analysis between gene modules and clinical subgroups in GSE13904. (F–H) The Venn diagram of IRDEGs in 
GSE13904 with MEblue (F), MEbrown (G) and MEturquoise (H) module genes.
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Diagnostic Evaluation of Key Genes and LASSO Risk Model
To comprehensively assess the diagnostic performance of key genes included in the LASSO risk model for pediatric 
sepsis, we adopted a systematic approach. Initially, to identify the impact of key genes on pediatric sepsis diagnosis, 
nomograms were generated from diagnostic models, illustrating the contribution of key gene expression within 
GSE13904 and GSE69686. Notably, in GSE13904, the expression levels of HP and MAPK14 played a significantly 
larger role in diagnosis compared to other variables (Supplementary Figure 3A). Similarly, analysis of GSE69686 
revealed that SIGLEC5 and MAPK14 expression contributed markedly more to pediatric sepsis diagnosis than other 
variables (Supplementary Figure 3B).

Following this, to assess the clinical utility of the pediatric sepsis diagnostic models, we performed DCA on both 
datasets. The findings revealed that the models yielded a substantial net benefit and exhibited strong clinical performance, 
indicating that the potential benefits of treatment outweighed the associated risks (Supplementary Figure 3C and D).

Figure 5 Screening of key genes and LASSO risk model construction. (A) The training error plot of the RF algorithm. (B) MeanDecreaseGini scatter plot of IRDEGs. (C) 
The cross-validation error plot. (D) The diagnostic model plot of the LASSO regression model. (E) The variable trajectory plot of the LASSO regression model. (F) The 
forest plot of key genes in the LASSO regression model.
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Ultimately, the diagnostic utility of the LASSO risk model was validated by plotting ROC curves based on the 
RiskScore within both datasets, utilizing the R package pROC. The ROC curve for GSE13904 suggested that the 
expression of the RiskScore possessed a considerable degree of accuracy in the diagnosis of pediatric sepsis 
(Supplementary Figure 3E, AUC = 0.955). However, in GSE69686, the expression of the RiskScore presented with 
lower accuracy for pediatric sepsis diagnosis (Supplementary Figure 3F, AUC = 0.853).

Immune Landscape Differences Between Sepsis and Control in GSE13904
To gain deeper insight into the immune characteristics within GSE13904, we utilized the ssGSEA algorithm to calculate 
the infiltration abundance of 28 immune cell types in both the Sepsis and Control Cohorts. Subsequently, and analyzed 
the varying infiltration levels of these 28 immune cell types across the different cohorts, with the results displayed in 
a group comparison plot (Figure 7A). Our results showed that 18 immune cell types exhibited statistically significant 
differences in infiltration abundance, including Activated B cells, Activated CD8 T cells, Activated T cells, Central 
memory CD8 cells, Effector Memory CD4 cells, Gamma-Delta T cells, Immature B cells, Regulatory T cells, Type 1 
T helper cells, Activated Dendritic cells, CD56bright Natural Killers, CD56dim Natural Killers, Macrophages, Mast 
Cells, MDSC, Monocytes, Natural Killers, Neutrophils, and Plasmacytoid Dendritic cells.

Subsequently, we analyzed the correlations among the infiltration abundances of these 18 immune cells. The results 
consistently demonstrated significant positive correlations among them (Figure 7B). In parallel, we explored the 
correlations between the infiltration abundances of these 18 immune cells and the expression levels of five key genes 
(MAPK14, S100A9, HP, SERPINB1, SIGLEC5). Our analysis showed that the infiltration abundances of these 18 
immune cells were significantly correlated with the expression of the five key genes, predominantly exhibiting positive 
correlations (Figure 7C).

Figure 6 mRNA expression levels of 5 key genes in rat sepsis models. The comparisons of mRNA expression levels between the control and model groups for genes 
MAPK14 (A), SERPINB1 (B), S100A9 (C), HP (D) and SIGLEC5 (E). The bar plots showed the differences in mRNA expression levels between the control and model 
groups. The statistical method used to analyze the results was a paired sample t-test, with results expressed as mean ± standard deviation. (The symbol ns is equivalent to 
p ≥ 0.05 and has no statistical significance. The symbol * is equivalent to p < 0.05 and is statistically significant.).
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IMS Stratification and Correlation with Key Genes
Within Sepsis Cohorts of the GSE13904 and GSE69686 datasets, the ssGSEA was conducted on the expression matrices 
of five key genes (MAPK14, S100A9, HP, SERPINB1, SIGLEC5) to obtain IMSs for each sample. Following this, the 
Sepsis Cohort samples in both datasets were stratified into High-score and Low-score Groups based on the median IMSs. 
The group comparison plots were visually presented to compare the differential expression values of key genes between 
the two scoring groups in the two datasets.

The results revealed that in GSE13904, the three key genes (MAPK14, SERPINB1, SIGLEC5) exhibited extremely 
statistically significant differences between the two scoring groups, and the two key genes (S100A9 and HP) showed 
statistically significant differences (p <0.01), and all of which were highly expressed in High-score Group 
(Supplementary Figure 4A). In GSE69686, all five key genes (MAPK14, S100A9, HP, SERPINB1 and SIGLEC5) 

Figure 7 ssGSEA immune characteristics in GSE13904. (A) The visualization of ssGSEA immune infiltration analysis between the Sepsis Cohort and Control Cohort in 
GSE13904. (B) The presentation of the correlation analysis of immune cell infiltration abundance in GSE13904. (C) The correlation scatter plots of immune cells and key 
genes in GSE13904. (The symbol ns is equivalent to p ≥ 0.05 and has no statistical significance. The symbol * is equivalent to p < 0.05 and is statistically significant. The 
symbol ** is equivalent to p < 0.01 and is highly statistically significant. The symbol *** is equivalent to p < 0.001 and is highly statistically significant.).
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also showed significant differences between the two scoring groups (p <0.001) and were notably upregulated in High- 
score Group (Supplementary Figure 4B).

Next, these ROC curves were generated based on the expression levels of 5 key genes (MAPK14, S100A9, HP, 
SERPINB1, SIGLEC5) within the Sepsis Cohort, comparing their expression between the two scoring groups across two 
datasets. The goal was to validate the diagnostic utility of the IMS.ROC curve analysis revealed HP (AUC=0.725, 
Supplementary Figure 4C), MAPK14 (AUC=0.791, Supplementary Figure 4D), S100A9 (AUC=0.703, Supplementary 
Figure 4E), SERPINB1 (AUC=0.819, Supplementary Figure 4F) and SIGLEC5 (AUC=0.859, Supplementary Figure 4G) 
had a diagnostic potential in GSE13904. In addition, in GSE69686, MAPK14 (AUC=0.879, Supplementary Figure 4H), 
S100A9 (AUC=0.810, Supplementary Figure 4I), SERPINB1 (AUC=0.873, Supplementary Figure 4J) and SIGLEC5 
(AUC=0.899, Supplementary Figure 4K) had certain diagnostic potential, while HP (AUC=0.965, Supplementary 
Figure 4L) had a higher diagnostic performance.

Immune Feature Differences Between High and Low IMS Groups in GSE13904
To further investigate the immune characteristics of pediatric sepsis patients in GSE13904 and delineate the differences 
in immune infiltration between High-score and Low-score Groups, we conducted ssGSEA analysis on the Sepsis Cohort 
from this dataset, quantifying the infiltration levels of 28 immune cell types across both scoring groups. The degrees of 
infiltration differences of the 28 immune cell subsets were compared, and the results were presented through a group 
comparison plot (Figure 8A). The results showed significant abundance differences for six immune cell types, including 
Type 1 T helper cells, Activated dendritic cells, Macrophages, Mast cells, MDSC, and Natural killers. Subsequent 
research findings demonstrated a prevailing positive correlation between immune cells and genes across the two scoring 
groups within this dataset (Figure 8B and C). Furthermore, the stratified analysis yielded consistent findings with the 
aforementioned results. In Low-score Group of this dataset, the majority of key genes demonstrated significant positive 
correlations with immune cells. In High-score Group, the key gene MAPK14 exhibited marked positive correlations with 
all six immune cell subtypes analyzed (Figure 8D and E).

Identification of Sepsis Subtypes via Consensus Clustering
To investigate the expression differences of key genes in pediatric sepsis patients from the GSE13904 dataset, we 
performed consensus clustering using the R package ConsensusClusterPlus. This analysis identified two sepsis-related 
subtypes (cluster 1 and cluster 2) (Figure 9A), with each subtype containing 26 samples. Furthermore, the PCA analysis 
of the expression matrix showed significant divergence between the two subtypes (Figure 9B). Meanwhile, we displayed 
the consensus clustering CDF plot (Figure 9C), the Delta area plot (Figure 9D), and a heatmap illustrating the differential 
expression of five key genes in the subtypes (Figure 9E). The expression of a key gene (HP) in cluster 2 showed an 
obvious positive correlation, and the remaining four key genes (MAPK14, S100A9, SERPINB1, and SIGLEC5) in both 
subtypes showed obvious negative correlations.

Then, we used the Wilcoxon rank sum test to assess the differential expression of five key genes between the two 
subtypes in GSE13904. As shown in Figure 9F, four key genes exhibited statistically significant differences in expression 
between the two subtypes: S100A9, HP, SERPINB1 and SIGLEC5, with lower levels in cluster 1 than in cluster 2.

Immune Infiltration Differences Between Sepsis Subtypes in GSE13904
Next, to assess differences in immune infiltration between sepsis subtypes (cluster 1 and cluster 2) in GSE13904, the 
ssGSEA algorithm was employed to evaluate infiltration levels for 28 immune cell types. The Mann–Whitney U-test was 
used to analyze the differential immune infiltration patterns between the subtypes, with the results visualized through 
a group comparison plot (Figure 10A). In the Sepsis cohort of GSE13904, there were 4 immune cell types differentially 
infiltrated between the two subtypes, with statistical significance, namely Activated dendritic cells, Macrophages, Mast 
cells, and MDSC.

Our next step was to determine how the abundance of the four immune cell types within the two subtypes of the 
GSE13904 dataset correlates. According to the results, most immune cells showed a positive correlation (Figure 10B and 
C). In addition, we investigated the correlations between the infiltration levels of the four immune cell types and the 
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Figure 8 ssGSEA immune characteristics between High and Low IMS Groups in GSE13904. (A) The group comparison plot of ssGSEA immune infiltration analysis between 
High-score/Low-score Groups in GES13904. (B and C) The correlation analysis of immune cell infiltration abundance among immune cells in Low-score (B) and High-score 
Groups (C) of pediatric sepsis patients from the GSE13904 dataset. (D and E) The correlation scatter plot of immune cells and key genes in Low-score (D) and High-score 
Groups (E) of pediatric sepsis patients from the GSE13904 dataset. (The symbol ns is equivalent to p ≥ 0.05, which has no statistical significance. The symbol * is equivalent 
to p < 0.05, which is statistically significant. The symbol ** is equivalent to p < 0.01, which is highly statistically significant.).
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Figure 9 Construction of sepsis subtypes. (A) The consensus clustering plot of Sepsis Cohort in GSE13904 (K=2). (B) The PCA analyses of two subtypes (cluster 1 and 
cluster 2) in the Sepsis Cohort of GSE13904. (C and D) The consensus CDF plot (C) and delta area plot under the CDF curve (D). (E) The heatmap of key genes in the two 
subtypes. (F) The group comparison plot of key genes in two subtypes of GSE13904. (The symbol ns is equivalent to p ≥ 0.05, which has no statistical significance. The 
symbol ** is equivalent to p < 0.01, which is highly statistically significant. The symbol *** is equivalent to p < 0.001, which is highly statistically significant.).
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Figure 10 ssGSEA immune characteristics among two subtypes of pediatric sepsis samples in GSE13904. (A) The group comparison plot of ssGSEA immune infiltration 
analysis between two subtypes (cluster 1 and cluster 2) of pediatric sepsis in GSE13904. (B and C) The correlation analysis of immune cell infiltration abundance conducted 
on the two subtypes cluster 1 (B) and cluster 2 (C) in GSE13904. (D–E) The correlation scatter plots of immune cells and key genes conducted on the two subtypes cluster 
1 (D) and cluster 2 (E) in GSE13904. (The symbol ns is equivalent to p ≥ 0.05 and has no statistical significance. The symbol * is equivalent to p < 0.05 and is statistically 
significant.).
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expression of five key genes (MAPK14, S100A9, HP, SERPINB1, and SIGLEC5). The results were visualized using 
correlation dot plots (Figure 10D and E). In cluster 1 (Figure 10D), most key genes showed significant positive 
correlations with immune cell infiltration. In cluster 2 (Figure 10E), two key genes (MAPK14 and HP) exhibited 
relatively strong positive correlations with immune cells.

Discussion
Our integrated multi-transcriptome analysis provides a comprehensive overview of the immune landscape in pediatric 
sepsis and identifies immunomodulatory genes with potential diagnostic relevance. Notably, immune infiltration analysis 
of the GSE13904 dataset revealed that elevated MAPK14 expression was significantly associated with the infiltration of 
multiple immune cell populations, including activated DCs and MDSCs. In the present discussion, we place particular 
emphasis on the MAPK14–MDSC axis. This focus does not negate the relevance of other immune associations, but 
rather reflects both the statistical prominence of MAPK14 in our analyses and the established pathogenic importance of 
MDSCs in sepsis-related immunosuppression.

From a quantitative perspective, MAPK14 emerged as the most influential independent variable in the LASSO 
regression model constructed for pediatric sepsis, exhibiting the largest regression coefficient among candidate genes 
(Coef = 1.458). This finding suggests that MAPK14 may represent a central molecular feature within the identified 
immunoregulatory signature. In parallel, ssGSEA-based immune infiltration analysis demonstrated a significant positive 
correlation between MAPK14 expression levels and MDSC infiltration scores, supporting the hypothesis that MAPK14 is 
involved in immune regulation through pathways linked to MDSC expansion or function.

From a mechanistic standpoint, we prioritized MDSCs over DCs due to their distinct roles in the later stages of sepsis. 
While DCs primarily contribute to immune activation and antigen presentation, the large-scale expansion and sustained 
activation of MDSCs are widely recognized as key drivers of sepsis-induced immunoparalysis. This state of immune 
dysfunction increases susceptibility to secondary infections, contributes to organ failure, and is closely associated with 
poor long-term outcomes in pediatric patients. Taken together, the statistical weight of MAPK14, its consistent correla
tion with MDSC infiltration, and the central pathogenic role of MDSCs provide a coherent rationale for focusing on this 
regulatory axis.

Importantly, our findings were supported by cross-species validation at the expression level. In the LPS-induced rat 
sepsis model, MAPK14 expression was significantly upregulated in peripheral blood, consistent with the transcriptomic 
patterns observed in pediatric sepsis patients. Although this validation remains preliminary, it suggests that MAPK14 
activation during systemic inflammatory stress may represent a conserved molecular response, thereby reinforcing its 
biological plausibility as a key mediator in sepsis-associated immune dysregulation.

MAPK14, a prominent member of the MAPK family, plays multifaceted roles in immune homeostasis. The MAPK14 
signaling pathway is evolutionarily conserved and critically involved in innate immune responses and host defense, with 
dysregulation contributing to diverse pathophysiological processes.39,40 Beyond its role in cytokine production and innate 
immune signaling, MAPK14 also modulates adaptive immune responses by influencing the activity of multiple immune 
cell types.41 In pediatric sepsis, elevated MAPK14 expression has been associated with disease severity and therapeutic 
responsiveness, supporting its potential relevance as a prognostic indicator.42

MDSCs constitute a central immunosuppressive population within the septic immune microenvironment, exerting 
potent inhibitory effects on both innate and adaptive immunity.43 Their expansion is a characteristic feature of experi
mental and clinical sepsis and has been linked to nosocomial infections and adverse clinical outcomes.44 Despite their 
recognized importance, the upstream signaling mechanisms governing MDSC expansion and functional activation in 
sepsis remain incompletely understood. Given the broad regulatory capacity of MAPK14 in inflammatory signaling, it is 
plausible that MAPK14-related pathways may contribute to MDSC-mediated immunosuppression. This hypothesis 
provides a mechanistic framework linking MAPK14 activation to sepsis-induced immune paralysis and highlights 
a potential target for therapeutic modulation.

The immunomodulatory effects of MAPK14 are unlikely to operate in isolation but rather within a complex 
biological network. As a central signaling hub, MAPK14 promotes the production of pro-inflammatory cytokines45 

and influences immune cell differentiation,46 including macrophage polarization and T helper cell lineage commitment. 
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Moreover, MAPK14 regulates endothelial activation and adhesion molecule expression, thereby facilitating leukocyte 
recruitment and contributing to vascular permeability.47 These immune-mediated effects must be considered alongside 
microcirculatory and endothelial dysfunction, which are fundamental features of sepsis and acute respiratory distress 
syndrome. Clinical studies evaluating agents such as iloprost48 underscore the translational relevance of targeting both 
immunological and vascular components of sepsis, supporting an integrated pathophysiological framework.

Building on this perspective, immunotherapeutic strategies for pediatric sepsis should be tailored to distinct immune 
phenotypes. In hyperinflammatory states, cytokine-targeted therapies such as IL-1 receptor antagonists49 or JAK 
inhibitors50 may mitigate early tissue injury. Conversely, during immunosuppressive phases characterized by prominent 
MDSC expansion and MAPK14-associated signaling, immunostimulatory approaches—including cytokine 
supplementation,51 immune checkpoint modulation,52 or targeted regulation of MDSCs53—may help restore immune 
competence.

While MAPK14 represents a central node within this framework, the inclusion of S100A9, HP, SERPINB1, and 
SIGLEC5 strengthens the biological coherence of our model. These genes independently connect MAPK14 to key septic 
processes involving innate immune activation, immune checkpoint regulation, oxidative stress, and metabolic 
dysfunction.54–57 Our enrichment analyses further support this integrated view, reflecting leukocyte dysfunction across 
the continuum of sepsis—from early hyperinflammatory injury to later mitochondrial impairment.58,59

Several limitations of this study should be acknowledged. The analysis was primarily based on computational 
approaches, and functional interactions among the identified genes were not experimentally validated. Although 
a correlation between MAPK14 expression and MDSC infiltration was observed, mechanistic studies are required to confirm 
causality. In addition, ssGSEA-based immune deconvolution has inherent limitations, particularly in pediatric populations 
where age-dependent immune characteristics may influence gene expression signatures. Furthermore, the algorithm does not 
distinguish between polymorphonuclear and monocytic MDSC subsets, precluding subtype-specific analysis. Finally, 
residual batch effects arising from the integration of multiple public datasets may have influenced the results.

Conclusion
In summary, this study integrated pediatric sepsis transcriptomic data with immunoinformatic analyses and preliminary 
experimental validation to identify key immunomodulatory gene modules associated with disease pathogenesis. 
MAPK14 emerged as a central hub gene and potential biomarker, exhibiting a significant association with MDSC 
infiltration and defining a MAPK14–MDSC regulatory axis. These findings provide insight into the immune dysregula
tion characteristic of pediatric sepsis and emphasize the importance of immunophenotype-driven research. Collectively, 
this work establishes a conceptual framework for future mechanistic studies and the development of targeted immuno
modulatory strategies in pediatric sepsis.

Data Sharing Statement
The raw gene expression data supporting this study are publicly available in the NCBI GEO database (https://www.ncbi. 
nlm.nih.gov/geo/) under accession numbers [GSE13904](https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc= 
GSE13904) (sepsis cohort) and [GSE69686](https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE69686) (valida
tion set). All R scripts for data preprocessing, visualization, as well as the processed intermediate files and supplementary 
materials are available from the corresponding author or the first author upon reasonable request.
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The animal study protocol was reviewed and approved by the Institutional Animal Care and Use Committee (IACUC) 
of Shanghai Rat&Mouse Biotech Co., Ltd (Approval No. [202309(13)]). All experiments were conducted in accordance 
with the institution’s guidelines, which are based on the National Standards of China (GB/T 35892-2018), adhering to the 
principles of the 3Rs (Replacement, Reduction, Refinement). Furthermore, the reporting of this study complies with the 
ARRIVE Guidelines 2.0.
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ERC-EXEMPT-2025-001). The waiver confirms that this non-interventional research does not constitute human subjects 
research as defined in relevant ethical guidelines.
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