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Background: Pediatric sepsis is a complex and heterogeneous condition resulting from a dysregulated immune response to infection. 
Pyroptosis, a newly recognized form of programmed cell death, has been implicated in the progression of various inflammatory 
diseases. However, the role of pyroptosis-related genes in pediatric sepsis remains unclear.
Methods: Based on the GSE13904 dataset, we explored the pyroptosis-related differentially expressed genes (DEGs) in pediatric 
sepsis. We analyzed the molecular clusters based on pyroptosis-related DEGs. The WGCNA algorithm was performed to identify 
cluster-specific DEGs. The optimal machine model was identified by multiple machine learning methods (RF, SVM, GLM, XGB). The 
diagnostic value of hub genes in pediatric sepsis was verified in the training (GSE13904) and validation set (GSE26440) through ROC. 
qRT-PCR was used to verify the expression levels of 5 hub genes in whole blood between the pediatric sepsis and the control.
Results: The dysregulated pyroptosis-related DEGs were identified in pediatric sepsis. Three pyroptosis-related molecular clusters 
were determined in pediatric sepsis. SVM presented the best discriminative performance with relatively lower residual and root mean 
square error. The nomogram, calibration curve, and decision curve analysis indicated the accuracy of SVM model to predict pediatric 
sepsis. 5 hub genes based on SVM presented satisfactory performance in the training and validation sets. These hub genes expression 
levels in pediatric sepsis were significantly higher than those in healthy controls in clinical samples.
Conclusion: Our study systematically analyzed the relationship between pyroptosis and pediatric sepsis, and constructed a promising 
predictive model to evaluate the risk of pediatric sepsis.
Keywords: pediatric sepsis, pyroptosis, molecular clusters, immune infiltration, machine learning, prediction model

Introduction
Sepsis is a life-threatening condition defined as organ dysfunction resulting from a dysregulated host response to 
pathogenic infection, and it remains a significant cause of high morbidity, mortality, and disease burden in pediatric 
population.1–3 There were an estimated 48.9 million cases of sepsis and 11 million sepsis-related deaths worldwide. More 
than half of all sepsis cases occurred among pediatric population, resulting in 2.9 million sepsis-related deaths among 
children younger than 5 years, and 454,000 among children and adolescents aged 5–19 years.4 In the pediatric 
population, sepsis is a complicated and dangerous condition that can progress rapidly to septic shock and death without 
timely and effective intervention. Thus, early diagnosis of sepsis and timely administration of antibiotics can significantly 
improve outcomes.5–7 Unfortunately, given the clinical heterogeneity and complexity of sepsis,8 there are no effective 
biomarkers for early diagnosis of sepsis. Therefore, more reliable novel biomarkers are urgently required for early sepsis 
recognition.
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Pyroptosis is a novel type of programmed cell death, also known as inflammatory programmed cell death.9 There are 
four different signaling pathways have been identified to induce pyroptosis, including canonical inflammasome pathways, 
non-canonical inflammasome pathways, apoptotic caspases-mediated pathway, and granzymes-based pathway.10 When 
pyroptosis occurs, cytoplasmic membrane pores formation, cells swell and lysis, and release pro-inflammatory cytokines, 
such as interleukin-1β (IL-1β) and interleukin-18 (IL-18).3,11 Pyroptosis plays an essential role in host defense against 
pathogenic infection through the release of pro-inflammatory cytokines and cell lysis. However, excessive pyroptosis 
leads to dysregulated inflammatory response and cell or tissue damage, and may be involved in the pathological 
progression of many inflammatory diseases, including sepsis.10,12,13 Recent studies have confirmed that pyroptosis 
plays an important role in the occurrence and development of sepsis. Caspase-11-dependent macrophage pyroptosis is 
critical for induction of septic shock in mice.14,15 In the early hyper-inflammatory state of sepsis, excessive neutrophil 
pyroptosis is harmful because neutrophils are the main source of IL-1β during the infection. And caspase-1/11 knockout 
and IL-1β/IL-18 knockout can improve the survival rate in septic shock mice model.16 Some evidence shows that NLRP3 
inflammasome-induced pyroptosis contributes to age-related diseases and aging processes, indicating that pyroptotic 
activity is modulated by developmental stage. Furthermore, a single-cell RNA sequencing (scRNA-seq) study of human 
ovaries at different reproductive ages demonstrated that pyroptosis pathway activation increases with age, primarily in 
macrophages. These findings suggest that pyroptosis signaling is dynamically regulated during immune system 
maturation.17,18 Although many studies have shown that inhibiting pyroptosis is helpful in the treatment of sepsis, 
there are also some studies have shown that activation of pyroptosis plays a protective role in sepsis. Therefore, 
pyroptosis functions as a “double-edged sword” in sepsis.19 Although the role of pyroptosis in infectious diseases has 
garnered increasing attention in recent years, its molecular mechanisms and immunological regulatory pathways in 
pediatric populations remain insufficiently explored.

To address this gap, our study adopts a novel approach by focusing on pyroptosis-related genes as the analytical starting 
point. We employed unsupervised clustering to perform molecular subtyping of pediatric sepsis patients, aiming to uncover 
potential immune heterogeneity. Based on this, we further applied multiple machine learning algorithms to identify key 
feature genes and to construct clinically relevant biomarker panels. Unlike previous studies that largely focused on single 
indicators or adult samples, our integrative strategy provides a comprehensive framework—from molecular classification to 
the identification of diagnostic markers. This work offers new insights into the role of pyroptosis in pediatric sepsis and may 
contribute to early diagnosis and the development of personalized therapeutic strategies.

Materials and Methods
Microarray Dataset Collection and Data Process
Two microarray datasets (GSE13904 and GSE26440) related to pediatric sepsis were downloaded from GEO (www.ncbi. 
nlm.nih.gov/geo). The search keywords were “sepsis” and “children” with the following searching strategies: (((“sepsis”[All 
Fields]) AND “children”[All Fields]) AND “Homo sapiens”[organism]) AND “Expression profiling by array”[Filter]. 
Finally, GSE13904 (as training set) and GSE26440 (as validation set) were obtained. After being standardized, annotated, 
and cleared, the date from GSE13904 and GSE26440 dataset were used for bioinformatic analysis.

Identification of Pyroptosis-Related Differentially Expressed Genes (DEGs)
Pyroptosis-related expressed genes were screened from relevant literatures.20–23 Subsequently, pyroptosis-related DEGs 
between pediatric sepsis and healthy controls were analyzed using the “limma” package in R software (version 4.2.1, the 
same below) based on p value < 0.05 and FC (fold changes) > 1.5. The boxplot and heat map were drawn to visualize the 
pyroptosis-related DEGs using “ggboxplot” and “pheatmap” packages, respectively.

Evaluation of the Immune Cell Infiltration
The CIBERSORT algorithm (https:/cibersort.stanford.edu/) was used for calculating the relative abundances of 22 types 
of immune cells in GSE13904 dataset. Only samples with p-values < 0.05 were considered accurate immune cell 
fractions, which were used for further analysis.
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Unsupervised Clustering of Pediatric Sepsis
In order to further construct pyroptosis-related sepsis subtypes, we first utilized the Consensus Cluster Plus R package to 
identify the optimal cluster number based on pyroptosis-related DRGs expression profiles, then pediatric sepsis samples 
were classified into different clusters by using the k-means algorithm with 1,000 iterations. Finally, we chose the optimal 
cluster subtype number k = 3 based on the cumulative distribution function (CDF) curve, consistent cluster score (> 0.9), 
and consensus matrix.

Gene Set Variation Analysis (GSVA)
GSVA was performed to explain the differences in enriched gene sets among different clusters using the R package of 
“GSVA”. The “limma” R package was used to analyze the differentially expressed pathways and biological functions in 
different clusters by GSVA scores. The t value>2 was considered as statistically significant.

Weighted Gene Co-Expression Network Analysis (WGCNA)
We calculated the variance of each gene based on gene expression profile, and selected the top 25% genes with the 
highest variance to further analysis. The goodSamplesGenes method of R Package was utilized to removed outlier 
samples. Furthermore, we also built a scale-free co-expression network by WGCNA and then determined soft 
threshold through using scale-free co-expression network. We selected an optimal soft threshold to construct the 
adjacency matrix and further converted it into a topological overlap matrix (TOM) for average link hierarchical 
clustering. Besides, we also used TOM to classify related modules to ensure that the number of genes in each 
module was not less than 50, and Similar modules were merged based on shear height 0.25 of gene module. The 
relevance between merge modules and subtypes was explored by Pearson. Similar methods constructed co- 
expression networks of disease and their subtypes, then we extracted the common genes of the two modules and 
took their intersection.

Gene Functional Enrichment Analysis
Gene ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) were conducted to analyze 
the possible biological functions of cluster-specific DEGs through ClusterProfiler software package and ggplot2 software 
package.

Construction of Predictive Model Based on Multiple Machine Learning Methods
Based on cluster-specific DRGs, we used the “caret” R packages for establishing machine learning models, 
including random forest model (RF), support vector machine model (SVM), generalized linear model (GLM), 
and eXtreme Gradient Boosting (XGB). RF is a kind of ensemble machine learning approach, which predicts 
classification or regression via a variety of independent decision trees. SVM generates a hyperplane in the 
feature space with the maximum margin to distinguish between positive and negative instances. Extended on the 
basis of multiple linear regression models, GLM can flexibly assess the relationship between normally distributed 
dependent features and categorical or continuously independent features. XGB, a collection of boosting trees 
based on gradient boosting, can be used for comparing between the classification error and the model complexity 
precisely. The “caret” R packages automatically adjusted the parameters in these models by grid search. All of 
these machine-learning models are executed with default parameters and evaluated by 5-fold cross-validation. 
The “DALEX” package was used for interpreting the above four machine learning models and visualizing 
residual distributions and feature importance among these machine learning models. In addition, the “pROC” 
R package (Ver. 1.18.0) was also executed to visualize the region under the ROC curve. Therefore, the best 
machine learning model was determined, and the top 5 important variables were considered as key predictor 
genes associated with sepsis.
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Construction and Validation of a Nomogram Model
The “rms” R package was applied for establishing a nomogram model to evaluate the risk of pediatric sepsis. Each 
predictor has a corresponding score, and the “total score” represents the sum of the scores of each predictor. The 
predictive ability of the nomogram model was estimated through calibration curves, DCA and receiver operating 
characteristic (ROC).

Independent Validation Analysis
Two GSE13904 and GSE26440 datasets were used for validating the diagnose ability of 5 hub genes by the ROC 
analyses. ROC curves were visualized using the “pROC” R package. p value < 0.05 was considered as statistically 
significant.

Quantitative Real-Time PCR (qRT-PCR)
The whole blood samples of 25 pediatric sepsis and 14 healthy controls were collected from Women and Children’s 
Hospital, School of Medicine, Xiamen University (Xiamen, China). The study received approval from the Ethics 
Committee of Women and Children’s Hospital, Xiamen University (Number: KY-2021-035-K01), and written informed 
consents were obtained from the guardians of the pediatric participants. The screening criteria for sepsis patients were 
based on sepsis 3.0.1 None of patients had a history of autoimmune disorders, neoplastic diseases, or oral immunosup
pressants. Total RNA was extracted from whole blood using a RNAsimple total RNA kit (Tiangen, Beijing, China) and 
reverse-transcribed to cDNA using a FastKing RT kit (Tiangen, Beijing, China) according to the manufacturer’s 
instructions. Quantitative Real-Time PCR was performed with a SYBR Green Master Mix (Tiangen, Beijing, China) 
according to the manufacturer’s instructions. All primer sequences were shown in Table 1. Data were normalized to the 
GAPDH expression level of the internal reference control, and the relative expression levels of hub genes in different 
groups were calculated using 2−ΔΔCt method.

Table 1 Primers for Quantitative Real-Time PCR

Gene Primer Sequence (5′–3′)

DHRS13 Forward ATGTACTGTTTGCCCGGGAG

Reverse GGAACAGCTCCGAGTTCACA

CDA Forward CCGTCTCAGAAGGGTACAAG

Reverse GACAATATACGTACCATCCGG

GPR97 Forward CAACACCTACTTCGGGCACT

Reverse AGAGGGCGTACATGGTTGTC

NQO2 Forward TGGTCGGAAGATTGCTGGAC

Reverse ACCCTATCCATCCAGCCCTT

DYSF Forward GATGAGCCCAACATGAACCCTAAG

Reverse GGGAAGGCGTAGATGAAGATGG

GAPDH Forward GGTCTCCTCTGACTTCAACA

Reverse ATACCAGGAAATGAGCTTGA
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Statistical Analysis
Statistical analysis was conducted using GraphPad Prism 8.0.1 software. Statistical significance was assessed using 
unpaired two-tailed Student’s t-test with p < 0.05.

Results
Dysregulation of Pyroptosis-Related DEGs and Immune Infiltration in Pediatric Sepsis
To elucidate the potential roles of pyroptosis in pediatric sepsis, we first systematically analyzed the expression profiles of 
pyroptosis-related DEGs between septic children and normal controls based on GSE13904 dataset. The workflow diagram 
of this study was shown in Figure 1. We found a total of 32 pyroptosis-related DEGs (21 up-regulated and 11 down- 
regulated) (Figure 2A and B) and the locations of these DEGs were on the autosomes (Figure 2C). Subsequently, we 
conducted a correlation analysis to explore the interactive relationships of these pyroptosis-related DEGs, we found some 
pyroptosis-related DEGs, such as CHMP2A and PYCARD, showed a strong synergistic relationship (Figure 2D and E). 
Besides, we utilized CIBERSORT algorithm to evaluate the proportions of 22 infiltrated immune cell types in sepsis 
children and normal controls (Figure 2F), and the results revealed that the infiltration levels of naïve B cells, T regulatory 

Figure 1 Workflow diagram of this study.
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cells (Tregs), M0 macrophages, activated mast cells and neutrophils in sepsis children were significantly higher than normal 
controls (Figure 2G), suggesting that the variation of the immune system may be involved in the occurrence and 
pathological progression of pediatric sepsis. Meanwhile, correlation analysis between 32 pyroptosis-related DEGs and 
infiltrated immune cells indicated that activated memory CD4+ T cells were strongly correlated with GZMB and GZMA 
(Figure 2H). These results revealed that pyroptosis-related DEGs may play a crucial role in the occurrence and progression 
of pediatric sepsis.

Identification of Pyroptosis-Related Molecular Clusters in Pediatric Sepsis
To further explore the pyroptosis-related expression patterns in pediatric sepsis, a total of 158 pediatric sepsis samples 
were clustered using a consistent clustering algorithm based on the pyroptosis-related DEGs expression profiles. 
According to the relative change in area under the CDF curves, k = 3 was determined to be the optimum point for 
cluster (Figure 3A–C). We finally divided 158 pediatric sepsis patients into three clusters, including cluster 1 (n = 68), 
cluster 2 (n = 54) and cluster 3 (n = 36) (Figure 3D). Finally, we assessed the expression differences of 32 DEGs among 
Cluster 1, Cluster 2 and Cluster 3. The distinct pyroptosis-related DEGs among three clusters were observed (Figure 3E). 

Figure 2 Identification of dysregulated pyroptosis-related DEGs and immune infiltration in pediatric sepsis. (A and B) Boxplots (A) and Heatmap (B) of the expression of 
32 pyroptosis-related DEGs between pediatric sepsis and normal controls using “ggboxplot” and “pheatmap” packages based on R software (version 4.2.1). (C) The location 
of 32 pyroptosis-related DEGs on chromosomes. (D and E) Correlation network analysis of the pyroptosis-related DEGs. (F) The relative abundances of 22 infiltrated 
immune cells between pediatric sepsis and normal controls. (G) The differences in immune infiltration between pediatric sepsis and normal controls. (H) The correlation 
analysis between 32 pyroptosis-related DEGs and infiltrated immune cells. *p < 0.05, **p < 0.01, ***p < 0.001.
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The results revealed that CHMP2A, ELANE, HMGB1, GPX4, NLRP1 and PYCARD were highly expressed in cluster 3, 
while CASP4, CASP5, CHMP3, CHMP4C, GSPMD, IL-18, IL-1A, IL-1B, IRF2, AIM2, CASP9, NLRP3, NOD2, 
PRKACA, TIRAP and TNF were enhanced in cluster 2. Besides, only two genes NOD1 and PLCG1were upregulated in 
cluster 1 (Figure 3F).

Evaluating the Immune Infiltration Characteristics and Functional Differences in Three 
Clusters
Next, we analyzed the immune cell infiltration to evaluate the immunological features of different pyroptosis-related 
clusters. The results shown the levels of resting NK cells, activated dendritic cells and eosinophils were upregulate in 
cluster 2, whereas the levels of M0 macrophages were relatively higher in cluster 1 (Figure 3G). To further interpret the 
functional differences in three distinct pyroptosis-related clusters, GSVA was performed. The GSVA revealed that 
MTORC1 signaling, glycolysis, IL2-STAT5 signaling, TGF-beta signaling, apoptosis, PI3K-AKT-MTOR signaling, 
TP53 pathway, KRAS signaling and inflammatory response were reinforced in cluster 3 and cluster 2, while hedgehog 
signaling, KRAS signaling and epithelial-mesenchymal transition were upregulated in cluster1 (Figure 3H).

Figure 3 Identification of pyroptosis-related molecular clusters, immune infiltration characteristics and functional differences in pediatric sepsis. (A) CDF delta area curves. 
(B) The score of consensus clustering. (C) Consensus clustering matrix when k = 3. (D) PCA verified three patterns in in pediatric sepsis. (E and F) The pyroptosis-related 
genes expression in the three clusters. (G) The differences in immune infiltration in pyroptosis-related molecular clusters. (H) The functional differences in pyroptosis- 
related molecular clusters. *p < 0.05, **p < 0.01 ***p < 0.001.
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Gene Modules Screening and Co-Expression Network Construction
To identify the key gene modules associated with pediatric sepsis, we established co-expression networks and modules 
for pediatric sepsis and normal controls using the WGCNA algorithm. We calculated the variance of each gene 
expression in GSE13904, and then selected the top 25% genes with the large variance for further analysis. Co- 
expressed gene modules were established when the value of soft power was selected to 18 and the scale-free R2 = 0.8 
(Figure 4A and 4B). Using the dynamic cutting algorithm, we obtained 10 different co-expression modules with different 
colors (Figure 4C). Then these genes in 10 color modules were consecutively applied to analyze the similarity and 
adjacency of the clinical features of the modules, and the turquoise module has the strongest relationship with pediatric 
sepsis (Figure 4D). Finally, we found a positive correlation between turquoise modules and module-related genes, 
including 325 genes closely related to pediatric sepsis (Figure 4E).

We also used the WGCNA algorithm to analyze the key gene modules closely related to pyroptosis-related 
clusters. We screened β = 17 and R2 = 0.7 as the most appropriate soft threshold parameters for establishing 
a scale-free network (Figure 5A and B). A total of 10 different co-expression modules with different colors were 
acquired using the dynamic cutting algorithm (Figure 5C). There was a high correlation between the blue module 
and pediatric sepsis through module-clinical features relationship analysis (Figure 5D). Moreover, the blue module 
genes had a positive relationship with the blue module through the correlation analysis (Figure 5E).

Figure 4 Co-expression network of pyroptosis-related DEGs in pediatric sepsis. (A and B) The selection of soft threshold power. (C) Cluster tree dendrogram of co- 
expression modules. (D) Correlation analysis between module characteristics and clinical status. (E) Scatter plot between module membership in turquoise module and the 
gene significance for pediatric sepsis.
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Identification and Functional Enrichment Analysis of Cluster-Specific DEGs
In order to identify cluster-specific DEGs, we analyzed the intersections between module-related genes of normal and septic 
children and module-related genes of pyroptosis clusters, and obtained a total of 225 cluster-specific DEGs (Figure 6A). GO and 
KEGG enrichment analysis were conducted to further analyze the possible biological functions of these 225 cluster-specific 
DEGs. In the GO-BP analysis, the cluster-specific DEGs were primarily associated with cell activation in immune respond, 
including leukocyte activation, myeloid leukocyte activation, and neutrophil activation, ect (Figure 6B). In the GO-CC analysis, 
the main cluster-specific DEGs were enriched in the cytoplasmic vesicle and intracellular vesicle (Figure 6C). In the GO-MF 
analysis, most of the cluster-specific DEGs were enriched in the enzyme binding and identical protein binding (Figure 6D). In 
addition, KEGG pathway analysis indicated the cluster-specific DEGs were relevant to the chemokine signaling pathway and 
B cell receptor signaling pathway (Figure 6E).

Construction and Evaluation of Machine Learning Models
In order to further identify the intersection genes with potential diagnostic value, we utilized four validated machine learning 
models, including RF, SVM, GLM, and XGB, based on the expression profiles of 225 cluster-specific DEGs. The “DALEX” 
package was used to interpret the four models and plot the residual distribution for each model in the test set. And the results 
shown that RF and SVM had relatively lower residuals (Figure 7A and B). Subsequently, the top 10 important characteristic 

Figure 5 Co-expression network of pyroptosis-related DEGs in the three clusters. (A and B) The selection of soft threshold power. (C) Cluster tree dendrogram of co- 
expression modules. (D) Correlation analysis between module characteristics and clinical status. (E) Scatter plot between module membership in turquoise module and the 
gene significance for cluster.
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variables of each model were ranked based on the root mean square error (RMSE) (Figure 7C). In addition, the diagnostic 
performance of the four machine learning algorithms was evaluated by using ROC according to 5-fold cross-validation. The 
SVM model exhibited maximum area under the ROC curve (AUC) (GLM, AUC = 0.545; SVM, AUC = 0.991; RF, AUC = 

Figure 6 Identification and functional enrichment analysis of cluster-specific DEGs. (A) The intersections between module-related genes in the GSE13904 cohort and 
module-related genes of pyroptosis clusters. (B–E) GO and KEGG pathway enrichment analysis of the cluster-specific DEGs.

https://doi.org/10.2147/PHMT.S521939                                                                                                                                                                                                                                                                                                                                                                                                                                 Pediatric Health, Medicine and Therapeutics 2025:16 258

Lin et al                                                                                                                                                                              

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



0.970; XGB, AUC = 0.974; Figure 7D). Overall, these results indicated the SVM model was the optimal model to predict 
pediatric sepsis.

The top five important hub genes in SVM model (DHRS13, CDA, GPR97, NQO2 and DYSF) were selected for further 
analysis. A nomogram was first constructed to evaluate the risk of sepsis children (Figure 8A). Calibration curve and DCA 
were used to evaluate the predictive efficiency of the nomogram model. The deviation between the actual clusters risk and 
the predicted risk was very small by analyzing the calibration curve (Figure 8B). Meanwhile, the DCA also showed that the 
nomogram has a high accuracy, which may provide a basis for clinical decision making (Figure 8C). Subsequently, we 
verified the predictive model of the 5 hub genes on the external GSE26440 dataset. The ROC curve showed that the 

Figure 7 Construction and evaluation of RF, SVM, GLM and XGB machine models. (A) Cumulative residual distribution of each machine learning model. (B) The residuals of 
each machine learning model. (C) The important genes in RF, SVM, GLM and XGB machine models. (D) ROC analysis of four machine learning models based on 5-fold cross- 
validation.
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predictive performance of the 5 hub genes was satisfactory and the AUC value was 0.981, which indicated that our predictive 
model was equally effective in distinguishing sepsis children from normal individuals (Figure 8D).

Diagnostic Performance of 5 Hub Genes in Pediatric Sepsis
Then, we verified the expression and diagnostic performance of the 5 hub genes in the GSE13904 and GSE26440 
datasets. The results indicated that compared with normal control children, the 5 hub genes were upregulated in pediatric 
sepsis in GSE13904 and GSE26440 datasets (Figure 9A and B). Besides, the ROC curve analysis showed that 5 hub 
genes had a high diagnostic performance in GSE13904 and GSE26440 datasets (Figure 9C and D). Combined with these 
results, the 5 hub genes may be used as diagnostic biomarkers for pediatric sepsis.

Expression Validation of Hub Genes in Whole Blood From Pediatric Sepsis
Finally, qRT-PCR was used to verify the expression levels of 5 hub genes in whole blood between the pediatric sepsis 
group and the control group. The results were consistent with those of the bioinformatics analysis, which showed 
significantly enhanced expression levels of five genes (DHRS13, CDA, GPR97, NQO2 and DYSF) in the pediatric sepsis 
group compared to the healthy control group (Figure 10A–E).

Figure 8 Validation of the 5 hub genes based on SVM model. (A) Construction of a nomogram for predicting the risk of pediatric sepsis. (B) Construction of calibration 
curve. (C) The decision curve analysis (DCA). (D) ROC analysis of the 5-gene-based SVM model based on 5-fold cross-validation.
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Discussion
Sepsis is an extremely complex process involving a series of inflammatory and anti-inflammatory processes, humoral and 
cellular responses, and circulatory disorders.24 Despite progress in care and treatment, sepsis remains the leading cause of 
death of pediatric deaths worldwide, and the clinical presentation of pediatric sepsis may be subtle and difficult to 
identify.25 In order to establish an early diagnosis and a personalized treatment strategy, clinicians are in need of reliable 
biomarkers for pediatric sepsis. Recently, Studies have demonstrated that pyroptosis is involved in the regulation of 
inflammation and immune responses, suggesting that pyroptosis plays an essential role in in sepsis.19 However, the 
regulatory roles and potential mechanisms of pyroptosis in pediatric sepsis have not been fully revealed. Therefore, we 
attempted to elucidate the specific role of pyroptosis-related DEGs and the immune microenvironment in pediatric sepsis.

In this study, we first analyzed the expression profiles of pyroptosis-related DEGs in septic children and healthy 
controls. The results indicated that expression levels of pyroptosis-related DEGs were dysregulated in septic children, 
suggesting a pivotal role of pyroptosis-related DEGs in the occurrence and development of septic children. Subsequently, 
we calculated the correlation among pyroptosis-related DEGs to elucidate the relationship between pyroptosis and 
pediatric sepsis. We discovered that most pyroptosis-related DEGs presented significant synergistic, which revealed 
the interactions of pyroptosis-related DEGs have a specific impact on septic children. Next, through CIBERSORT 
algorithm to analysis of immune cell infiltration, we found that septic children presented higher infiltration levels of naïve 

Figure 9 The performance of 5 hub genes to diagnose pediatric sepsis in the GSE13904 and GSE26440 datasets. (A) Expression differences of 5 hub genes in the pediatric 
sepsis and control groups in GSE13904 database. (B) Expression differences of 5 hub genes in the pediatric sepsis and control groups in GSE26440 database. (C) The ROC 
curve of the 5 hub gene in GSE13904 database. (D) The ROC curve of the 5 hub gene in GSE26440 database. ***p < 0.001.
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B cells, T regulatory cells (Tregs), M0 macrophages, activated mast cells and neutrophils. Recent studies have shown that 
immune cells play key roles in the maintenance of peripheral homeostasis and immune regulation in sepsis.26 The 
pathophysiology of sepsis is considered to be characterized by an initial uncontrolled inflammatory response followed by 
an immunosuppressive phase. And the immune cells (such as neutrophils, macrophages, Tregs, DCs and NK cells) can 
not only trigger inflammatory events by producing inflammatory cytokines, but also induce extensive lymphocyte 
apoptosis. The apoptotic depletion of immune cells and increased Treg expression are involved in sepsis-induced 
immunosuppression.27,28 Besides, we used unsupervised cluster analysis to elucidate the different pyroptosis patterns 
in septic children based on the expression profiles of pyroptosis-related DEGs, and three distinct pyroptosis-relate 
clusters were identified. The proportions of resting NK cells, M0 macrophages and activated dendritic cells in three 
clusters were significantly different, suggesting the crucial role of these immune cells in pediatric sepsis. Meanwhile, 
Cluster 1 was mainly enriched in KRAS signaling; Cluster 2 was related to inflammatory response, TNF-α and TNF- 
β response; Cluster 3 was characterized by mitotic spindle, TGF-β signaling and apoptosis etc. It was reported that TGF- 
β plays a key role in the severe septic inflammatory responses including high permeability, increased expressions of 
inflammatory-related genes.29 Besides, cell apoptosis, especially immune cell apoptosis, is closely significantly correlated 
with poor outcomes of the septic patients.30 Finally, the functions of cluster-specific DEGs mainly focused on immune 
cell activation, further suggesting that the crucial role of immune cell in pediatric sepsis.

Recently, multiple machine learning methods have been widely used to predict diseases prevalence.31 It is known 
that multifactorial analyses have a lower error rate and more reliable results compared to univariate analysis. In this 
study, we analyzed the predictive performance of the machine learning models (RF, SVM, GLM, and XGB) based 
on the expression profiles of cluster-specific DEGs and constructed an SVM-based prediction model. The SVM- 

Figure 10 Hub genes expression in whole blood from sepsis patients and healthy controls. (A) DHRS13. (B) CDA. (C) GPR97. (D) NQO2. (E) DYSF. *p < 0.05, **p < 0.01 
***p < 0.001.

https://doi.org/10.2147/PHMT.S521939                                                                                                                                                                                                                                                                                                                                                                                                                                 Pediatric Health, Medicine and Therapeutics 2025:16 262

Lin et al                                                                                                                                                                              

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



based prediction model has the highest predictive efficacy in the testing cohort (AUC = 0.991), suggesting the SVM- 
based machine learning has satisfactory performance in predicting the subtypes of pediatric sepsis. SVM out
performed other algorithms. This advantage likely stems from the highly nonlinear and complex nature of sepsis 
data, where multiple immune interactions create intricate patterns that linear models fail to capture. SVM’s use of 
kernel functions, particularly the radial basis function (RBF) kernel, enables effective mapping into higher- 
dimensional spaces to identify optimal separating hyperplanes, thereby improving classification accuracy and 
generalization. Furthermore, SVM is well-suited for high-dimensional, small-sample datasets by maximizing the 
margin and reducing overfitting risk. Subsequently, we selected five important hub genes (DHRS13, CDA, GPR97, 
NQO2 and DYSF) to construct a 5-gene-based SVM model. Meanwhile, we used qRT-PCR to verify the expression 
levels of five hub genes in whole blood from clinical samples. The results showed increased expression levels of the 
five genes in the pediatric sepsis group compared to the healthy control, which is consistent with our bioinformatics 
results. Dehydrogenase/reductase 13 (DHRS13) is one of the short-chain dehydrogenase/reductase (SDR) super
family numbers,32 and it can be served as a novel biomarker for prediction of hepatocellular carcinoma, acute 
myocardial infarction (AMI) and the outcomes of HER2+ breast cancer after neoadjuvant chemotherapy.33–35 

However, the functions of DHRS13 in sepsis are unclear. Cytidine deaminase (CDA) is a ubiquitous enzyme that 
is mainly involved in free pyrimidine recycling,36 which catalyzes the hydrolytic deamination of cytidine and 
deoxycytidine (DC) to uridine and deoxyuridine.37 Studies have indicated that CDA is closely associated with 
rheumatoid arthritis, systemic lupus erythematosus and pre-eclampsia.38–40 Arne Bøyum et al’s research indicated 
that CDA was up-regulated in patients with different clinical presentations of meningococcal infection, and the 
highest levels were detected in nonsurviving patients with persistent septic shock.41 However, few researches have 
focused on the function of CDA in sepsis, which is worth further study. GPR97 is a type of adhesion G protein- 
coupled receptors (GPCRs),20 which is expressed on leukocytes, such as neutrophils, eosinophils, and mast cells.21 

GPR97 has been reported to play an integral role in the regulation of B cell fate, especially CREB and NF-κB 
signaling pathways.22 Taken together, GPR97 may be participated in immunological disorders, such as sepsis. 
Quinone oxidoreductase 2 (NQO2) is flavoproteins, which can oxidize a variety of analogues of dihydronicotina
mide. Recent studies have revealed that NQO2 is involved in initiation and progression of tumors probably via the 
production of reactive oxygen species (ROS) during quinone metabolism.23 ROS can regulate immune signals, 
which results in affecting the pathogenesis of sepsis and causing damage to cells and organs.42 Thus, NQO2 may be 
involved in the development of sepsis by regulating ROS. Dysferlin (DYSF) is a type II transmembrane protein, 
which is involved in the muscle membrane repair and the regulation of cell adhesion in human monocytes. 
Zhenjiang Bai et al found the DYSF expression levels in the sepsis group were significantly higher than those of 
the control group based on a comprehensive microarray analysis,43 which further illustrates the value of DYSF in 
pediatric sepsis. The 5-gene-based SVM model presents a satisfactory predictive ability in pediatric sepsis (AUC = 
0.981), which provides new insights into the diagnosis of pediatric sepsis. Besides, the five genes in early diagnosis 
of pediatric sepsis were remarkable in both training and validation sets by ROC analysis, further suggesting the 
predictive efficacy of these five genes. Taken together, the 5-gene-based SVM model is a satisfactory indicator for 
predicting pediatric sepsis.

There are still some limitations in this study. First, the primary analyses were based on retrospective data from public 
databases, which may introduce selection bias and limit the generalizability of the findings. Second, the qRT-PCR 
validation was conducted in a relatively small cohort, which may not fully capture the heterogeneity of pediatric sepsis. 
Further validation in larger, prospective clinical cohorts is warranted. In addition, the current study focused primarily on 
computational and expression-level analyses without direct functional validation of the identified genes. To address this, 
future studies will incorporate in vivo and in vitro models—such as gene knockout or overexpression systems — to 
elucidate the mechanistic roles of key pyroptosis-related genes in pediatric sepsis. These approaches will help clarify 
causal relationships and support the development of targeted therapeutic strategies.
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Conclusions
In conclusion, we identified pyroptosis-related molecular clusters and immune infiltration characterization in pediatric sepsis. 
And we constructed a 5-gene-based SVM model as a promising predictive model and identified five hub genes (DHRS13, 
CDA, GPR97, NQO2 and DYSF) as diagnostic markers for pediatric sepsis. The results of this study can provide new insights 
for pyroptosis in pediatric sepsis and facilitate the development of novel biomarkers for pediatric sepsis. However, given the 
limited sample size and retrospective nature of the data, these results should be interpreted with caution. Future multicenter 
prospective studies are warranted to validate the robustness and clinical applicability of our model.
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