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This study aims to predict and diagnose pediatric septic shock through the screening of immune
infiltration-related biomarkers. Three gene expression datasets were accessible from the Gene
Expression Omnibus repository. The differentially expressed genes were identified using the R 4.3.2
(https://[www.r-project.org/), followed by gene set enrichment analysis. Thereafter, the genes were
identified utilizing machine-learning algorithms. The receiver operating characteristic curve was
employed to assess the discrimination and effectiveness of the hub genes. The inflammatory and
immune status of pediatric septic shock was evaluated through cell-type identification by estimating
relative subsets of RNA transcripts (CIBERSORT). The correlation between diagnostic markers and
infiltrating immune cells was further examined. Overall, we detected 12 differentially expressed genes.
CD177, MCEMP1, MMP8, and OLAH were examined as diagnostic indicators for pediatric septic shock,
revealing statistically significant differences (P <0.01) and diagnostic efficacy in the validation cohort.
The immune cell infiltration analysis suggests that various immune cells may contribute to the onset
of pediatric septic shock. Furthermore, all diagnostic characteristics may exhibit varying degrees of
correlation with immune cells. This study identifies four potential biomarkers—CD177, MCEMP1,
MMP8, and OLAH—that provide diagnostic value and novel insights into immune dysregulation in
pediatric septic shock. Through the integration of bioinformatics and machine learning methodologies,
we offer a novel perspective on the immune mechanisms involved in pediatric septic shock, potentially
facilitating more targeted and personalized therapies for individual patients.
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The management of sepsis continues to be one of the most enduring and significant challenges in human
healthcare. Pediatric septic shock is a category of sepsis, defined by cardiovascular dysfunction, evidenced by at
least one cardiovascular parameter from The Phoenix Sepsis Score. These encompass significant hypotension,
blood lactate concentrations surpassing 5 mmol/L, or the necessity for vasopressor administration!. Pediatric
septic shock is linked to elevated mortality rates and imposes a considerable burden on global healthcare
systems. In high-resource environments, the in-hospital mortality rate for pediatric septic shock persists at
10.8%!. Therefore, identifying biomarkers with predictive and diagnostic significance is essential for the early
detection and intervention of pediatric septic shock.
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The comprehension of sepsis has progressed, transitioning from the “bacterial theory” to the “host theory”2.
Infection is increasingly acknowledged to elicit a complex and extended host response, encompassing both pro-
inflammatory and anti-inflammatory mechanisms. Pro-inflammatory responses facilitate the eradication of
invading pathogens but also lead to tissue damage in severe sepsis. Conversely, anti-inflammatory responses
reduce local and systemic tissue damage but may also heighten vulnerability to secondary infections, resulting
in immune suppression in numerous sepsis patients’. Additionally, pharmacological interventions and
environmental influences can precipitate immunosuppression in septic patients*>. Meanwhile, several prospective
observational studies have shown that children with severe sepsis or septic shock display early congenital and
adaptive immune suppression, which correlates with extended organ dysfunction®’. Therefore, the assessment
of immune infiltration-related biomarkers may facilitate the monitoring of early immune function in pediatric
septic shock and identify potential targets for future immune-modulating therapies.

Sepsis, septic shock, and their interactions with the immune system, as well as the influences of genetics
and epigenetics, constitute significant research domains within the scientific community®. The amalgamation of
high-throughput sequencing technologies and machine learning has facilitated a more comprehensive analysis
of genetic-level biological inquiries, encompassing diagnosis and disease monitoring—subjects that were
formerly challenging to tackle®. This research, in contrast to prior studies, emphasizes the immune infiltration
characteristics of diagnostic genes, integrating identification and validation efforts to furnish evidence for early
detection and targeted intervention of pediatric septic shock. Figure 1 delineates the comprehensive research
workflow.
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Fig. 1. The research workflow.
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Methods

Gene expression profiles

We utilized the publicly accessible Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/
geo/)!%, a thorough repository for high-throughput gene expression data, encompassing microarrays and chips.
By employing the search terms “Pediatric septic shock” [MeSH Terms] AND “Homo sapiens” [porgn: txid9606]
AND “Expression profiling by array” [All Fields], we identified pertinent datasets. The chosen datasets were
derived from specific criteria, concentrating on genome-wide gene expression profiles from blood samples of
pediatric septic shock patients and healthy controls, without any association to other diseases. Datasets were
included solely if they possessed sample sizes exceeding 10 for both groups. This study incorporated three
distinct gene expression datasets: GSE8121'! and GSE13904!2 for analysis, and GSE26378!3-15 for validation.

Identification of the differentially expressed genes

We merged the GSE8121 and GSE13904 datasets, normalizing the data and batch-adjusting expression values
utilizing the “sva” package!®. The LIMMA package!” was utilized to identify differentially expressed genes
(DEGs) between the pediatric septic shock and control cohorts. A volcano plot was created to illustrate the
differential expression of DEGs. Adjusted p-values were utilized to mitigate potential false positives. DEGs that
met the criteria of an adjusted p-value <0.05 and |log2FC| > 2 were deemed statistically significant. A heatmap of
the screened DEGs was generated utilizing the heatmap package in R 4.3.2 (https://www.r-project.org/).

Gene set enrichment analysis (GSEA)

To achieve a more intuitive understanding of gene expression levels within highly enriched functional pathways,
we conducted GSEA!® analysis utilizing R. Pathways with a corrected p-value less than 0.05 were deemed
statistically significant for differential expression.

Functional enrichment analysis

To clarify the potential roles of candidate target genes, we conducted functional enrichment analysis. Gene
Ontology (GO) was utilized to categorize molecular functions (MF), biological processes (BP), and cellular
components (CC)!. KEGG is an extensive database encompassing genomics, bioinformatics, and systems
biology, offering information on gene function, metabolic pathways, diseases, and drugs®. The Human Disease
Ontology (DO) database, accessible at www.diseaseontology.org, enhances research and understanding of
diverse disease conditions by providing standardized and structured representations of human diseases. To
enhance our understanding of the pathogenic relevance of target genes, we employed R’s “ggplot2” package®!
and “cluster profiler” to examine the GO functions, KEGG pathways, and Disease Ontology of the candidate
target genes.

Screening and validation of diagnostic markers

Two machine-learning algorithms, specifically least absolute shrinkage and selection operator (LASSO) logistic
regression®?** and support vector machine-recursive feature elimination (SVM-RFE)?*, were utilized to identify
novel and significant biomarkers for pediatric septic shock. This study employed LASSO logistic regression
utilizing the R package “glmnet”?, with the minimal lambda value deemed optimal. We utilize 10-fold cross-
validation and comply with the minimum criterion for partial likelihood. This method allows us to ascertain the
ideal parameter configuration and improve the dependability of our results. The feature genes derived from the
aforementioned two models were intersected and illustrated using a VENN diagram, which will be utilized for
subsequent research. The validation set for the thorough analysis of biomarker efficacy will employ the dataset
from GSE26378. Assessment will rely on receiver operating characteristic (ROC) curves, with the algorithms’
predictive efficacy quantified by determining the area under the curve (AUC). Statistical significance will be
assessed using a two-tailed test, with a P value below 0.05.

Evaluation and correlation analysis of infiltrationrelated immune cells

Utilizing the CIBERSORT website, we applied a filtering process to identify 22 categories of immune cell
matrices. We initially employed the Pearson correlation coefficient to evaluate the degree of association among
immune cells. A heatmap was created to show the relationships among immune cells, based on the resulting
correlation matrix. In this heat map, blue signifies negative correlation, whereas red denotes positive correlation.
Subsequently, to examine the disparities in immune cells, we utilized the Wilcoxon test. The results were then
visualized with violin plots, which highlight the unique features of the observed variations. Furthermore, the
Spearman correlation between distinct diagnostic markers and immune infiltrating cells was examined using a
lollipop chart to depict the findings. A statistically significant result is indicated by a p-value below 0.05%.

Results

Screening of DEGs in pediatric septic shock

We observed 12 differentially expressed genes (DEGs), all of which were upregulated (Fig. 2, Supplementary
Fig. 1).

GSEA

We conducted GSEA to examine the biological signaling pathway in pediatric patients with septic shock and
healthy control subjects. The HALLMARK analysis results identified the five principal terms, as shown in
Supplementary Fig. 2. Significantly, the complement and coagulation cascades, Fc gamma receptor-mediated
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Fig. 2. Identified 12 upregulated differentially expressed genes between children with septic shock and
healthy controls based on the criteria of P<0.05 and |log2FC| > 2. logFC: log Fold Change; Sig: Significance;
-log10(adj.P.Val): Negative Logarithm of the Adjusted P-Value.

phagocytosis, insulin signaling pathway, and regulation of the actin cytoskeleton were significantly enriched in
pediatric septic shock patients (P adjusted <0.05).

Functional enrichment analysis of DEGs

We conducted a functional analysis to enhance our comprehension of the biological roles of DEGs. The
findings from the differential expression analysis indicated that these DEGs were linked to numerous diseases,
including oral disease, coronary artery disease, pancreatitis, periodontitis, periodontitis, periodontal disease,
dental disease, pancreatic disease, pre-eclampsia, myocardial infarction, obesity, overnutrition, nutritional
disorders, dermatological conditions, and reproductive system disorders, among others (Supplementary
Fig. 3). The Gene Ontology (Biological Process) enrichment analysis indicated that the DEGs participate in
processes including the regulation of reactive oxygen species metabolism, positive regulation of reactive oxygen
species metabolism, response to reactive oxygen species, regulation of neuroinflammatory response, collagen
catabolism, endodermal cell differentiation, and acute-phase response. The differentially expressed genes
(DEGs) are located in specific granules, tertiary granules, cytoplasmic vesicles, vesicles, granule lumens, and
membrane compartments associated with endocytosis (Supplementary Fig. 4). The Gene Ontology (Molecular
Function) enrichment analysis indicated that the DEGs display activities including serine-type endopeptidase
activity, serine-type peptidase activity, serine hydrolase activity, endopeptidase activity, metalloendopeptidase
activity, protease binding, iron ion binding, metallopeptidase activity, macrolide binding, and fatty acid synthase
activity. The KEGG pathway analysis revealed that the DEGs are linked to multiple processes, including the
regulation of reactive oxygen species metabolism, defense responses to bacteria, negative regulation of
proteolysis, negative regulation of cytokine production, responses to oxidative stress, positive regulation of
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reactive oxygen species biosynthesis, regulation of neuroinflammatory responses, and collagen catabolism,
among others (Supplementary Fig. 5).

Screening and validation of diagnostic markers

We utilized two machine-learning algorithms, SVM-RFE (Supplementary Fig. 6A) and LASSO regression
analysis, to identify feature genes and select 10 predicted genes from statistically significant univariate variables
(Supplementary Fig. 6B). Through the analysis of overlapping regions of feature genes via a Venn diagram,
we identified CD177, MCEMP1, MMPS, and OLAH as the four overlapping feature genes (Supplementary
Fig. 6C). These genes exhibited significant predictive accuracy, as evidenced by their ROC curves with AUCs
of 0.957, 0.935, 0.957, and 0.941 (Supplementary Fig. 7). In the GSE26378 validation cohort, the expression
levels of these genes were significantly elevated in the pediatric septic shock group relative to the control group
(P<0.01) (Supplementary Fig. 8). Furthermore, in the GSE26378 validation cohort, the ROC curves for CD177,
MCEMP1, MMP8, and OLAH confirmed their efficacy as significant biomarkers, demonstrating AUCs of 0.998,
0.998, 0.978, and 0.966, respectively (Fig. 3).

Infiltration of immune cells results

Pediatric septic shock samples exhibited a greater prevalence of diverse immune cell types in comparison to
normal samples, as determined by the CIBERSORT algorithm. The list comprises resting CD4 memory T cells,
gamma delta T cells, naive B cells, follicular helper T cells, activated NK cells, CD8 T cells, resting NK cells,
activated dendritic cells, eosinophils, memory B cells, M1 macrophages, activated CD4 memory T cells, resting
dendritic cells, and resting mast cells. Conversely, the proportions of plasma cells, regulatory T cells (Tregs),
MO macrophages, neutrophils, activated mast cells, naive CD4 T cells, monocytes, and M2 macrophages were
significantly lower (P<0.05) (Fig. 4, Supplementary Fig. 9). Furthermore, the correlation analysis demonstrated
that CD177, MCEMP1, MMP8, and OLAH displayed significant associations with various immune cells (Fig. 5),
corroborating the study’s findings.

Discussion

Septic shock in children exhibits unique characteristics relative to adults"*’, significantly modifying the
host’s immune status and resulting in an unfavorable prognosis. Although children generally demonstrate
greater compensatory capacity than adults, allowing them to endure specific physiological and pathological
challenges, the emergence of shock indicators denotes insufficient compensation®®. Hence, prompt diagnosis
and intervention are essential in these instances to avert the advancement of organ dysfunction.

This study aimed to identify characteristic biomarkers of septic shock in children to facilitate early intervention
for multiple organ dysfunction caused by sepsis. Three datasets from the GEO database were examined:
GSE8121 and GSE13904 as the analytical sets, and GSE26378 as the validation set. The samples from the three
datasets were obtained from children aged 10 years or younger in the Pediatric Intensive Care Unit (PICU) at
Cincinnati Children’s Hospital. Blood samples were collected at 24 h and on the third day post-admission. Total
RNA was extracted from whole blood utilizing the PaxGene Blood RNA System (PreAnalytiX, Qiagen/Becton
Dickinson, Valencia, CA), and sequencing was conducted with the Affymetrix GeneChip Human Genome U133
Plus 2.0 Array (Affymetrix, Santa Clara, CA)>*1%132%30_ Each dataset underwent stringent quality control and
standardization procedures, guaranteeing uniformity in cohort attributes, sampling techniques, and sequencing
technologies. These measures mitigated potential biases arising from discrepancies in data processing, thereby
improving the validity of the analysis. We recognized the potential for residual batch effects among datasets.
We utilized the ComBat algorithm to execute batch effect correction during the integration of the GSE8121 and
GSE13904 datasets, thereby enhancing the reliability and robustness of the combined analysis.

The research examined 12 differentially expressed genes (DEGs) between the septic shock cohort and
the control group, specifically MCEMP1, CD177, MMP8, HP, IL1R2, RETN, MMP9, LTE, LCN2, OLFM4,
CEACAMS, and OLAH. Following the identification of these differentially expressed genes (DEGs), they were
analyzed through gene set enrichment analysis (GSEA), disease ontology (DO), gene ontology (GO), and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis. Subsequently, LASSO?! and random forest
analyses®? were utilized to identify characteristic genes. LASSO is an interpretable model that identifies significant
features but excels primarily in linear scenarios, whereas random forest effectively addresses both linear and
nonlinear challenges, offering robust predictive capabilities. However, it may exhibit suboptimal performance
on high-dimensional sparse datasets and may be prone to overfitting complications. The convergence of the two
methodologies produced four biomarkers: CD177, MCEMP1, MMP8, and OLAH, which partially mitigated
each other’s deficiencies. The area under the receiver operating characteristic (ROC) curve (AUC) was computed
to evaluate and confirm the diagnostic and predictive efficacy of the four biomarkers. An AUC value exceeding
0.9 signifies robust predictive efficacy. The ROC curve for the validation cohort exhibited elevated AUC values,
further substantiating the dependability of these genes as prospective biomarkers for pediatric septic shock.

In this study, Gene Set Enrichment Analysis (GSEA) identified substantial gene set enrichment variations
between the healthy control and septic shock cohorts, underscoring transitions from normal physiological
conditions to a pathological state. In a healthy condition, immune system functions are oriented towards
sustaining immune surveillance and tolerance mechanisms, thereby preventing excessive immune activation
that could harm self-tissues. However, under pathological conditions, the expression of DEGs may excessively
activate immune-related pathways, inflammation, and metabolism, resulting in the activation, migration, and
proliferation of immune cells, which ultimately causes tissue and organ damage.

Moreover, the enrichment analysis of DO, GO, and KEGG revealed a significant correlation between the
DEGs and multiple biological processes, such as immune cell activity, oxidative stress, neuroinflammation, and
bacterial defense mechanisms. Immune response pathways emerged as a prevalent theme, underscoring the
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Fig. 3. The ROC curve of the diagnostic efficacy verification in validation set.
significance of immune dysregulation in the pathogenesis of septic shock. Consequently, the correlation between
machine learning-validated biomarkers and immune cell infiltration in septic shock has become the focal point
of our ongoing research.

To further investigate, the correlations between machine-learning-validated biomarkers and immune cell
infiltration in septic shock were further examined using Pearson correlation coefficient analysis. Substantial
positive correlations were identified between CD177, MCEMP1, and OLAH with neutrophils, as well as between
MMP8 and M0 macrophages. Furthermore, CD177, MCEMP1, and MMP8 demonstrated substantial negative
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Fig. 4. The differential expression of immune cells in pediatric patients with septic shock relative to a control
group of healthy individuals. Con: healthy control group; Treat: pediatric septic shock group.

correlations with resting mast cells, whereas CD177 and OLAH revealed negative correlations with resting
dendritic cells. Neutrophils, macrophages, mast cells, and dendritic cells are integral constituents of the innate
immune system, functioning as the body’s primary defense against pathogens. CD177%*-38 is a cell surface protein
found on neutrophils, playing a role in chemotaxis and maturation. MCEMP13°-4! is a protein expressed by mast
cells that modulates the production of pro-inflammatory factors, whereas MMP83#4!-47 promotes leukocyte
adhesion. These biomarkers, in conjunction with OLAH?***4_ are intricately linked to innate immunity. Prior
research has indicated their elevated expression in sepsis, implying that suppressing their expression may offer
viable therapeutic targets for sepsis management. The precise functions of these biomarkers in sepsis pathology
and their interactions with developmental age are ambiguous, while their role in innate immunity is well-
established.

Innate immunity offers a swift, non-specific reaction to infections, encompassing mechanisms such as
dermal and mucosal barriers, inflammatory responses, and the activity of natural killer cells®®. A proposed
model of sepsis progression indicates that the initial inflammatory response evolves into a compensatory anti-
inflammatory response syndrome®!, a notion corroborated by our findings. This study revealed a reduction in
innate immune cells, including macrophages, neutrophils, and mast cells, in children experiencing septic shock
relative to healthy controls. Conversely, acquired immune cells, such as T cells and B cells, demonstrated elevated
proportions. This transition indicates that a compensatory anti-inflammatory mechanism modulates the primary
innate immune response, curtailing excessive inflammation while simultaneously inhibiting immune reactions
to pathogens, thus exacerbating septic shock in pediatric patients.

This study utilized machine learning and bioinformatics to identify four biomarkers, CD177, MCEMP1,
MMPS8, and OLAH, and assessed their diagnostic significance and immune characteristics in pediatric septic
shock. The results enhance our comprehension of immune dysregulation in these patients and offer significant
direction for present and prospective precision therapies. This study has several limitations, including a
limited sample size and dependence on a single database for validation, which may affect the generalizability
and robustness of the results. Further research ought to prioritize augmenting the sample size and integrating
multiple independent cohorts to bolster the validity of the findings. Additionally, exploring the potential
interactions between genetic determinants and age-related factors in the innate immune response would yield a
more thorough comprehension of their contributions to disease progression.
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Fig. 5. The Spearman correlation analysis between diagnostic markers and immune infiltrating cells. Abs(cor):
Absolute value of correlation coefficient.
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