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Abstract
Background  Sepsis remains a leading cause of childhood mortality worldwide. Most deaths occur within the first few 
days of presentation, underscoring the urgent need for early recognition and biologically informed treatment strategies. 
The heterogeneous etiology of sepsis involves complex, intertwined biological networks, explaining why single-biomarker 
approaches have proven inadequate for capturing this complexity. We used high-throughput proximity extension assay tech-
nology to comprehensively profile plasma proteins in critically ill pediatric sepsis patients, aiming to identify dysregulated 
biological pathways that could inform risk stratification and therapeutic development.
Methods  Study participants were prospectively enrolled based on established pediatric sepsis criteria. Plasma proteins were 
quantified using the Olink proximity extension assay, with differential expression, machine learning, and pathway enrich-
ment analyses performed to define molecular signatures of pediatric sepsis.
Results  Analysis of plasma samples from 17 pediatric sepsis patients and 17 age- and sex-matched healthy controls revealed 
626 significantly differentially expressed proteins: 399 upregulated and 227 downregulated. The most significantly elevated 
proteins included calcitonin-related polypeptide α (CALCA), tumor necrosis factor superfamily member 14 (TNFSF14), 
and asialoglycoprotein receptor 1 (ASGR1). Machine learning identified a minimal 9-protein signature accounting for 90% 
of discriminatory power between groups. Pathway enrichment analysis revealed profound dysregulation of immune and 
inflammatory networks. Interleukin-10 (IL-10) signaling emerged as the most significantly enriched pathway, alongside 
extracellular matrix degradation, IL-4 and IL-13 signaling, and other cytokine signaling pathways. Dysregulated pathways 
were associated with clinical variables, particularly gram-negative infections and respiratory infection sources.
Conclusions  Pediatric sepsis is characterized by dysregulation of multiple immune and inflammatory pathways rather than 
isolated protein abnormalities. IL-10 and related cytokine signaling emerged as central nodes, providing insights into the 
balance between hyperinflammation and immunosuppression in critically ill children. Associations between pathways and 
clinical variables suggest that specific pathogen types and infection sources trigger distinct patterns of biological network 
activation, offering potential targets for patient stratification and pathway-directed therapeutics.
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ORA	� Over-representation analysis
GSEA	� Gene set enrichment analysis
GO	� Gene ontology
DEP	� Differentially expressed protein
RFC	� Random forest classifier
ETC	� Extremely randomized trees classifier
GBC	� Gradient boosting classifier
t-SNE	� T-distributed stochastic neighbor embedding
ES	� Enrichment score
NES	� Normalized enrichment score
OR	� Odds ratio
PCA	� Principal component analysis

Immunological and molecular terms
NET	� Neutrophil extracellular trap
ECM	� Extracellular matrix
MMP	� Matrix metalloproteinase
GH	� Growth hormone
IGF	� Insulin-like growth factor
IGFBP	� Insulin-like growth factor binding protein
PI3K	� Phosphoinositide 3-Kinase
GPCR	� G Protein-coupled receptor

Protein abbreviations
CALCA	� Calcitonin-related polypeptide alpha
CGRP	� Calcitonin gene-related peptide
PCT	� Procalcitonin
TNFSF	� Tumor necrosis factor superfamily
TNFRSF	� Tumor necrosis factor receptor 

superfamily
ASGR	� Asialoglycoprotein receptor
CTSV	� Cathepsin V
IL	� Interleukin
TNF	� Tumor necrosis factor
CRP	� C-Reactive protein
IFNG	� Interferon gamma
CXCL	� C-X-C motif chemokine ligand
CCL	� Chemokine ligand
FAP	� Fibroblast activation protein
IL-4R	� Interleukin-4 receptor
RGMA	� Repulsive guidance molecule A
NK	� Natural killer
TRAIL	� TNF-related apoptosis-inducing ligand
NF-κB	� Nuclear factor Kappa B
ARDS	� Acute Respiratory Distress Syndrome
COVID-19	� Coronavirus Disease 2019
SARS-CoV-2	� Severe Acute Respiratory Syndrome Coro-

navirus 2

Background

Sepsis is a life-threatening syndrome characterized by a 
dysregulated host response to infection that leads to organ 
dysfunction and, in severe cases, shock and death [1]. It 
remains a major global health threat, contributing to an esti-
mated 3.3 million pediatric deaths each year [2]. Reported 
mortality rates in children with sepsis range from 4 to 50% 
depending on illness severity, comorbid risk factors, and 
geographic context, with most deaths occurring in the first 
48–72 h after presentation [3]. These early, high-risk trajec-
tories underscore the urgent need for timely recognition and 
biologically informed management strategies in pediatric 
sepsis.

The initial immune response to invading pathogens 
is mediated by pattern-recognition receptors that detect 
pathogen-associated molecular patterns (PAMPs). When 
infection control fails, the host response can become mal-
adaptive, where excessive inflammation coexists with 
profound immune suppression, with damaged host cells 
releasing damage-associated molecular patterns (DAMPs) 
that perpetuate innate immune system activation [4, 5]. This 
cascade triggers cytokine and chemokine release, acute-
phase protein production, complement activation, coagu-
lation disturbances, endothelial barrier injury, fibrinolytic 
shutdown, and metabolic reprogramming [6, 7]. It is the 
activation of multiple, intertwined networks, rather than a 
single linear pathway, that drives the heterogeneous clinical 
manifestations and outcomes of sepsis.

Measurable indicators of normal or pathological responses 
to disease or therapy, i.e., biomarkers, are attractive tools for 
improving sepsis diagnosis, risk stratification, and therapeu-
tic targeting [8–11]. However, the biological complexity of 
sepsis and developmental differences between children and 
adults can confound fixed thresholds and reference ranges. 
High-throughput proteomics offers a more comprehensive 
alternative by simultaneously quantifying thousands of cir-
culating proteins and capturing network-level dysregulation 
[12, 13]. These approaches have helped establish and vali-
date biomarker panels as prognostic indicators for critically 
ill pediatric patients with sepsis [14–17]. Platforms such as 
proximity extension assays (PEAs), aptamer-based profil-
ing, and mass spectrometry provide comprehensive assess-
ments of proteomic and metabolic pathways [18], while 
modern bioinformatics and enrichment analyses, such as 
Gene Ontology (GO) over-representation analysis (ORA) 
and Gene Set Enrichment Analysis (GSEA), can reveal 
biologically coherent molecular modules that are far more 
informative than isolated biomarkers [19–21].

Accordingly, the primary objective of this study was to 
use high-throughput PEA technology to broadly character-
ize the pediatric sepsis proteome and to identify proteins 

1 3

   71   Page 2 of 19



Proteomic profiling and pathway analyses reveal molecular signatures and immune networks in pediatric…

that are differentially expressed in patients with sepsis 
compared to healthy control subjects. Secondary objectives 
included: (1) performing pathway-level analyses to identify 
dysregulated pathways characterizing sepsis pathobiology 
and (2) investigating associations of dysregulated pathways 
with clinical parameters and outcomes.

Methods

Study participants and blood sampling

This was an exploratory case-control cohort study in which 
we used high-throughput proteomic profiling of plasma 
samples from critically ill pediatric patients with sepsis, 
combined with bioinformatic analysis to gain novel insights 
into disease pathobiology. The study was approved by the 
Human Research Ethics Board of Western University. All 
procedures involving human participants were conducted 
in accordance with the ethical standards of the responsible 
committee and the principles of the Declaration of Hel-
sinki (1975). Written informed consent was obtained from 
the legal guardians of all pediatric patients admitted to the 
PICU with sepsis, and assent and consent were obtained for 
all healthy control participants as appropriate.

Pediatric Intensive Care Unit (PICU) patients were 
enrolled prospectively via convenience sampling approach 
according to the International Consensus Criteria for Pedi-
atric Sepsis and Septic Shock criteria [22], between 2010 
and 2019. Patients who also met the more recent pediat-
ric consensus sepsis criteria [2, 23] were selected for use 
in this study. Patients were excluded if they were greater 
than 18 years of age, if sepsis was not the sole/presenting 
diagnosis, or if consent was not obtained. The cohort con-
sisted of 34 age- and sex-matched subjects (17 critically ill 
pediatric patients with sepsis, 17 healthy control subjects). 
Patient demographics, including age, sex, and comorbidi-
ties, were collected. Additional clinical characteristics, 
including infecting pathogen, infection source, chest x-ray 
findings, and clinical outcomes, including non-invasive or 
invasive mechanical ventilation, use of hemodynamic sup-
port, length of ICU stay, and length of hospital stay, were 
also collected. Severity of illness was assessed using the 
Pediatric Risk of Mortality III (PRISM III), Pediatric Index 
of Mortality 2 (PIM-2), daily Pediatric Logistic Organ 
Dysfunction 2 (PELOD-2), and the Glasgow Coma Scale 
(GCS). All patients were treated with similar institutional 
practices, although antibiotic choice and fluid resuscitation 
targets were at the discretion of the intensivist.

Blood samples were collected within 24 h of admission 
to PICU, specifically for research purposes. Samples were 
drawn into vacutainer blood collection tubes containing 

sodium citrate, and were immediately processed by cen-
trifugation at 1500 × g for 15 min at 4 °C. The plasma was 
isolated, aliquoted, and stored at − 80 °C. Freeze-thaw 
cycles were avoided. For comparison, age- and sex-matched 
healthy control subjects without any acute illness or disease 
were selected from the Translational Research Centre in 
London, Ontario (www.translationalresearch.ca) [24, 25]. 
The plasma samples from healthy controls were processed 
and stored in the same manner as those from sepsis patients.

Proximity extension assay (PEA)

Circulating plasma proteins were measured using PEAs 
capable of detecting and identifying 1472 proteins (Olink 
1472) following established protocols [26, 27]. In brief, 
PEAs have three main steps: (1) binding of antibody pairs, 
each tagged with complementary DNA oligonucleotides 
encoding unique barcodes, to target protein antigens in the 
plasma; (2) hybridization of the complementary oligonucle-
otides and duplex extension by DNA polymerase; and (3) 
amplification of the resulting DNA duplexes, including the 
unique barcode identifying the protein target, by quantitative 
polymerase chain reaction (qPCR). Results were reported as 
relative quantification on a log2 scale of normalized protein 
expression (NPX) values. Quality controls to assess sample 
quality, immunoassay performance, and detection efficiency 
were included.

Metadata analysis and quality control

A total of 34 samples were collected and assessed from 34 
patients, consisting of 17 sepsis patients and 17 healthy 
controls, at a single time point. Age and sex information 
was collated for all patients and additional metadata, such 
as comorbidities and the pathogen source, were collected 
for the sepsis patients. The complete metadata included 34 
samples and 18 variables. After excluding variables unique 
to individual samples, 17 variables (10 categorical and 7 
numeric) were included in subsequent analyses.

The potential for confounding factors in the experimen-
tal design was assessed by performing pairwise univariate 
association tests between all combinations. The choice of 
statistical test depended on the type of factors involved. For 
associations between two continuous factors, a Spearman 
correlation test was used. For associations between a sur-
vival factor (time and censoring) and a categorical factor, 
a Cox proportional hazards model was employed, with sig-
nificance determined using the Wald test. In all cases, the 
resulting p values were transformed as − log10 (p) before 
visualization in the corresponding heatmap.

Quality assessments of proteomic data were performed 
on all samples to identify outliers. A sample was considered 
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Reactome pathway ORA enrichment

Input proteins that were up- or down-regulated in sepsis 
patients compared to healthy controls, meeting an adjusted p 
value < 0.05 and a fold change ≥ 2.5, were mapped to Entrez 
gene identifiers and assessed using Reactome pathway 
over-representation analysis (ORA). Reactome (package: 
reactome.db (v)) is based on the hierarchical grouping of 
known reactions, such as bindings, reactions, or modifica-
tions, between proteins. Enrichment analysis was completed 
using the clusterProfiler package, specifying a minimum set 
size of 10 and a maximum set size of 500. These parameters 
indicated the minimum and maximum number of proteins 
in a Reactome pathway to be tested for over-representation.

Reactome pathway enrichment was assessed using over-
representation analysis to determine whether significantly 
differentially expressed proteins were enriched within indi-
vidual pathways beyond what would be expected by chance. 
Statistical significance was evaluated using the hypergeo-
metric test implemented in clusterProfiler, with p values 
adjusted for multiple testing using the Benjamini-Hochberg 
method. Pathways with adjusted p values < 0.05 were con-
sidered significantly enriched. Odds ratios (OR) were cal-
culated as a ratio of the observed to expected differentially 
expressed proteins per pathway. Pathway directional activity 
was assessed using Z-scores calculated as Z = (Su - Sᵈ)/√N, 
where N is the total number of proteins in the pathway, and 
Su and Sᵈ represent the number of significantly up-regulated 
and down-regulated proteins, respectively.

Reactome pathway GSEA enrichment

To corroborate the findings of the ORA Reactome enrich-
ment, gene set enrichment analysis (GSEA) was performed 
(fgsea R package) to determine whether sets of proteins 
involved in pathways of interest tended to be over-repre-
sented (enriched) at the extremes of an ordered list of pro-
teins. This ordered list of proteins was created by ranking all 
proteins from high to low according to a statistic. The mini-
mum gene set size tested was 15, and all pathways below this 
threshold were excluded. The maximum gene set size tested 
was 500, with all pathways above this threshold excluded. 
The statistical significance (nominal p value) of the over-
representation was evaluated using a method based on an 
adaptive multi-level split Monte Carlo scheme. Enrichment 
score (ES), normalized enrichment score (NES), enrichment 
p value (p) and FDR-adjusted p value (p(adj.)) were deter-
mined for each pathway.

an outlier if it failed two or more of the following objec-
tive statistical criteria: Sum of Euclidean distance to other 
samples, Kolmogorov-Smirnov test statistic, Mean Pearson 
correlation with other samples, or Hoeffding’s D statistic. 
Data were visually interrogated using principal component 
analysis and kernel density estimates to visually identify 
outliers. Two samples (both sepsis patients) were excluded 
after failing quality assessment.

Conventional statistics

Cohort demographic and clinical characteristics were col-
lected as described. Continuous variables were reported as 
medians with interquartile ranges (IQRs), and categorical 
variables as counts (n) with percentages (%). Normalized 
proteomic data were used to identify plasma proteins that 
differed significantly between sepsis patients and healthy 
control subjects. Statistical comparisons were conducted 
using empirical Bayes moderated t-tests. A statistical 
threshold of false discovery rate (FDR)-adjusted p < 0.05 
was used to define significantly different protein levels. Vol-
cano plots were generated to visualize fold changes, such 
that a positive log2 (fold change) was selected to indicate 
up-regulation in sepsis patients relative to healthy controls 
and a negative log2 value indicated the downregulation in 
sepsis patients relative to controls.

Machine learning and feature selection

To identify predictive protein biomarkers from high-
dimensional data, we evaluated three ensemble decision 
tree classifiers: (1) Random Forest Classifier (RFC) [28], 
(2) Extremely Randomized Trees Classifier (ETC) [29], and 
(3) Gradient Boosting Classifier (GBC) [30]. These were 
combined with Boruta feature selection [31] to identify the 
features (proteins) best able to identify class membership 
(scikit-learn version 1.6). Each patient’s protein expression 
profile was represented as a 1463-dimensional feature vec-
tor derived from 1472 proteins after averaging and resolv-
ing of duplicated protein features. GBC was selected as the 
optimal classifier based on its parsimony in feature selec-
tion and computational efficiency, and was combined with 
Boruta feature selection (Boruta-py version 0.4.3) [31] to 
identify important features in sepsis patients versus healthy 
controls. High-dimensional data were visualized using 
t-SNE projection into 2D space. Due to limited sample size, 
model performance was assessed through feature stability 
analysis rather than traditional cross-validation.
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Results

Study population and clinical characteristics

Our final cohorts consisted of pediatric sepsis patients with 
age- and sex-matched healthy control subjects. The demo-
graphic details of the sepsis patients are shown in Fig. 1A. 
In brief, the sepsis group had a median age of 13 years 
(IQR 10–15) with 12 (71%) male patients. Twelve (71%) 
had confirmed sepsis (culture positive) while 5 (29%) were 
classified as suspected sepsis (culture negative). Comorbidi-
ties were present in 12 patients (71%), with 4 (24%) having 
multiple comorbidities. Bacterial infections were reported 
in 10 patients (59%), with respiratory tract infections being 
the most common infection site (6 patients, 35%). Chest 
radiograph abnormalities were documented in 12 patients 
(71%).

Clinical severity was substantial (Fig. 1A), with a median 
Glasgow Coma Scale score of 10 (IQR 6–15) and median 
PRISM III score of 9 (IQR 5–14). The median PIM-2 
mortality risk was 9.2% (IQR 5.3%-13.2%) and median 
PELOD-2 score was 6 (IQR 4–7). Most patients required 
intensive interventions, 12 (71%) needed invasive mechani-
cal ventilation and 13 (76%) required vasopressor support. 
The median PICU length of stay was 6 days (IQR 2–10) 
with a median total hospital stay of 15 days (IQR 9–20).

Variable associations revealed significant correlations 
between clinical factors (Fig. 1B, C). A strong association 
was observed between higher numbers of comorbidities 
and prolonged hospital stays, as reflected by the black color 
in the continuous association heatmap and the red color in 
the discrete significance heatmap. A significant correlation 
between the PIM-2 and PELOD-2 scores was observed, 
indicating consistency between these severity assessment 
tools and highlighted by the dark blue color in the continu-
ous heatmap and the red color in the discrete heatmap.

Sample quality assessment and data distribution

Quality control analysis identified two outlier samples 
within the sepsis cohort that were subsequently excluded 
from downstream analysis. Kernel density estimation dem-
onstrated similar overall distribution patterns between the 
groups (Fig.  2A). Principal component analysis revealed 
distinct clustering patterns, with healthy controls forming a 
tight cluster while sepsis patients displayed greater hetero-
geneity with clear separation from the controls (Fig. 2B). 
The plasma proteome of children with sepsis was distinct 
and easily separable from the plasma proteome of healthy 
control subjects (Fig.  2B). A correlation heatmap with 
Euclidean clustering analysis confirmed stronger within-
group correlations in the healthy controls than in the sepsis 

Pathway association with clinical variables

Associations between pathways and clinical variables were 
analyzed using a graph network approach. Pathways and 
clinical variables were represented as distinct node types in 
a bipartite graph, with edges denoting the degree of associa-
tion. Significant pathways were identified using over-repre-
sentation analysis (ORA) or gene set enrichment analysis 
(GSEA). The proteins linked to each significant pathway 
served as intermediaries to evaluate correlations with clini-
cal variables. For each protein, two features were assessed: 
the correlation (ρ) with the clinical variable, and the pro-
tein’s relative importance (R) in terms of its differential 
expression compared to the control group.

The clinical data included 16 features (excluding various 
identifiers), comprising both binary features (such as sex 
and ventilation interventions) and continuous features (such 
as age or risk scores). Additionally, features such as patho-
gen source, pathogen type, and comorbidities with multiple 
ordinal values were converted to one-hot encoded binary 
features. Correlation coefficients (ρ) were calculated using 
Pearson’s correlation for continuous variables and point 
biserial correlation for comparisons of binary and continu-
ous features. The relative importance R, inspired by the vol-
cano plot, incorporated both impact (log2 fold change) and 
significance (− log10 adjusted p value). The relative impor-
tance R was calculated as the square root of the sum of the 
squares of impact and significance. For each statistically 
significant pathway, the proteins in the leading edge of the 
pathway were selected and their weighted correlations with 
a given clinical variable (wi = ρiRi) were summed to provide 
an edge weight in the bipartite graph, joining the nodes for 
the pathway and the clinical variable.

Protein-protein interactions

Protein-protein interaction networks were constructed 
using the STRING database (version 12.0) with a mini-
mum interaction score of 0.700 (high confidence). Differ-
entially expressed proteins (FDR p < 0.05) were mapped 
to gene identifiers and analyzed for interactions based on 
experimental data, curated databases, co-expression, text-
mining, and protein homology. Disease-gene associations 
were evaluated using the DISEASES database [32]. Dif-
ferentially expressed proteins were tested for enrichment in 
disease categories using the hypergeometric test with Ben-
jamini-Hochberg FDR correction. Significant associations 
(FDR p < 0.05) with ≥ 4 genes were visualized, with bubble 
size indicating gene count and color reflecting significance 
level.
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patient sample relative to the average across all samples is 
shown in Fig. 3B, indicating distinct patterns of plasma pro-
tein expression levels in sepsis patients compared to healthy 
controls. Figure 3C lists the 37 most differentially expressed 
plasma proteins in sepsis patients in rank order.

In overview, the levels of several circulating plasma 
proteins were higher in patients with sepsis than in healthy 
controls. Among the top 37 DEPs (Fig. 3C), 28 were sig-
nificantly upregulated and 9 were downregulated (adjusted 
p value ≤ 0.05) in sepsis patients. Calcitonin-related poly-
peptide alpha (CALCA; FC 61.406; adj. p value 4.75e-21), 
tumor necrosis factor superfamily member 14 (TNFSF14; 
FC 7.994; adj. p value 1.35e-15), and asialoglycoprotein 

patients and revealed marked differences between these two 
groups (Fig. 2C).

Differential protein expression analysis

Differentially expressed proteins (DEPs) in the plasma of 
sepsis patients relative to the plasma proteins in healthy 
controls are shown in a volcano plot (Fig. 3A), with positive 
values indicating upregulated protein levels and negative 
values indicating downregulated protein levels. In total, 626 
plasma proteins were significantly different in sepsis and 
healthy controls, of which 399 were upregulated and 227 
were downregulated. A heatmap of protein levels in each 

Fig. 1  Demographic and clinical characteristics of the sepsis cohort. 
A Summary of patient demographics and biochemical parameters 
for pediatric sepsis patients and healthy controls, including age, sex 
distribution, and key clinical laboratory values. B Continuous asso-
ciation heatmap displaying pairwise correlations between all demo-
graphic and clinical variables. Association strength is represented by 
color intensity based on − log₁₀ transformed p values, ranging from 

white (non-significant associations) to black (highly significant asso-
ciations, p < 0.001). C Discrete significance heatmap showing statisti-
cal relationships between all study variables with categorical signifi-
cance thresholds, where white indicates non-significant associations 
(p ≥ 0.05), pink indicates nominally significant associations (p < 0.05), 
and red indicates associations significant after FDR correction
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Fig. 2  Quality control assessment and sample clustering analyses. A 
Kernel density estimates displaying the normalized protein intensity 
distributions for each individual sample. Overlapping distributions 
indicate consistent data quality and comparable dynamic ranges across 
samples. B Principal component analysis (PCA) scatter plot showing 
the first two principal components (PC1 and PC2) derived from the 
normalized proteomics dataset. Each point represents an individual 
patient; blue: healthy controls, green: sepsis patients. Spatial separa-

tion between groups indicates distinct proteomic profiles. C Hierarchi-
cal clustering heatmap displaying pairwise Pearson correlation coef-
ficients between all samples based on normalized protein expression 
profiles. Samples are shown on both axes, with color intensity indicat-
ing correlation strength (yellow: high correlation, r > 0.8; purple: low 
correlation, r < 0.5). Dendrograms (top, left not shown) illustrate hier-
archical relationships based on Euclidean distance, with sample anno-
tations indicating clinical cohort, age, and relevant clinical variables
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Machine learning classification and feature 
selection

The gradient boosting classifier combined with Boruta fea-
ture selection identified 56 proteins that were optimal for 
distinguishing sepsis patients from healthy controls (Sup-
plementary Fig. 1A and B). Supplementary Fig. 1A displays 

receptor 1 (ASGR1; FC 3.924; adj. p value 9.85e-15) lev-
els were increased in sepsis patients relative to healthy con-
trols, whereas TNF superfamily member 11 (TNFSF11; FC 
− 12.201; adj. p value 9.85e-15), cathepsin V (CTSV; FC 
− 5.237; adj. p value 2.27e-13), and TNF superfamily mem-
ber 12 (TNFSF12; FC − 3.532, adj. p value 3.72e-13) levels 
were the most significantly downregulated proteins in sepsis 
patients.

Fig. 3  Differential protein expression between pediatric patients with 
sepsis and healthy control subjects. A Volcano plot depicting signifi-
cance versus magnitude of protein expression changes. The x-axis rep-
resents the log2 fold change, while the y-axis displays − log10 trans-
formed p values. Proteins with significant differences between samples 
are shown in red, indicating up-regulation, or blue, indicating down-
regulation. B Heatmap showing protein intensity per sample relative 

to the average level across all samples. Individual proteins are shown 
on the Y axis while samples are shown along the X axis. Red and blue 
cells correspond to higher and lower protein levels, respectively. C A 
list of the 37 plasma proteins (IL6 repeated 4 times) that were differ-
entially expressed (adj. p < 0.05) in sepsis patients relative to controls. 
Proteins upregulated in sepsis patients are shown in red and downregu-
lated proteins are shown in blue
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in Immune System” (NES 1.85; adj. p value 1.10e-06). Con-
versely, “Axon Guidance” (NES − 1.79; adj. p value 0.002) 
and “Nervous System Development” (NES − 1.79; adj. p 
value 0.002) were the most significantly enriched pathways 
amongst the downregulated proteins (Fig. 6B).

As shown in Fig. 7, the GSEA-identified pathways with 
the greatest clinical variable associations were GPCR-asso-
ciated pathways (ligand binding and signaling) and inter-
leukin signaling pathways. Associations between multiple 
GSEA pathways and Gram-negative pathogen infections 
were also evident.

Network analysis

STRING protein-protein interaction network analysis 
revealed that the differentially expressed proteins in the 
plasma of sepsis patients formed highly interconnected 
functional networks with significant interactions (Fig. 8A). 
Several proteins emerged as highly connected network 
hubs, including IL-6, CRP, IFNG, IL-10, CXCL8, and 
CXCL10. Disease association enrichment analysis demon-
strated significant associations between these network hubs 
and clinically relevant disease categories (Fig.  8B). The 
most significant associations were with respiratory diseases 
including coronavirus infectious disease, COVID-19, respi-
ratory failure, pneumonia, and ARDS. Additional associa-
tions included leukopenia and lymphopenia (Fig. 8B).

Discussion

This exploratory case-control cohort study utilized high-
throughput proteomic profiling to characterize the molecular 
landscape of pediatric sepsis and resulted in the identifi-
cation of 626 differentially expressed plasma proteins in 
patients with sepsis. Machine learning demonstrated that 
a minimal set of 9 protein biomarkers were able to distin-
guish sepsis patients from healthy controls, while pathway-
level analysis provided novel insights into the complex, 
network-driven pathophysiology of pediatric sepsis. Our 
pathway enrichment analyses demonstrated that pediatric 
sepsis is characterized by dysregulation of multiple biologi-
cal networks, the most notable being interleukin signaling 
pathways (IL-10, IL-4, IL-13), neutrophil degranulation, 
ECM degradation, and metabolic reprogramming. Network 
analyses revealed distinct patterns of pathway activation, 
and that the degree of immune pathway dysregulation was 
associated with organ dysfunction severity.

The clinical characteristics of our pediatric sepsis cohort 
align with previously published literature [33, 34]. The 
predominance of bacterial infections and respiratory tract 
involvement reflects established epidemiological patterns in 

the top 20 of 56 proteins ranked by their relative impor-
tance as determined by the gradient-boosting classifier and 
the Boruta feature selection method. Assessing all 56 pro-
teins effectively separated the two groups into distinct clus-
ters using t-SNE dimensionality reduction (Supplementary 
Fig. 1B).

Feature reduction revealed that 9 proteins, TNFRSF10A, 
FAP, IL-4R, CALCA, CCL3, CCL7, CTSV, RGMA, and 
TNFRSF1B, accounted for 90% of the total feature impor-
tance within the machine learning model used to classify 
patients with sepsis (Supplementary Fig. 2A and B). Sup-
plementary Fig. 2A displays the 9 proteins ranked by their 
relative importance as determined by the gradient-boosting 
classifier and the Boruta feature selection method, which 
were able to separate the two groups into distinct clusters 
using t-SNE dimensionality reduction (Supplementary 
Fig. 2B). Notably, the top 3 proteins were able to provide 
sufficient discrimination for class separation (Supplemen-
tary Fig. 3). Supplemental Fig. 4 displays the cutoff points 
that enabled identification of these 9 proteins.

Pathway enrichment analysis

ORA (over-representation analysis) identified 8 signifi-
cantly enriched Reactome pathways in the plasma proteome 
of sepsis patients (Fig. 4A). Interleukin-10 signaling (S/N 
60.00%; OR 8.99; Z-score 3.29; adj. p value 4.72e-06) 
emerged as the most significantly enriched pathway, fol-
lowed by other interleukin signaling pathways and extracel-
lular matrix (ECM) degradation. Bubble plot visualization 
(Fig.  4B) illustrates that most of these enriched pathways 
had positive Z-scores, reflecting a general trend toward 
upregulation of pathway components in sepsis patients. 
Of note, directionality (up- or down-regulation) reflects 
the expression patterns of individual proteins within these 
enriched pathways rather than coordinated pathway-level 
regulation. Network analysis revealed associations between 
enriched pathways and clinical variables (Fig. 5). “Cytokine 
Signaling in the Immune System” and “Immune System” 
pathways were identified as having the greatest number of 
clinical associations. Among clinical variables, the most 
extensive pathway associations were with gastrointestinal 
comorbidities, Gram-negative pathogens, and respiratory 
infection sources.

GSEA analysis identified 25 significantly enriched Reac-
tome pathways (Fig. 6A). Twenty pathways were associated 
with over-representation of upregulated proteins, while 5 
pathways exhibited over-representation of downregulated 
proteins. The pathways with the highest significance among 
upregulated protein sets included “Immune System” (NES 
1.78; adj. p value 2.32e-09), “Signaling by Interleukins” 
(NES 2.01; adj. p value 2.87e-07), and “Cytokine Signaling 
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Fig. 4  Functional enrichment using over-representation analysis 
(ORA). A Table of significantly enriched Reactome pathways iden-
tified by over-representation analysis comparing sepsis patients to 
healthy controls. Pathways are ranked by adjusted p value (FDR 
p < 0.05). Additional columns display the number of differentially 
expressed proteins mapping to each pathway, total pathway size, 
enrichment ratio, and combined enrichment score. B Bubble plot visu-

alizing pathway enrichment results. The y-axis represents statistical 
significance as − log₁₀ (adjusted p value), and the x-axis shows the 
directional enrichment z-score. Positive z-scores indicate predominant 
upregulation; negative z-scores indicate predominant downregulation. 
Bubble size is proportional to pathway size (total number of proteins), 
and bubble color represents the fraction of proteins within the pathway 
that are differentially expressed
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calcitonin (and its precursor, procalcitonin [PCT]) and 
CGRP through tissue-specific alternative splicing. While 
PCT levels were associated with sepsis severity and are 
widely used as a clinical biomarker, the role of CGRP is 
less clearly defined. CGRP is a vasoactive neuropeptide that 
promotes the release of proinflammatory cytokines and sup-
ports a Th17-mediated immune response [37]. In addition, 
we identified TNFSF14, a key activator of both innate and 
adaptive immune responses [38], and ASGR1, the major 
subunit of the asialoglycoprotein receptor (ASGR) that 
contributes to immune regulation by clearing desialylated 
glycoproteins from circulation, removing apoptotic cells, 
activating lymphocytes, and promoting additional inflam-
matory processes [39]. Finally, IL6, a classic proinflamma-
tory cytokine and endogenous pyrogen, was upregulated in 
the plasma of sepsis patients. While IL6 upregulation is not 
specific to sepsis, it is commonly associated with infection 

pediatric sepsis. The high prevalence of comorbidities and 
the substantial requirement for intensive interventions, such 
as mechanical ventilation and vasopressor support, under-
score the severity of illness in our cohort and are consis-
tent with mortality risk factors identified in larger pediatric 
sepsis studies. The median age of 13 years in our cohort 
was higher than what is typically reported in pediatric sep-
sis literature [35, 36], possibly reflecting referral patterns 
to our tertiary care center or seasonal variation in sepsis 
epidemiology.

The 626 dysregulated plasma proteins identified by 
PEA analysis included 399 upregulated and 227 down-
regulated proteins. Proinflammatory mediators involved in 
immune system activation, including CALCA, TNFSF14, 
and ASGR1, were among the most overexpressed pro-
teins. CALCA was a notable finding, given its established 
role in systemic inflammation and sepsis. CALCA encodes 

Fig. 5  Network visualization of pathway-clinical variable associations 
from over-representation analysis. Network diagram illustrating sig-
nificant correlations between enriched Reactome pathways (identified 
by ORA) and clinical/demographic variables. Pathways and clinical 
variables are represented as nodes, with node size proportional to the 

number of significant connections. Edges represent significant cor-
relations, with edge color indicating correlation direction and magni-
tude: red for positive correlations, blue for negative correlations (color 
intensity reflects correlation strength). Only correlations with r ≥ 0.5 
and p < 0.05 are displayed to enhance interpretability
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inflammation and cell death, has been previously reported 
to be depleted in sepsis [42]. CTSV has been associated 
with increased production of IL-6, tumor necrosis factor 
(TNF), and C-X-C motif chemokine ligand 15 (CXCL15), 
consistent with multiple roles in the inflammatory response. 
The implications of CTSV downregulation in sepsis are 
currently unclear. Possibilities include immune system dys-
regulation and impaired cellular migration, consistent with 
its established roles in elastin degradation [43].

Machine learning identified 56 plasma proteins that could 
be used to clearly separate sepsis patients from healthy con-
trols. Notably, only nine of these proteins, TNFRSF10A, 
FAP, IL-4R, CALCA, CCL3, CCL7, CTSV, RGMA, and 
TNFRSF1B, were sufficient to account for 90% of the 
total feature importance and were sufficient to distinguish 
between these two groups. TNF receptor superfamily mem-
ber 10 A (TNFRSF10A) is a cell surface receptor involved 
in apoptosis, inflammation, and necrosis. TNFRSF10A 
binds TNF-related apoptosis-inducing ligand (TRAIL) to 
activate NF-κB inflammatory and death receptor signal-
ing pathways [44]. Fibroblast activation protein (FAP) is 
a serine protease expressed by activated fibroblasts during 
inflammation. FAP has a wide range of substrates, including 
lysyl oxidase-like 1 (LOXL1), CXCL5, colony-stimulating 
factor 1 (CSF-1), and C1q and TNF related 6 (C1QTNF6), 
consistent with central roles in inflammation, ECM remod-
eling, and fibrinolysis [45, 46]. Interleukin-4 receptor (IL-
4R) binds interleukin-4 (IL-4), a cytokine with a significant 
regulatory role in the inflammatory response [47]. Chemo-
kine ligand 3 (CCL3) recruits immune cells and is previ-
ously reported to be elevated during sepsis [48]. Chemokine 
ligand 7 (CCL7) attracts monocytes, eosinophils, basophils, 
dendritic cells, NK cells, and activated T lymphocytes [49]. 
Repulsive guidance molecule A (RGMA), expressed in leu-
kocytes and epithelial cells, inhibits leukocyte migration and 
dampens inflammatory responses [50] and may contribute 
to the altered immune regulation observed in sepsis. TNF 
receptor superfamily member 1B (TNFRSF1B) is involved 
in NF-κB and IL-6 signaling and activates lymphokine-
activated killer cells and NK cells. It also regulates cellular 
proliferation, apoptosis, and cytotoxicity. In sepsis, elevated 
levels of its soluble form may act as a buffer against exces-
sive cytokine responses [51].

Our pathway enrichment analyses revealed the dys-
regulation of immune and inflammatory networks extend-
ing beyond isolated biomarker abnormalities. Both ORA 
and GSEA converged on interleukin signaling as a central 
node of dysregulation, with IL-10 signaling emerging as 
the most significantly enriched pathway. IL-10 functions 
primarily by inhibiting proinflammatory cytokine produc-
tion in myeloid cells, NK cells, and T lymphocytes, with 
expression levels correlating with inflammatory response 

and inflammation, making it a confirmatory, albeit nonspe-
cific, biomarker in the context of sepsis [40].

Several of the plasma proteins that were reduced in sep-
sis patients compared to healthy controls, such as TNFSF11, 
TNFSF12, and CTSV, also have established roles in immune 
responses. TNFSF11 is a type II transmembrane protein that 
attenuates macrophage proinflammatory responses [41] 
and TNFSF12, which plays a key regulatory role in both 

Fig. 6  Functional enrichment analysis using Gene Set Enrichment 
Analysis (GSEA). A Table of significantly enriched Reactome path-
ways identified by gene set enrichment analysis comparing the ranked 
protein expression profiles of sepsis patients versus healthy controls. 
Pathways are ranked by normalized enrichment score (NES), with 
FDR p < 0.05 considered significant. Additional columns include nor-
malized enrichment score (NES), FDR-adjusted p value, leading edge 
size (number of core enrichment proteins), and enrichment direction 
(upregulated: red; downregulated: blue). B Bubble plot displaying 
GSEA enrichment results. The y-axis represents − log₁₀ (adjusted p 
value), and the x-axis shows the directional enrichment z-score. Posi-
tive z-scores indicate pathways enriched in upregulated proteins; nega-
tive z-scores indicate pathways enriched in downregulated proteins. 
Bubble size corresponds to total pathway size
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damage through release of proteolytic enzymes and inflam-
matory cytokines. Neutrophil extracellular traps (NETs) 
composed of DNA and antimicrobial proteins are abun-
dantly released during sepsis and contribute to endothelial 
dysfunction and organ failure in sepsis [52, 53]. The concur-
rent downregulation of PI3K/Akt signaling provides mecha-
nistic insight into neutrophil dysfunction, as this pathway 
is essential for oxidative burst and phagocytic capacity. 
Murine sepsis models demonstrate that PI3K inhibition 
markedly impairs neutrophil antimicrobial functions, con-
sistent with pathway suppression and functional exhaustion 
of these cells, despite the quantitative neutrophilia seen in 
sepsis [52, 53].

Dysregulation of the growth hormone/insulin-like 
growth factor (GH/IGF) axis identified through GSEA sug-
gests the possibility of metabolic reprogramming during 

intensity [52, 53]. This finding highlights the delicate bal-
ance between hyperinflammation and compensatory immu-
nosuppression characteristic of sepsis. The enrichment of 
IL-4 and IL-13 signaling pathways further illustrates this 
immunological reprogramming. These interleukins promote 
Th2 polarization, drive macrophage differentiation toward 
anti-inflammatory M2 phenotypes, suppress Th1-mediated 
proinflammatory responses, and enhance expression of IL-1 
receptor antagonist and IL-1 receptor type II [47]. Their 
upregulation is consistent with a systemic shift toward 
immunosuppression that may render patients vulnerable to 
secondary infections.

GSEA uniquely identified significant enrichment of neu-
trophil degranulation pathways, indicating dysregulated 
innate immune cell function. While neutrophil degranula-
tion aids pathogen clearance, overactivation causes tissue 

Fig. 7  Network visualization of pathway-clinical variable associations 
from Gene Set Enrichment Analysis. Network diagram displaying sig-
nificant correlations between enriched Reactome pathways (identified 
by GSEA) and clinical/demographic variables measured in the study 
cohort. Nodes represent either pathways or clinical variables, with 
node size proportional to connectivity (number of significant edges). 

Edges indicate significant correlations between pathway enrichment 
scores and clinical parameters, colored by correlation direction: red 
for positive correlations, blue for negative correlations (color satura-
tion reflects correlation magnitude). Only associations with r ≥ 0.5 and 
p < 0.05 are visualized to highlight the most robust pathway-phenotype 
relationships
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biological pathway activation, rather than uniform immune 
responses. ORA analysis identified extensive clinical asso-
ciations with cytokine signaling and other immune system 
pathways, while GSEA identified GPCR-associated path-
ways and interleukin signaling as highly connected network 
hubs. Importantly, immune system pathways were consis-
tently associated with illness severity metrics, particularly 
PELOD-2 scores, suggesting that the degree of pathway 
dysregulation is associated with organ dysfunction sever-
ity, with potential to serve as biological readouts of disease 
progression [57]. Notably, Gram-negative bacterial infec-
tions were associated with multiple pathways in both ORA 
and GSEA analyses, possibly reflecting the potent immu-
nostimulatory properties of lipopolysaccharides that drive 
widespread NF-κB activation and cytokine production [58]. 
Similarly, extensive pathway connections with respiratory 
tract infections were observed, potentially reflecting the 
unique immunological environment of the lung and its large 
capillary surface area that can facilitate the dissemination of 
systemic inflammatory mediators [59]. Additionally, gastro-
intestinal comorbidities emerged as strongly associated with 
pathway dysregulation, consistent with the hypothesis that 
underlying gut pathology may prime or modify systemic 
immune responses during sepsis [60]. Collectively, these 
pathogen- and site-specific associations suggest that pedi-
atric sepsis encompasses distinct endotypes with different 
underlying biological mechanisms, supporting the potential 
for pathway-based patient stratification and precision thera-
peutic targeting [61].

Protein-protein interaction network analysis using the 
STRING database revealed that differentially expressed 
proteins in pediatric sepsis form highly interconnected func-
tional networks, with 86% of proteins showing at least one 
significant interaction. This extensive connectivity indicates 
that sepsis-induced proteomic changes reflect dysregulation 
of biological networks rather than isolated molecular events 
[62]. Several proteins, including IL6, CRP, IFNG, IL-10, 
CXCL8, and CXCL10, emerged as highly connected hubs 
with more than 15 interactions each, suggesting that these 
molecules serve as central regulatory nodes in the sepsis 
response. The identification of hub proteins is particularly 
valuable for therapeutic development, as these highly con-
nected nodes may represent leverage points where targeted 
interventions could produce cascade effects throughout the 
network [63]. Disease association enrichment analysis dem-
onstrated that this differentially expressed protein signature 
had significant overlap with known disease-associated gene 
sets, validating the clinical relevance of our findings. The 
strongest disease association enrichment was with respi-
ratory diseases, including coronavirus infectious disease, 
COVID-19, respiratory failure, pneumonia, and acute respi-
ratory distress syndrome [64]. The prominent COVID-19 

critical illness. Sepsis disrupts this axis through reduced 
pulsatile GH secretion and increased GH resistance, evident 
as decreases in IGF-1 and IGF binding protein − 3 (IGFBP-
3) that are concurrent with increases in IGFBPs-1, -2, and 
− 6. Elevated levels of proinflammatory cytokines such as 
TNF, IL-1, and IL-6 drive catabolic processes including 
lipolysis and proteolysis [52, 53]. This endocrine dysregula-
tion contributes to muscle wasting, impaired wound heal-
ing, and prolonged recovery, underscoring the inextricable 
link between metabolic and immunological dysfunction in 
pediatric sepsis.

ORA identified significant enrichment of ECM degrada-
tion pathways, potentially a reflection of widespread tissue 
damage. Excessive activation of matrix metalloproteinases 
(MMPs), a disintegrin and metalloproteinase with throm-
bospondin motifs (ADAMTS), and other matrix-associated 
enzymes can result in ECM breakdown, barrier dysfunc-
tion, and microvascular leak. Elevated collagen fragments 
detected in blood and bronchoalveolar lavage fluid of sepsis 
patients may serve as biomarkers of ongoing tissue injury, 
while reduced collagen synthesis contributes to impaired 
repair [54–56]. ECM fragments also function as damage-
associated molecular patterns that perpetuate inflammation, 
creating a cycle of tissue damage and immune activation.

An unexpected finding from GSEA was the downregula-
tion of neural guidance pathways, including axon guidance 
and L1 cell adhesion molecule (L1CAM) signaling. While 
traditionally associated with nervous system development, 
neural guidance molecules like netrin-1 are increasingly 
being recognized as immunomodulators. While netrin-1 
normally limits neutrophil infiltration and promotes inflam-
matory resolution, its suppression during bacterial infection 
facilitates increased neutrophil recruitment [44]. L1CAM 
pathway activation normally promotes cell migration and 
tissue invasion, and while downregulation could be inter-
preted to suggest disruption of leukocyte trafficking and 
endothelial barrier function, the roles of this pathway in 
acute inflammation remain poorly characterized and in need 
of further investigation [55, 56].

Network analyses linking enriched pathways to clinical 
variables (Figs. 5 and 7) indicated that specific pathogen 
types and infection sources triggered distinct patterns of 

Fig. 8  Protein-protein interaction network and disease association 
analysis. A STRING database protein-protein interaction network of 
differentially expressed proteins in pediatric sepsis. Nodes represent 
individual proteins (gene symbols shown). Edge colors indicate evi-
dence type: cyan (curated databases), magenta (experimental), green 
(gene neighborhood), red (gene fusions), blue (co-occurrence), yellow 
(text-mining), black (co-expression), purple (protein homology). Line 
thickness reflects interaction confidence score. Minimum interaction 
score: 0.700 (high confidence). B Disease-gene association enrichment 
from DISEASES database. X-axis shows − log₁₀(FDR), bubble size 
indicates gene count (4–9 genes), and color represents significance 
level (light green: FDR ~ 10⁻⁹; dark blue: FDR ~ 10⁻⁶)
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cannot. While machine learning identified a minimal 9-pro-
tein signature distinguishing sepsis from health, pathway-
level analysis highlighted additional complexity of sepsis 
pathophysiology including the dysregulation of interleukin 
signaling networks (notably IL-10, IL-4, and IL-13), neutro-
phil degranulation, growth hormone axis disruption, ECM 
degradation, and neural guidance pathways. Network anal-
yses demonstrated correlations between immune pathway 
dysregulation and organ dysfunction severity (PELOD-2 
scores). Protein-protein interaction analysis identified highly 
connected hub proteins, IL-6, IL-10, CXCL8, CXCL10, as 
central regulatory nodes, while disease association enrich-
ment revealed convergent host response pathways across 
different infectious etiologies. These findings suggest that 
pathway-based biomarker analyses may provide biological 
readouts of disease progression and enable endotype-spe-
cific patient stratification superior to conventional severity 
scores or individual protein biomarkers. However, valida-
tion in larger, multicenter cohorts with longitudinal sam-
pling and outcome-focused endpoints will be required to 
translate these pathway-level insights into clinically action-
able tools for risk stratification and precision immunomodu-
latory therapy in pediatric sepsis.
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association is particularly noteworthy given that our cohort 
consisted primarily of bacterial sepsis cases without SARS-
CoV-2 infection. This unexpected convergence suggests 
that severe bacterial sepsis and severe viral infections acti-
vate overlapping host response pathways, indicating that 
fundamental mechanisms of critical illness may be con-
served across different infectious etiologies [65, 66]. Addi-
tional disease association enrichment for leukopenia and 
lymphopenia reflected the systemic immune dysfunction 
characteristic of sepsis, further validating that our proteomic 
signature captures clinically relevant pathophysiology [62]. 
These network and disease association analyses provide 
complementary perspectives, with interaction networks 
revealing how proteins might function together mechanisti-
cally, while disease associations confirm that these molecu-
lar patterns correspond to recognizable clinical syndromes.

Our study has several important methodological limita-
tions that must be considered when interpreting our find-
ings. First, this single-center exploratory study assessed a 
relatively small sample size, and our findings will require 
validation in larger, independent cohorts. Given the limited 
sample size, the protein signature identified in this study 
should be viewed as a set of prioritized candidates for future 
investigation rather than a definitive diagnostic tool, and 
the results should be interpreted as exploratory indicators 
of pathway-level changes rather than conclusive evidence 
of activation. Second, our cohort’s median age of 13 years 
is substantially higher than typical pediatric sepsis popula-
tions, limiting generalizability to younger children who may 
exhibit distinct immune responses. Third, samples were 
assessed at a single timepoint, preventing us from captur-
ing temporal evolution of sepsis pathophysiology or distin-
guishing disease severity from outcome prediction. Fourth, 
our limited sample size prevented stratification by disease 
severity, pathogen type, or infection source, and we did not 
examine associations with key clinical outcomes such as 
mortality, organ dysfunction, or ventilator duration. Fifth, 
our lack of sepsis mimic controls prevented us from dis-
tinguishing between sepsis-specific and generic critical ill-
ness responses. Furthermore, investigating additional sepsis 
etiologies and causative organisms would help to better 
delineate disease pathobiology. Despite these limitations, 
we maintain that this study provides robust exploratory sys-
tems-level insights into pediatric sepsis pathophysiology.

Conclusions

This exploratory proteomic study identified 626 differen-
tially expressed proteins in pediatric sepsis and demon-
strated that pathway enrichment analyses can provide novel 
biological insights that traditional single-biomarker analyses 
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